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A Fuzzy Inference Engine in Nonlinear Analog
Mode and Its Application to a Fuzzy Logic conirol

. Abstract-This pape-r is a tutoriar to enrighten outsiders orbeginners on a utility of a fuzzy system by p*iiOing U*"a ,."p"o":Ti..*, especially analog modi trarawa.., with the author,soriginal work At first, the diffe..nc. tet*.en aet.r.inistic wordsand fuzzy words is explained as well as t"zzylogl.. The descrip_tion of the system Ui ,.irg *.,f"r^",*rf'.qrrtionr, Iinguisticrules and parameter distribution (neural ,.i*it l are discussed.Th3 algorithm of fnzzy inference ,"a O.f"rrin."tion is presentedand their hardware implementation is air.uis.J in detaii t"g.it.iwith an advanced one..The fuzzy logic ;;;;;11". was apptied tostabitize a gtass with wine and u-rnoi.. ;;;l;; around the ptateon the tip of the inverted pendulum. ---o

I. iNtRooucnoN

H HHi 1ff i Ji,*: J il:; Ti, li":, H:" il:# :: :::11
is a very important concept to achieve the control of the tools.
The first significant work in feedback application was Jameswatt's flybair governor developed ;n tles for controiling
the speed of a steam engine. As modern ptants *iti, muniinputs and outputs become more and more compiex, the
description of a modern control system requires a large number'of equations. Classical control th.ory, which Oeuls only with
single-input-single-output systems, becomes entireiy power_

le^1^tor multiple-inpurmultiple_ourput sysrems. Since about
1960, modem control theory has been developed to cope with
the increased complexity of modern plants anO the stringent
requirements on accuracy, weight, and cost in military, sp-ace,
and industrial appiications t1]_i3]. This development has been
accelerated by a digital co*prt", because lt faciiitates asolution of simultaneous equations of many unknowns.

control technorogies described above are a[ based onmathematical equations such as differential equations and
relational equations. We, however, occasionally face chemical
plants, machines and some other system, ,o U. controlled,
the characteristics of which are very ditficult to describe withmathematical equations because of tn.i, complexity. Evenin these cases, human experts may achieve the control byknow-hows or control rules which are squeezed out fromtheir long experience and representea Uy liruitive natural
language. For instance, "If the pressure in the chamb et goeshigh, then the fuei suppiy should b" ,"du.ri-rfgrificantly and
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II. Fuzzy Sers aNo Fvzzy Locrc

the vaive should be a tittle bit opened.,, Knowledges (know-
hows) represented with the intuitive natural language is easily
expiained and understood by commor sense and thus 

"usyto remember. Further more, the number of knowtedges is
drastically reduced by employing intuitive natural language.

In most cases, the intuitive naturai language has lts am_
biguous boundary of meaning, whiie numericaj values and
deterministic linguistic terms used in artificiai intelligence are
we_11-defined. This type of natural language is referred to as
a fuzzy linguistic term and it is characterized by a so called
membership function. This concept was presente d as fuzzy sets
(strictly speaking, it is fuzzy subsets) Uy i_. n. Zadeh in 1965
t4l.

A software or hardware system, which gives a conclusion
(ou.tpuQ frgm a facr (input) and knowledgeJ lcontrol ruies), is
c.alled an inference engine. If the knowiedges include fuizy
linguistic terms, it is referred to as a yuzzy tnyerence engiiie
and can be utilized to a fuzzy logic controi.

In this paper, a fuzzy inference (approximate reasoning)
based on fuzzy sets and, fuzzy logic and a d,efuzzification are
briefly explained in comparison with other technologies and
their hardware implementation in ..nonlinear,, 

analog circuits
is described. The fuzzy inference engine and defuzzifier are
employed to control a liquid-contained inverted pendulum,
the dynamics of which is verv diffrcult, if not imptssible, to
describe with mathematicai equations.

A. Fuzzy Sets [aJ-[28]
Linguistic terms and numerical values are classified to three

categories in accordance with their meanings which are defined
by the characteristic functions.

Deterministic words, e.g., ,,maie,' and ,.female," ,.daud,,,
and "alive," the personal name ,.John,,' have truth values
of 0 or 1 corresponding to NO or yES, respectively. In
other words, if one is asked, ,,Ale you male?,,, ,.Are you
alive?," "Is your name John?,,' then answer can be made with
"YES" or "NO." Exact numerical value, e.g., ,.exactly 

260C,
"concentration of 0.1 Molll,,, ,,3gg,' etc., are in the same
situation. These deterministic words and numerical values
have neither flexibilities nor intervals. Those meanings are
characterized by a characteristic function as shown ii fig.
1(a). The word ',exactly 26oC,, means only one single poiit
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In our daily lif.e, fuzzy natural languages are used for easy

and efficient communication. Although these terms are usually
intuitive and inciudes some kinds of uncertainties, they are

very easy to seiect for practical use. For example, "Be careful
when you cany importanl documents." "High accuracy is a

measure of the technology." "Cool it a liltle bit more and a
solid will be deposited." The meaning of the fuzzy linguistic
term is defined by a characteristic function as shown in Fig.

1(c). This function is specifically called a membership function,
because it indicates a grade of membership of each element

(physical value in the horizontal axis) in a fuzzy linguistic
term of interest. For instance, a fuzzy linguistic terms "cold,"
"a little cool," "cool," "warm," "hotr" and t'very hot" are

indicated in Fig. 1(c). According to a common sense, a grade

of membership of 20"C in "a little cool" is undoubtedly 1.0.

In other words, you cafl answer "YES" to the question, "Is a

temperature of 20oC included in 'a iittle cool'?" On the other

hand, how about 0oC, 5oC,40oC, etc.? You may answer "NO"
to this question, i.e., grades of membership of 0oC, 5"C, 40oC

in "a little cool" are 0. How about 14oC and 23oC? You can

not give the answer "NO" nor "YES" to the same question.

The grades will be answered to be 0.4 and 0.8 corresponding

to 14oC and 23"C, respectiveiy. Of course, strictly speaking,

these grades are given by intuition or common sense, so that

the.shape of membership function changes a little from person

to person. In any way, a fuzzy linguistic term can be defined by
a membership function, and the membership function exhibits

a continuous curve changing from 0 to 1 or vice versa. And
this transition region represents a fuzzy boundary of the term.

If. the f:zy linguistic term inciudes a numerical value, e.g',

"around 20oC," "much higher than 30V0," it is called a fuzzy
number.

These fuzzy linguistic terms can be regarded as sets of
singletons, the grades of which are not only 1 but also ranging

from 0 to 1. Therefore, these fuzzy linguistic terms are called

fuzzy sets. Each singleton is an element of. lhe tazzy sets. A
fuzzy linguistic term, elements of which are ordered in the

universe of discourse, is called a fuzzy interval. An intewal
on horizontal axis where grades of membership are r,ot zero

is called support.
Fuzzy sets are defined by labels (e.g., high Pressure, around

20oC, a little, usually) and membership functions. While a

modern AI achieves only a symbolic processing with labels, a

fuzzy inf.ormation processing of a future artificial intelligence

achieves both of a symbolic processing with labels and a

meaning processing with membership functions.

A membership function can be represented by a piecewise

linear function, because important is the continuity betrveen 0

and 1 rather than the curvature of the membership function.

Parameters characterizing the shape and the iabel of the

membership function can be also obtained by learning, if
needed.

B. Fuzzy Logic [5]-[28]
Fwzy logic functions which are most popular in engineering

fieid are NOT (Fuzzy Logic Complement), MIN (Minimum;
Fuzzy Logic Product, Fuzzy Logic Intersection) and MAX
(Maximum; Fvzzy l-ogic Sum, Fuzzy Logic Union).

"a litt1e cool" "uaro"
"hotu!'cold'1

cool very hoE'r(rES) r.

0.5

(N0) 0

010203040
Tenperature T("C)

(")

Fig. 1. (a) A singleton, (b) a crisp interval (crisp sets), and (c) fuzzy sets.

of temperature at 26oC, so that this type of term or value is
called a stngleton.

Even in the scientific analysis, where exact values are
preferred, numerical intewals are sometimes used to represent
flexible values. For instance, "The comfortable room temper-
ature for'human beings is 20oC-30"C." Temperarures 19.9oC,
and 30.0001oC are not the case. Thus the characteristic func-
tion representing a numerical interval 20oC-30oC" is shown in
Fig. 1(b). Truth values for any temperatures are given by yES
or NO in this case as well as in a singleton. This interval can
be regarded aS a set of numerous singletons. Therefore this
type of deterministic interval is called crisp sets. Crisp sets
are also adopted to represent linguistic terms in knowledges
in artificial intelligence (AI).
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Fuzzy Logic Complement of. a fuzzy linguistic term ,,A,' is
defined by 1 - pla and means negation of ,.A,,' where pra is a
membership function of "A." Negation of ,.hot,, is ,.not hot,,,
and it is easily understood, by Fig. 1(c), that ,,not hot,, does
not necessarily mean "cold.',

The most popular fuzzy logic functions which implement
logical'AND" and logical ,,OR,, are MIN and MAX, respec_
tively, and defined by

Min{pra, FBt pCt..., t z) = 1,l,q. A tta A ltc A... A ttz

= ].tK (px I pt , pB, lrc,. . . 
, lrz)
(1)

M*{po, lf,B, 11c,...,t2): 1-leV l.tey I,Lcy...V ltz/\
- uL \llL 2_ l-1.\. l1B. l1C. .
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B.Lttg“′sr′θR“′ιs

A relation beween″ and√(r)can be described with a set
of linguistic rules,typical forn1 0f which is

Rule i: If r is .4;, then /(r) is B;, (f = 1, 2, . . . , N)

where u and /(r) are independent and dependent ,"r"Or:1]
respectively, A; and B; linguistic constants, and lY the number
of experimental data. These rules are referred to as IF-THEN
rules because of their form. An if-clause is referred to as an
antecedent and a then-clause as a consequent.

Linguistic rules can be classified to two categories with
respect to linguistic constants A; and Bi.

1) Linguistic Rules with Well-defined Languages (Crisp
IF-THEN Rules): In this category, all the linguistic constants
are represented by well-defined languages (crisp information
or exact numerical values), e.9., male, 80oC, 60oC-80"C, 9g
g, etc., as shown in Fig. 1(a) and (b). Modern AI belongs to
this category. Here we have an exampie shown in Fig. 2(b),
which gives the following crisp rules.

,μz)

(2)

where p4, FB,ltc,. .

ranging from 0 to 1

I pz arc grades of membership function

III. MoDELING oF THE SysTEu

In order to control the system of interest, we have to describe
the precise behavior of the system to design the controller. In
order to use the knowledge, we have to describe the knowledge_
effectively. The author classifies the description of the syst;
or knowledge to three categories: mathematical equations,
linguistic ruies and artificial neural networks.

A. Mathematical Equations

The traditional sciences have been based on mathematical
equations. Natural scientiflc phenomena and physical behavior
of the artificial system can be modeled with relational equa_
tions or differential equations. These equations describe the
dynamics or kinetics of the systems or the knowledge about
the system in a very simple form. If the relation between the
input r and the output /(r) of the system or the relation
between the cause z and the result /(r) is obtained as shown
in Fig. 2(a) from experiments, /(r) is described as

√(″)=島 ("-3)2 (3)

(5)

The advantage of this description is that it is very easy to
change the description of the system. For instance, when the
system is locally changed as indicated by squares shown in
Fig. 2(b), we have only to change the corresponding values
of the consequents in rhe IF-THEN rules (5), (e.g., Ruie 7:
1i30 to 1/20, Ruie 8:4130 to j,0157, Ruie 9: 9/30 to 2/5, Rule
10: 16130 to 5/9) because all the rules are independent of each
other. This means that IF-THEN ruies are suitable for learning
systems, self-organizing systems, adaptive systems, and so on.

On the other hand, there are some disadvantages. When the
fact x = *1 is given, the conclusion can be obtained to be 4/30
from the data-matching berween the fact and the antecedents
(if-clause) of rules. This procedure to produce the conclusion
is called inference. However, the fact r = f 1.5 cannot give
the conc.lusion from the ruies, because there is no antecedent
which is exactly matched to the fact r = *1.5. This shows
that the inference with crisp rules is very weak against a defect
of knowledge, a defective fact, a noisy defect or a variation
of a fact, and that it needs a large-scale knowledge base
for significant performance. Therefore, this type of inference
wastes time because of a sequential data-matching benveen
the fact and a large data base.

Rule l

Rule 2

Rulc 3

Rulc 4

Rule 5

Rule 6

Rule 7

Rule 8

Rule 9

Rule 10

Rule ll

If T is-2.then/(“ )is 25/30

1f r iS-1.thenノ (2)is 16/30

lf r iS O.thenノ (7)is 9/30

1f π is l.tllen∫ (r)is 4/30
1f"is 2.then√

(τ )is 1/30

1f r is 3.thellノ (7)is 0

1fπ is 4.therl∫ (2)is 1/30

1f"is 5.tllenノ
(τ )is 4/30

1f τ is 6.thenノ (")is 9/30
1fz is 7,then/(″ )is 16/30

1f T is 8.thenノ (7)is 25/30.

By substitution of the numerical value of r (input value, the
fact or the premise) to this equation, the numeiical value of
/(o) (the output value or the conciusion) is obtained.

A description of the system with this type of equation
exhibits significant simplicity. It is, however, very difficult to
identify an exact equation from the given relation, especially in
the case of many variables. Furthermore, it is aiso very difficult
to reassign this eqJ.ration, when the relation benveen r and
/(o) is changed. Therefore, this description is not so suitable
for complex systems such as noniinear systems or time_
varient systems. As the complexity of the systim increases, the
possibility to describe the system with mathematical equations
diminishes.
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Fig. 2. (a) Example of the system description by a mathcmatical equation. (b) Example of the system description by a set of linguistic rules with well-defined
languages (crisp rules). This description has the advantage of easy reassignment of the rules, when the system is changed as shown by squares. (c) Example
of the system description by a set of linguistic rules with ill-defined languages (fuzzy IF-THEN rules, or shortly fuzzy rules). Fuzzy rules give a continuous
relationship between r and f(t) through fuzzy inference and defuzzification.
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Furthermoie, this inference system should not inciude con-
tradictory rules in a knowledge base. Otherwise, it will produce
two contradictory conclusions from one fact.

These disadvantages appear in the modem AI system as

well. This type of inference is based only on symbolic process-

in g but not on the pro cessing of the meaning of linguistic terms.

2) Linguistic Rules with lll-Defined Languages (Fttzy
IF-THEN Rules): ln this category, all the linguistic constraints
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are represented by ill-defined languages (fuzzy information,

:r".I:il-words, approximate numerical'values, etc.), e.g.,
beautiful lady, high temperature, heavy, low power, around 45
kg, etc. The linguistic ruies (fuzzy If_fUEI.irules'or, ,fr""fy
fuzzy rules) can describe the relation between r and /(r), for
example, as shown in Fig.2(c), and are given in ti,. foit#ing
form.

Rule 1 If x is around,--2, then /(r) is around,25 f 30
Rule 2 lf a is around,.- 1, then y(r) t around, t6130
Ruie 3 If xisaround 0, thenf(")i, around, 9'130 $)

Rule 11 If risaround, g, then/(r)is around,25f Z0.

A crisp relation between r and /(c) in Fig. 2(b) is tuzzified
to make it continuous as shown in Fig. Zfc). fiis .onrin*u,
fuzzified relation (fu24 relation) gi"es reasonabie conclusions
fo1 any fact, e.g., , - -1.5, +3.2,14.3, 

"t"., 
thro;;; fi_;i.nfeyence and defuzzifi.cation, which are precisely a"scilU"iin Section ty-A. FyZZy INFERENCE (APPROXIMAIE

REASONING). In other words, fuzzy inference and defuzzifi-
cation faciiitate a reasonable intelpolation with much less data.
So that the fuzzy inference is called tnterpolative inference
and can save the memory hardware. This fuzzy inference
with fuzzy rures exhibits the similar function to that of a
mathematical equation.

It is much easier to reassign the fuzzy ruies rather than the
mathematicai equation, when the characieristics of the ,fr,.*
are.changed. In other words, only one or more rules shculd be
added or revised independently of other rules, while th";;;;
and the numerous coefficients of the mathematical .qr;,i;
should be recalculated from simultaneous equations.

The distinctive features of this description are as follows.
1. It is suitable for describing u .o.nili"ur.O system with a

smail amount of knowledge.
2. It is easy to select the words to be used in fuzzy ruies

among the categorized few words.
3. It is easy to remember the knowledge:
4. It is easy for designers to communilate with others by

using fuzzy natural languages.
While ordinary inference (modern AI) is based on symbolic

processing, fuzzy inference or approximate reasoning is basedon both of symboiic processing and meaning processing.
r,inguistic rules (crisp rules and fuzzy rules) can represent the
algorithm of inference explicitly, whiie an *iR"iut neural net-
work represents it impiicitly. So that linguistic rules are called
structured and an artificial neural netwoik is unstructured.

C. Artificial Neural Networks

A system can be described by a distribution of parameters,
the typical example of which is a well-known artificial neural
network.

An architecture of a neural network is a simple iterationof simple aggregating elements. This aggregating element is amodel of a physical neuron in the neuJnJ*or[;;;**;
body. when w;i (i = L,?,. . ., n) is a weigtrt assigned to thesignal input.p; to the 7th cen 

^a e1 
^na"l; 

are a threshord
level and a signal output of the jth celi, i.rp#tiu"ry, the signal

IEEE TRANSACTIONS ON NEURAI NETWORKS, VOL 4, NO. 3, MAY 1993

output is characterized by

Qi = h(T.,, ,, _ ,,) e)

where h is a sigmoid function and it is rypically described by

h(t) = --l----=."/ - fT;pG). (8)

By employing this neuron model, the relation between r
and f(x) can be characterized by a neurar network as shown in
Fig. 3(a), where the parameter distribution such as threshold
levels di, weights wij arc obtained, after 10000 leanings,
by the same amounr of data (11 data) to IF-TIIEN ruies
(5) and (6). The input-output characteristics of this arrificiar
neural net (Fig. 3(a)) is calculated and shown in Fig. 3(b),
which shows the abiliry of interpolation similar ; fi;;y
inference. It is, however, very difficult to understand, by
looking at the parameter distribution, how the neural net
behaves. Furthermore, we can not estimate the number of
neurons and Iayers necessary to achieve pattern recognitions or
to solve the problems and there is no guarantee of convergence
of leaming. If the system under modeling changes its behavior,
the similar learnings should be applied again to the neural net
to reassign the new distribution of weights and thresholds,
and sometimes we cannot reach the reasonable goal. In other
words, there is less desigirability in neurai networks than in
fuzzy systems. This point is one of the reasons why tuzzy
systems have been applied to practical use much more than
neural nets in Japan.

IV. A Fuzzy Loorc CoNrnoLLeR

In order to design a controller, the control algorithm should
be described by some means. A classical control theory gives
differential equations or transfer functions and a modern
control theory gives a first-order vector matrix differential
equation based on the state-space method. In these approaches,
a controller designer has to possess knowledges about mathe-
matics and the system under control.

However, human experts of ripe experience can skillfully
control plants, machines, vehicies, etc., even though thesl
systems under control are very complex (time_varient and
nonlinear). These human experts mostly utilize know_hows
which have been summarized from a long experience inciuding
successes and faults, and are represented with IF-THEN rulei
including fuzzy linguistic terms. They very often succeed to
controi the systems reasonably with these inexact information
and without any calculations such as sin rrrt;cos rerf,exp(c).
This suggests that there is another algorithm which facilitates
to control a complicated system by a simple and inexact
knowledge base. One candidate is a fuzzy inferei:nce which
produces a conclusion from a lorcwledge base'(a set of fuzzf
rules) and a /acr.

A. Fu4t Inference (Approximate Reasoning) t|l-t\Sl
The algorithm of the fuzzy inference in case of a deter-

ministic fact is illustrated in the foilowing. Let us consider
the control of air conditioner, which is very primitive and
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Fig.3. (a) Example ofthe system description by a distribution ofparameters,
e.9., synaptic weights and thresholds in an artificial neural nerwork. However,
nobody can estimate, at a glance, how the output /(c) responds to the input
c. (b) The input-output characteristics (solid line) of the artificial neural net
which was established after 10 000 times of learning by eleven data (squares)
same to Fig. 2(b) and (c). The dotted [ine. shows the sysrem under modeling.

possesses no feedback outside. It blows off the air, the
temperature and the volume of which can be changed by the
dial (but possibly not proportional ro the dial) as shown in
Fig. a(a). When the dial is assigned to be positive, wann or
hot air is suilplied from the air conditioner and when it is
assigned to bi negative, cool or cold air is supplie d,. Zerc
means no air supply. A room temperature ?oC is measured
with a thermometer as a deterministic value. A human looks

d△ Ty=~モ
τ

(b)

Fig. 4. (a) A primitive air conditioner and (b) a typical transient response.

at this value aind notices the difFerence △5:・
°
(1)bel■ veen the

r00m temperature and the temperature 7FC at WhiCh the r00m

is desired to be kept. Hc or she nlust have a ``strategy'' to

keep the roorn tenlperature constant even though tlle number

Of persOns in the rooHl changes, tlle outside tenlperature is

changed,10cation of furnitures is chainged and so on.13y the

strategy, he or she will reasonably changes the dial on the

pane1 01the airCOnditiOner in Order tO Supply the Wam OrC001

air tO cornpensate the tenlperature change.A typical transient

respOnse Ofthe room temperature is shown in Fig.4(b),wheК

the vertical axis represents the tenlperature difference△ 71° C,

i.e.,zero lcvel is a set point of the roo■ l tenlperatllre.
′
rhe strategy nlay be written by sentences including fuzzy

Hnguistic terms as fonows.1)When the r00m temperature

is approxilnately equal to the set point and the tenlperature

is rapidly changing higher,i.e.,△ r is αpp.。χJ″α
“
夕zι 。́

and the tempemture Change ν=α△T/αt iS Pο S″″
`夕
′αrge

(as indicated by the left circle and arrow in Fig.4(b)),cold
air should be blown off rapidly to suppress the increasi1lg

temperature,otherwise it will positively deviate fronl the set

point_Thus the dial should be tumed tO″
`garJν
θ′αrgθ (Or

approximately-1).2)When the room temperature is high and

the temperature does not change,i.e。 ,△ r is Posfr」ν
`夕
′αrg`

祖d the temperature Change y=ご△T/雄 iS αρp´α″α
`θ

夕Z`″

(as indicated by the second cttcle ald arrow in Fig.《 b)),cold

ail:should be blown off internlediately to decrease the tenlper―

amre.ThuS the dial ShOdd be mmed tO″
`gα `ル`″ `ご

J“

“
(Or
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approximately -0.5). 3) When the room temperature is a little
bit higher than the set poinr and the temperature is gradually
decreasing, i.e., AT is positively small and the temperature
change y : dLT ldt is negatively small (as indicateri by
the right circle and arrow in Fig. a(b)), there is no need to
luPply the cold nor hot air, because the room temperature is
asymptotically close to the set point. Thus the dial should be
turned to approximately zero. Of course, the strategy includes
more than three knowledges described above. The other ones
are abbreviated here for the simpiicity.

The above strategy of temperature control can be rewritten
by fuzzy rules as follows, together with a fact (measured
values of AT = *2.5oC, A = -1oC/min indicated by the dot
and arrow in Fig. 4(b)), as shown at the bottom of the page,
where AT and y are variabies in an if-clause (antecedent)
and "the dial" is a variable in a then-clause (consequent),
respectively, in a fuzzy rule, and NL, NM, NS, ZR, pS, and
PI are fuzzy constans or fuzzy values and are abbreviatious
of taVy linguistic terms, negatively large, negatively med.ium,
negatively small and o.pproximately zero, positively small and
positively large, respectiveiy. When the room temperature is

obtained by a thermometer to be 2.5oC higher than the set
point and the temperature is decreasing at 1oC/min, what.
degree do we have to assign the dial to make the room
temperature to be close to the set point?

Fig. 5 illustrates the algorithm of. fuzzy inference to obtain
the dial assignment from the strategy. A fuzzy linguistic term
is identified by a label and characterized by a membership
function as described in Section II-A. FUZZY SETS, so that
a set of rules (9) can be rewrimen as Fig. 5 where ail the
membership functions are defined by piecewise linear function
for the simplicity of hardware design. The shapes (slopes,
peak points, supports, and shoulders) of the membership
functions are assigned by an intuition of a human expert after
summarization of his wealth of experience, or assigned by an
intuition of a designer of a fuzzy logic controller who has a
knowledge about the air conditioner, heat transfer, etc.

Measured deterministic values AT = +2.5oC and y =
-loC/min are referred to the antecedent (A?is pS+ and y is
NS) of Rule 3 in order ro obrair the comparibility of rhe fact
to the antecedent, where **" in Fig. 5 represents a trapezoidal
membership function, othenrise membership functions are S-
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shaped, Z-shaped or triangular. The compatibility is one kind
of similarity measure. The compatibility of +2.SoC to pS*
and that of -1oC/min to NS are 0.6 and 0.8, respectiveiy.
Variables in the antecedent are combined by a conjunction
"and," so that the constraint of the antecedent is more severe
than the individual variable. So that it is reasonable to evaluate
the severe compatibility of the fact, "LT = *2.5oC and

A = -loClmin," to the antecedent, "AT is PS* and y is
NS," to be a smaller grade of membership 0.6. This grade is
a degree of soft matching between the measured value and
the condition of the rule. When a conjunction "or" is used,
the bigger compatibiiity may be adopted as a soft matching
degree.

If it is 1, the condition is fully satisfied and thus rhe then-
clause should be entirely adopted. AJternativeiy, if the degree
ofsoft matching is 0, the then-clause shouid be rejected. In the
fuzzy inference, the degree of soft matching can range from 0
to 1, so that the degree of adopting the then-clause may range
from 0 to 1, while it is 0 or 1 in case of unification in AI
technoiogy. Since the soft matching degree in this case is 0.6,
the then-clause is partiaily adopted, i.e., the fuzzy constant ZR
in the consequent in Rule 3 is weighted by 0.6. There are some
weighting methods such as multiplication, minimization, etc.
The latter is adopted in this paper. As shown in Fig. 5, the
membership function of "dial is ZR" is truncated (minimized)
by 0.6 to be an individual conciusion (shaded part) from Rule
3. The procedure to obtain the individuai conciusion from each
fuzzy rule and the fact is calledTtczy inference, and the tool to
achieve the fizzy inference is called a fuzzy inference engtne.
The fuzzy inference is also referred to approximate reasoning,
because it gives an approximate conclusion represented with
a membership function.

There is another rule contributing to produce the final
conclusion. By referring measured values to the antecedent
of Rule 2, the another individual conclusion (shaded part) is
obtained after truncating "dial is NM" by 0.1. Concerning
Rule 1, the measured vaiue y = -Loclmin exhibits the
compatibility 0 to "y is PL," so that the degree of soft matching
between the measured value and the condition of Rule 1 is
0. Therefore, we carnot obtain any contribution to the final
conciusion from Rule 1. All the rules are implicitiy combined
by conjunctions "also." Thus the individual conclusions shouid
be aggregated to obtain the final conclusion. The "also" can be
interpreted to be a maximization of individual conclusions and
the final conclusion is obtained as a trapezoidal membership
function with a side lobe as shown in Fig. 5.

B. Defuzzification

A controller employing a fuzzy inference is refened to
as a fuzq logic controller (or shortly, fuzq controller.) A
fuzzy logic controller delivers a deterministic signal but not
a fuzzy signal to the system under control. In case of the air
conditioner, we have to assign the dial. The procedure to obtain
a deterministic value, on the universe of discourse, from a
fuzzy value (membership function) is called defuzzification and
its tool a defuzzifier. The most popular way of defuzzification
is a center-of-gravity method, or a centroid method ll2j, lSBj.
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Fig. 6. Defuzzification (center-of-gravity method) of (a) a continuous
membership function and (b) a discrete membership function.

A membership function is very often represented by a sampled
data (a set of elements) on the universe of discourse as well as

a continuous one as shown in Fig. 6. The center-of-gravity can

be caiculated from the foliowing equations depending upon
whether it is continuous or discrete.

r 1t (r) dx
C.G. =

μ(ω )と

(for a continuous membership function)

(a)

(10)
n

L''t"
i r' _ .-Lu.u. - ---;-

\-,,/-r"'
i=1

(for a discrete membership function)

(11)

where n represents the number of elements of the sampled
membership function and y,; the grade of ith element. The
center of gravity of the final conciusion in Fig. 5 is obtained
to be -0.2. Therefore, the dial should be assigned to be -0.2
in case of A? = +2.5oC ar,d y - -loC/min.

The final conclusion is characterized by a relatively com-
plicated membership function and the physical meaning may

be represented by a fuzzy linguistic term "cool just a little,"
because a center of gravity is shifted a little bit to the left by
the side lobe.

When the two inputs are changed independently, we can

obtain the continuous (sometimes nonlinear) control surface

x
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in the 3-D space (A7, y, and z) from small amount of fuzzy
rules because of the interpolative reasoning,

Consequently we have to develop two kinds of hardware
systems. The first one is a fuza inference engine which
achieves an individual fuzzy inference and the second one
is a defuzzifier which aggregares all the individual conclusions
and derives a center of gravity of the membership function of
the final conclusion.

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL.4, NO. 3, MAY 1993

When we consider the hardware of. a fizzy system, we
have to recall the analog system. This is becauie fuzzy logic
handles a continuous _erade ranging from 0 to 1, not only 0
or 1. However, an analog circuit peculiar to a fuzzy system
is expected to be different from the ordinary analog circuit in
the following respects.

V, HARDwARE IMPLEMENIATIoN oF A FUZzy
Locrc CoNTRoLLER IN NoNLINEAR ANALoc MoDE

A fivzy logic controller, the function of which is char_
acterized by a set of fuzzy IF-THEN rules, accepts and
produces deterministic signals. It is constru cted bl fuzzy
inference engines, the number of which is equal to that of rules
employed, and a defizzifier which converts a final conclusion
of fuzzy value to a deterministic value.

Fuzzy inference and defuzzification can be accomplished
by software or hardware. The software implementation with
an ordinary personal computer or a work station takes a
long time (for instance, severai ms to several hundreds of
a ms) to obtain the inference result. On the other hand, the
specific hardware implementation accomplishes higher speed
processing and exhibits better compactness and lower cost.

The hardware implementation is realized in either digital
mode or analog mode. The digital hardware implementation of
a fuzzy system originated from M. Togai and H. Watanabe [29]
and comes to practical useful chips t30]_t331. Digital fuzzy
chips have distinctive features, such as good piogru.mability,
easy design, good compatibility with digital systems, etc. The
analog hardware implementation originated from the author,s
work both in current mode [34] and voltage mode [35], and
were followed by many researchers t36l_t4Ll. Analog iuzzy
chips have distinctive features, such as trigtr speea, good
compatibility with sensors, etc. Attempts were often maJe to
discuss merits and demerits of digital and analog fuzzy chips. It
has not been concluded to choose between them. The adoition
should be made according to the circumstances. The interest
of this paper is focused on the analog fuzzy hardware system.

Eiectronic circuits employed in the fuzzy inference engine
mainly handle analog signals in this paper. However, these
circuits are different from the traditional analog circuits such
as an operational amplifier, a multiplier/divider and their
derivatives. The circuits employed in the inference engine arb
nonlinear analog circuits.

In this chapter, nonlinear anaiog circuits, a practicai imple_
mentation of a fuzzy inference engine, and a defuzzifier are
described.

A. Ordinary Analog Circuits and Fuzq Circuits

. There are two ways to implement the algorithm to the
hardware system. One is a digital circuit and the other is
an analog circuit. Analog circuitry was used to construct an
analog computer or some other instrumentations. However, it
had less extensibility, so that it is now replaced with digital
circuitry.

1. Since a grade of membership handled in the tuzzy system
is 0 through L and a resolurion of 10Vo (20 dB) is enough,
the designer should rot suffer from accuracy including
linearity, low thermal drift, low offset, etc.

2. A fuzzy circuit essentially does not need the gain greater
than unity, while a high gain and roll off of an ampli-
fier causes unstability (osciilation) and diminish"s th"
extensibility of the system.

3. A fuzzy logic system usually exhibits a nanow signal
processing procedure, while an ordinary analog system
achieves a deep signal processing, i.e., multistage pro_
cessing with amplifiers and thus produces a significant
cumulative error.

4. A fuzzy circuit shouid be designed in a simple ar_
chitecture (with a few devices) to achieve high speed
processing, while an ordinary analog circuit is con_
structed with many devices, some of which are dedicated
to increase the linearity, compensate the thermal drift
and phase shift, generate the reference voltages, obtain
a stable gain, and so on.

The input-output characteristics of intrinsic fuzzy circuits
are nonlinear, so that a fuzzy circuitry can be called a nonlinear.
analog circuit, while the traditional operational amplifiers and
multipliers are called linear analog circuits.

B. Fuzzy Inference Engine (RuLe Chip) [35], [13]-[47J
A fuzzy inference engine described here was designed for

PID control, so that three input variables (error, change oferror
and rate of change of error) and one output were considered.
Of course, these input signals are of deterministic values
and output signal is a fuzzy value. The architecture of the
fuzzy inference engine is shown in Fig. 7, where Rule 3 is
programmed (if A" is PS* and y is NS, then the dial should
be ZR) as an example.

The first stage of the fuzzy inference engine is a membership
function circuit (MFC), three of which are dedicated to input
signals X' , Y' , and Z' . The input-output characteristics of an
MFC exhibits the shape of the membership function, which can
be assigned externally. Each input terminal has the acceptable
range, i.e., minimum and maximum values, which are repre_
sented by -1 and f1, respectively. In the practical case, _1
and +1 are represented by -5 V and *5 V and correspond
to -5oC and +5oC and also to -3oC/min and +3oClmin,
respectively. The output voltage of the MFC ranging from 0
V to 5 V conesponds to the grade of membership ranging from
0 to 1. The third membership function is not assigned, bicause
the IF-THEN rules does not include the third variable in the
antecedent. The label of the third input variable is referred to
as NA (not assigned, don't care). An MFC assigned to be NA
produces the grade 1 or the voltage 5 V not to affect other
grades at the next MIN stage.
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RULE 3 : IF X l●  Ps■ , r i3 1S and Z 18 VA, then C is ZR.
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MEMBERSHIP FUNCT10N CIRCUIT (MFC)

The second stage is a MIN circuit which accepts more than
one input signals and produces the lowest values of them at the
output terminai. This circuit achieves a conjunction ,,and,, in
the antecedent of IF-THEN rules. If variables in the antecedent
are connected with "or," the MIN circuit should be replaced
with a MAX (maximum) circuit. The output of these circuits
represents the degree of soft matching between the antecedent
and the inputs and thus feeds to the next stage to weigh the
consequent membership function.

The consequent membership function is represented as
voltage signai distribution on a data bus. The amplitude of
the signal voltage ranges from G-5 V conesponding to grades
0 to L, respectively, and the number of signal lines in the
data bus is 25 in this paper. We cannot call this data bus as
25 bits but as 25 elements, because each signal voltage is
not binary but continuous (analog). This voltage distribution
representing the consequent membership function is delivered
from a membership function generator which has no input
ports but a control port. In other words, the voitage distribution
is assigned by a 5-bit binary word (I_ABEL).

A consequent membership function is truncated in a trun-
cation gate by a degree of soft matching and the individual
conclusion is obtained at the output data bus C!.

Each block is described in detail in the following.
1) MIN Circuit and MAX Circuit: A MIN circuit and a

MAX circuit are the most basic fuzzy logic gates. Fig. g(a)
shows a MIN circuit employing bipolar transistors. pNp
transistors and a current source .Ig1 construct a comparator and
an NPN transistor and another current source .Ig2 construct
a compensator. The potential of the emitter of the pNp
transistor is equal to the minimum value among input voltages

+1

Fig. 7. An architecture of. a fuzzy inference engine which accepts three deterministic input values and produces one Rtzzy output value.

Xt,Xz,Xt,..',X, plus 0.7 V (VEB of an active input
transistor), because higher input voltages makes corresponding
input transistors cut-off. The following compensator (emitter
follower) compensates the voltage shift of 0.7 V to produce
the output voltage equal to the minimum input voltage. The
compensator compensates the thermai drift as well as the
voltage shift of emitter junction of the comparator. Fig. 8(b)
shows an input-output characteristic and exhibits a nonlinear
analog aspect. A transient response of this circuit is shown
in Fig. 8(c), which illustrates that the rise and fall times
are less than 10 ns. A Max circuit is shown in Fig. 9(a),
where PNP transistors and an NPN transistor in a MIN
circuit is replaced with NPN transistors and a PNP transistor,
respectively. Comparison and compensation are achieved in
the similar manner. Fig. 9(b) and (c) show an inpur-output
characteristic and a transient response.

Since all transistors in comparators of a MIN circuit and
a MAX circuit are coupled at emitters, the author named
these circuits as emitter coupled fuzzy logic (ECFL) gates,
the behavior of which is quite different from that of ordinary
emitter coupled logic (ECL) in binary digital logic.

Two or more MIN circuits can be combined at the emitter
of input transistors to extend the number of input terminals.
In the similar manner, a MAX circuit can be extended.

The distinctive features of emitter coupled fuzzy logic gates
are summarized in the following.

1. The output eror is insensitive to the transistor size (e.g.,
base width, collector and emitter areas etc.), a variance
in transistor characteristics (e.g., hyE,Icao, etc.), while
the missmatch and the variance give fatal errors in linear
analog circuits.
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Fig.8.An emittCr COuplCd fuZZy logic(ECFL)gate(a MIN circuit).

(a)CirCuit coniguration,(b)input― output characteristics,and(C)tranSiCnt
rcsponsc.

2. Good thermal stability is guaranteed. Experimental re-
sults give the output change of 0.2 ToF.S. by the tem_
perature change ranging from -55oC to +125.C. The
output fluctuation is not the problem.

3. The output error is insensitive to the operating curents.
The author obtained the experimental results, for the
device carefully designed, that the output change caused
by the current change of one decade was less than Z
VoF.S.

4. These ECFL gates are very robust against the fluctuation
of supply voitages, because both a comparator and a
compensator are driven by current sources. 5-V fluctua-
tion of supply voltage caused the output fluctuation less
than 0.1 7oF.S.

0 20  40 60 80 100 120140160

TIME (nsec)

(C)

Fig.9.An cmittcr coupled fuzzy 10gic(ECFL)gatc(a MAX circuit).

(a)CirCuit COnnguration,(b)input‐ Output CharaCteriStiCS and(C)tranSiCnt
rcsponsc.

5. High speed operation is obtained because no saturation
of minority carriers in the base region occurs.

6. The ECFL gates are designed based on emitter follow-
ers, thus exhibit high input impedance and low output
impedance. It guarantees a large fan-out.

7. The input terminals which are not utilized can be left
opened (there is no need to terminate them), because the
input transistors of open base are cut-off and does not
affect other input transistors. This characteristic is very
important in designing a semicustom IC.

2) MFC: Membership functions of variables in the an-
tecedent are implemented by an MFC. In other words, a

membership function circuit is one whose input-output charac-

″



YIAル〔AKAWA:FUZZY ENGINE IN ANALOC MODE AND FUZZY LOGiC CONTROL

1K

(P)

ro = 3oo ul

Ii = roo ul

Fig. 10. Circuit configuration of a membership function circuit (MFC).

teristics car be assigned by external signals or devices. Fig. 10

shows the circuit configuration of an MFC which can realize
five functions of a Z-function, an S-function, a fl-function
(trapezoidal function), a A-function (triangular function), and
NA (not assigned, don't care). XIN and FX are an input
and an output terminals, respectively. AS is an analog switch
controlled by an external signal (P).

If (P) is disable, two analog switches tum off and thus two
current sources 16 drive Qr, Qs, Q+ and Qo, Qa, Q9, and base
voltages of Qs and Q16 reach I6R6 x 5 V. Qs, Qro, Qrr
and two current sources I{ construct a MIN circuit, so that the
output FX is 5 V independent of XIN. This means NA.

If (P) is enabled and X0-X1 are terminated by .R76;, with
Ii2-X3 opened, the input-output characreristics of this MFC
exhibits S-shapes as shown in Fig. 11(a). If (P) is enabled
and X2-X3 are terminated by .R76p with X0-X1 opened, the
input-output characteristics exhibit Z-shapes as shown in Fig.
11(b). If (P) is enabled, and X0-X1 and X2-X3 are terminated
by .Rxz and -E;p, respectively, the MFC becomes a A-
function as shown in Fig. 11(c). If (P) is enabled, and X0-X1
and X2-X3 are terminated by Ryy * Dz and Rxa * Da,
respectively, the MFC becomes a fl-function as shown in
Fig. 11(d). The shoulder voltages of S- and Z-functions and
the center voltages of A- and fl-functions can be assigned
by an external voltage AX. Thus labels of the membership
functions can be assigned by AX. The positive slope and the

507

+V

Ｘ
　
　
　
　
　
。
ゝ
）

Qtt

XIN

FX

Qro

16.5
Rc

Etr

L-===-K-J
Rxn DR

+vcc

「

C。
‐Q6

1K

0

-5V

+5v

negative slope of each function are reciprocally proportionai
to R,a; and -R;6, respectively. Therefore, fuzziness of the

membership function can be assigned by Rxr, and/or R766.

Fig. 12(a) and (b) show the input-output characteristics of a

trianguiar membership function for various labels assigned by
AX and for various resistors E76p (upper) and Rx r. (lower),
respectively.

3) Membership Function Generator: A membership func-
tion of a consequent is sampled to discrete grades, which are

represented by voltages ranging 0-5 V and distributed on 25

signal iines (25-element data bus) as shown in Fig. 6(b) or Fig.

7. The shape and the label of the membership function can be

changed by reassigning the voltage distribution as shown in
Fig. 13. Seven labeis (NL, NM, NS, ZR, PS, PM, and PL)
and NA (not assigned: all voltages on the data bus are 0 V)
are discriminated by a three-bit binary word and A-shape, S-

shape, Z-shape, and fl-shape are done by a two-bit one, so that

these membership functions in the consequent are assigned by
a 5-bit binary word (control word). The slope of a membership

function shown in Fig. 13 with 25 signal lines (25 elements)
guarantees that only four dc voltage sources (1.?5 V,2.5'Y,
3.75 V,5 V) are enough to realize these various types of
membership functions.

The desired voltage distribution is obtained by switching
each signal line to a desired supply voltage. Fig. 14(a) shows

a switch matrix and two emitter follower anays, and Fig. 1a(b)
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Fig.11.  Four typcs Of mcnlbership functions rcalizcd by an MFC shown in

Fig.10.(a)S‐ functiOn,(b)Z‐ 鈍nction,(c)=ヽ‐hnctiOn(triangular inction),
and(d)Π‐inction(trapCZOidal mnction).

3.75

2.5

1.25

5.

5.

3.7

2.

(V)

(a)

25-ELEHENT DATA BUS

Fig. 13. Voltage distributions on 25-element data bus which represent con-
sequent membership functions such as NL (negarively large), NM (negatively
medium), NS (negatively small), ZR (approximarely zero), pS (poiltivety
small), PM (positively medium), PL (positively targe), and NA (ali vottagei
on 25-e.lement data bus are 0 V). NA in a consequenr is used for eliminite
the rule. Four shapes (triangular, S-shaped, Z-shaped and trapezoidal) are
discriminated. Four voltage sources (1.25 V,2.5 V,3.75 V, and 5 V) are
enough to realize a consequent membership function on 25-element data bus.

(b)

liqa-12. _ 
Input-output characteristics of a membership function circuit

(MFC). (a) A-functions for various labels (4X = _5 V, _3.3 V,
-1.7 V, 0 y, 1..7 V, 3.3 V, 5 V). (bi A-tunctions for various
slopes. (Upper: RxR = 120O,266e,4+Se,Rxr, = 120e. Lower:
Rxr, = 120O, 266O,444Q, &_rn = 120O).

shows a control matrix which delivers control signals to analog
switches in a switch matrix. In each column of the switch
matrix in Fig. 14(a), only one analog switch is turned on by
a controlsignal G;,i. In other words, one bit in each binary
word C; is enabled by a 5-bit control word (CS1, CS0, CLi
CL1, CL0) through the 5-input 125-output control matrix. The
control matrix can be desigued in combinational logic or pLA.
Emitter follower arrays are used for impedance transformation
and level/temperature compensation. Ho* significant is the

number of the element in the consequent membership func-
tion? How important is the shape of consequent membership
function? They wiil be discussed in detail in Section V-D-1.

4) Truncation Gate: A truncation gate acceflts onei fuzzy
vector signal (fuzzy word signal) B and one fuzly, scalar signal
(ranging from 0 V to 5 \) "a." The former one ibpresents a

membership function of consequent and is deiivered from a
membership function generator. The latter one represents the
degree of soft matching between the fact and the antec€dent,
and is delivered from a membership function circuit. The
truncation gate produces a fuzzy vector signal B' truncated by
the fiizzy scalar inpur signal as shown in Fig. 15(a). In other
words, the truncation gate accepts one 25-element input data
and one analog input and produces one 25-element output data,
the voltage distribution of which is truncated by the analog
input. This can be constructed by arranging MIN circuits in
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TRUHCAl'OR COMPEISATOR

(b)

Fig. 15. A truncation gate. (a) Its function and (b) its circuit configuration.

6) Silicon Implementation: The architecture of. the fuzzy
inference engines shown in Fig. 17, which is implemented
in the monolithic form and called a Ruie Chip because one
fuzzy inference based on one fuzzy IF-TI{EN rule (or shortly,
fuzzy rule, or control rule), is achieved in this chip.

A LABEL X input for a variable r is a 4-bit word (INEX,
AXz, AX1, AX0) to assign the label of the membership
function of r: When ENTX is 0, a multiplexor selects the
control signal, ANALOG I-ABEL, to a membership function
circuit. Otherwise, the following 3-bit word (AX2, AX1, AX0)
assigns one of eight labeis as shown in Table I.

The upper and lower limitations of the inpur signal is as-
signed by the voltage REF1 and REF2, which can be supplied
from a power supply (+tO 9 through variable resistors, and
detected at two corresponding terminals MONITOR.

REF3 is the terminal where +5 V is usually supplied or a

lower voltage is supplied through an external resistor in case

of Iightening the rule (weight less than L or less important
than other rules). The weight can be detected at MONTTOR
corresponding to REF3.
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(b)

Fig. 14. Main blocks of a membership function generator. (a) A switch
matrix and an emitter follower array (b) a control matrix.

an array. The circuit configuration is shown in Fig. 15(b),
where one input terminal of each MIN circuit is connected
to a common terminal "a." The other input terminal of each
MIN circuit is dedicated to the eiemeit signal of an input fuzzy
word B. The output terminal of each MIN circuit produces thl
element signal of an output fuzzy word B'.

5) Open Emitter for Saving a MAX Array.' The output ports
of. fuzzy inference engines should be usually fed to a MAX
array to aggregate all the individual conclusions before
defuzzification as shown in Fig. 16(a). If all current sources
(indicated by a dotted line in Fig. i5(b) in a comparator
of a truncation gate are' omitted, all input terminals of a
defuzzifier are driven by the flow-in current sources inside
the defuzzifier and each input terminal of the defuzzifier is
connected to the corresponding terminais of all the fuzzy
inference engine outputs as shown in Fig. 16(b), the MAX
array can be omitted from this construction. In other words,
a fuzzy inference engine with open emitter structure and a
defuzzifier involving the current source in the input terminal
facilitates wired MAX by themselves. Thus the open emitter
structure saves a MAX array as well as current sources in
compensators.
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TABLE I

AX0
DON'T

TABLE II

TABLE III

CLl

In order to obtain a deterministic value from a membership
function of the final conclusion of fuzzy inference, the de-
fuzzification should be achieved. Fig. 19 ShOWs the defuzziner
circuit. AII the individual conciusions are aggregated by wired
MAX technology as described in SeCtiOn V― B-5,that is,the
defuzzifier possesses the current-source-input buffer which
facilitates a wired MAX with rule chips connected to the lnput.
The output of the buffer is fed to a weighted sum circuit and an
ordinary sum of which are fed to an analog
divlder to weights z reciprocally
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can implement a rure which has variabres in the dntecedent
up to nine.

The circuit of. the fuzzy inference engine is integrated in
the monolithic form by a srandard BiaMOS prociss. The
design rule of 5 pm, two layers of aluminum und one layer of
poli-silicon is adopted. About 600 transistors and about g00
resistors are embedded in a g mm x g mm silicon 

"hip. 
Fig.tj(a) sto*s a microphotograph of the fuzzy inference ergil.

(Rule Chip). This chip is motded in an g4-pln plastic packige.
The response time of fuzzy inference is 1 ps as shown in
Fig. 18(b). !ri. i. eguivatent to 1000000fuzzy inferences
per gecond (FIPS).

C. Defuzzifier (Defuzifier Chifl [aSJ
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Fig.17.Architecture Of the m″ y inference enginc(mle chip).
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Fig.18.(a)A microphotOgraph of thc fuzzy inた
rcncc enginc(rulc chip)
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Fig. i9. A circuit configuration of the defuzzifier,

Fig. 20. A step response of the defuzzifier,

Therefore, the calculated vaiue is always positive. In order to
obtain the bipolar output signai ranging from _5 V ro 5 V, an
offset adjustment and an amplification adjustment are achieved
by NDC and .R6, respectively. The defuzzifier is implemented
on a ceramic base in the hybrid form, and molded in a 44_pin
plastic package. The response time of defuzzification is about
5 ps as shown in Fig. 20, which is almost determined by that
of an analog divider used in this defuzzifier.

D. Advanced Implementation of a Fuzzy
Logic Controller [49], [50]

A direct hardware implementation of the fuzzy inference
alqorithm shown in Fig. 5, both of inference engines and a
defuzzifier, needs too many devices. dissipates high power,
and thus the costs are high. So that it is necessary to con-
sider to design another one for each of fuzzy inference and
defuzzification.

1) Fuzzy Inference with a Singleton Consequenr.. The algo_
rithm of fuzzy inference shown in Fig. 5 is based on the
compositional rule of fuzzy inferen ce 127), which is the
extension of a classical logic inference to a fuzzy logic and
allows us to understand the aspects and the meaning of the
fuzzy inference easily. Once the concept is understood, we
have to consider other ways equivaient to it, which may be
suitable for hardware implementation.

One of the main probiems in the fuzzy inference engine is a
parallelism in truncation of the consequent. As the number of
elements of the consequent membership function increases, the
number of devices for switching, buffering, minimizing, and
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(c)
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,
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/ μ

Rule l

Rule 2

・ 1      
×

Fig.2l. Comparison of interpolation between some fuzzy inferences.

binary combinational logic circuits increases proportionally.
How many. elements are needed in the consequent member-
ship function for reasonable inference? Which shape of the
membership function in the consequent is the best, though the
shape is not essential for the fuzzy inference?

The significant ability of fuzzy inference is the reasonable
interpolation between a small number of. fivzy data. Therefore,
the attempt is made to compare the abilities of interpolation.
Let us corsider the case of interpolation between No tuzzy
rules as

2) Division Reduction by Feedback: In a practical use of
fuzzy inference, e.g., a fuzzy logic controller, an output signal
of deterministic value, but not fuzzy valte, is desired. Thus
a d.efuzzifier is usually attached to the inference engines to
construct a fuzzy iogic controller.

A significant portion, which determines the operating speed
and causes the difficulty of design and the troublesome adjust-
ment, is an analog divider in a defuzzifier. In order to eliminate
this analog divider from a defuzzifier, the new architecture
should be developed. A cenrer of gravity is calculated by
(10) or (11), where a weighted sum of membership grades
is divided by a normal sum of them. If the normal sum
(denominator) is kept equal to the unity or equal to the
constant at any time, no divider is needed. The normal sum
is caiculated and should be fed back to all the inference
engines to reproduce the individuai conclusion, the total of
which is equal to unity or the constant. It can be realized by
a membership function circuit, whose ma-ximum value (or full
grade) of membership can be changed by an external signal.
The author named this type of membership function circuit as
a grade-contro llable membership function circuit (GC -MFC ).

The grade-controllable membership function circuit can be
obtained by modifying the ordinary membership function
circuit (Fig. 10) as shown inFig.22, where two current sources
-l's can be changed by the output current of the V-I converter.
The input-output relation of this V-I converter is obtained as

為=二″~ 
地

(12)

where W and .Q are a weight input to assign the peak value
of the membership function and a resistance shown inFig. ZZ,
respectively, and the peak value of MFC output is

If″ is■ 1,then gis 31

1f r iS 42,then νiS B2

,41 and A2 are assumed to be the fuzzy linguistic terms
defined by triangular membership functions as shown in Fig.
21, though the membership functions are meaningless outsid;
the range at-a2. .B1 and 82 arc assigned to be of (a) bell_
shape, (b) trianguiar shape, (c) trapezoidal shape, (d) square
shape (crisp interval), (e) overlapped square, and (f) singieton
(deterministic value). Ar inference results of inieryolation
between these two data is shown in a square formed Uy aottea
lines corresponding to typical values a1, a2,b1, a\d b2 in Fig.
21, which is exaggerated to make it easy to understand the
differences.

This figure shows that the unoverlapped crisp intervals
and the singletons in the consequent facilitate the linear
interpolation, while all the other cases produce the noniinear
intelpolation, the deviation of which depends upon the shapes
and overlapping rate. This aspect of singletons is entirely
favorable to hardware design and programming. Because wL
do not need to design the massively parallel processing ar_
chitecture in a truncation gate and a membership function
generator, we do not need to search for the best shape
of the membership functiou in the consequent by compuier
simulation. FXmな =Rc・ 為 (13)

,

‐
0



YAM劇(AWA:FUZZY ENGINE IN ANALOG MODE AND FUZZY LOCIc cONTROL

513

+V∝
HEX3ERSHIP FuHCT101 CIRCUI」

〈HFC)

SH"HШ 菫 8・ 10

I

■――o FX

P

R.

V―I∞W…

5v

~VEE

継

Ｗ
ｌ
６

ｘ．

Fig' 22' A grade-controllable membership function circuit (GC-MFC). It is obtained by modifying the ordinary membership function circuit.

F.ig. 23.  Input―output charactcristics Of a gradc_cOntrollable rnembcrship
function circuit.ィ ヘttachcd nurnbcrs are the control voltagcs W in v。

lts.

Where fマ c is an I_V cOnversion resistance of the grade‐
C°ntr°1lable membetthiP funCtiOn CirCuit(Fig.22)and is

practically sho、 vn in IFig. 10.

lI:huS the peak Value of GC〕 ―MFC,output is Obtained as

FX… =筆″    (14)
場

Fig. 23 shOws the input_。 utput characteristics of this GC‐
M[FC,where Rc=Rt and attached numbe∬

are the cOntrol
V01tageS Tう′in volts.This ngure illustrates that the input_。

utput
characteristics are nOt multiplied by thc cOntrol signal, but

shifted down and up by it.

A fuzzy logic cOntroller, which achieves fuzzy inferences

With fuZZy linguiStiC terlnS in IF'― clause and singletons in
llIEN‐clause and defuzzines the anal cOnclusion,is referred

tO as a s″g′
`ゎ
″ θο″″。′′

`た
The example Of the rule is

“If TEM〔PERATURE OF CHAMiBER grows upカ
メg力
`r andPRESSURE beC°meS α″rr′θ bJr力 Jg力θろ then FUEL shOuld be

滋
“
c`′ ゎ 3″ただs/″滋″

`."

The GC-MFC,s are employed to construct the singleton
controller which accompiishes defuzzification without un uru_
log divider as shown in Fig. 24. The ordinary sum of soft
matching degrees at* az*o: + ...*an are compared with
the constant E1 . When the sum exceeds 81, all the control
inputs l,tr/ are puiled down by the operational amplifier to make
the outpur of each GC-MFC decrease and thui the ordinary
sum decrease. When the ordinary sum becomes below.E1, ail
the control inputs tr4/ are pulled up to increase the ordinary
sum. Consequentiy, the sum ar * az * og + . . . -l an is equal
to the constant E1 at any time. AJl of these soft matching
degrees dt , az, d3,. . . 

t an are weighted by resistors Ei ii
consequent blocks, respectiveiy, to be summed to produce
the weighted sum equai to the center of gravity. The offset
E6 is subtracted from the weighted ,urn io shift the output
lwel. Precise description on E6 is presented in the foilowing.
Three GC-MFC's in each antecedent block and a resistor R].
in each consequent block are programmed in accordance with
the fuzzy rules to be implemented.

The estimation of the resistance _R; depends upon whether
the consequent space is unipolar (there exist only the pos_
itive_ values) or bipolar (positive and negative values can
be defined). When the output of the singl-eton controller is
fed to an electric heater, the consequent should be unipolar.
When it is fed to a dc servo motor, the consequent should be
bipolar. A reference diagram shown in Fig. 25 is helpful to
estimate the resistance ,Ri.-R_-., and ftrl1n should be also
estimated so that the resistance ration E_*/E*in should
be implemented in the integrated circuit techaology with
reasonable accuracy. For instance, if En is assigneJ to be
0 in 

_case 
of unipolar consequent space in Fig. 25(a), ,R*.*

is infinity (open circuit) and .R1 should be as-signed'ranging
from .R-;,, to oo Q which is imiossible to realize. When the
consequert space is bipolar and the weighting is achieved by
a resistor array, negative weighting .urnot 6e implementej.
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'ot.tr

g

ur

_Eo/z

Fig- 24. A singieton controller which achieves fuzzy inferences with singletons in consequents and defuzzify the final conclusion. The defuzzification is
accomplished wilhout an analog divider but by employing the grade-controllable membership function circuits and the feedback loops including them. Three
GC-MFC's in each antecedent block and a resistor .R, in each consequent block are programmable in accordance with the given fuzzy rules.-

Therefore, the voltage space is shifted to the negative in order
to calculate the center of gravity in the positive regior and
shifted back to the positive. The aspect is illustrated in Fig.
25(b), where .Es is the offset voltage.

As a result, we can get the following equations for the
unipolar space of consequent from Fig. 25(a), providing that
.Es : 10 V, -Es = 2 Y, Ry = 10kQ:

a, = -3fo, {r.o) (1s)
,tt

and .B*"r. = 25kQ and -R*;, = 4.17kQ. Therefore, the
resistance ratio is

R-*
E; = 6 (16)

and the value is reasonable to realize.
On the other hand, we can get the following equation for

the bipolar. space of consequent from Fig. 25(b), providing that
Es = 10V,Eo - 7Y,ft1 = 10kO:

Ri= jf tunt (17)

"q' '

and -Bmax = 25kQ and E,n1o = 4.17kO.

A very simple example of three fuzzy rules is presented as

Rule 1 If z is N.L, then cis *5 V
Rule 2 If risP,S, theucis 0V
Rule 3 lf.xisPL, thencis-5V. (18)

The membership functions in antecedents are assigned as

shown in Fig. 26. Assuming that C^ is 5 V, three resistors
Rr,Rz, and R3 in consequent blocks for these three rules
are calculated by (17) to be -R1 = 4.17kQ, Rz:7.!4k{7,
and E3 = 25 kO, respectively. Fig.27 shows the input-output
characteristic of this singleton controller which verifies good
linear interpolation of a singleton controller.

Vi. SrasUzATIoN oF a GIass WITH WINE

The best way to bvaluate a tool is to use it for a typical
problem. An inverted pendulum is the most popular example to
evaluate the control technology [51]. It is a model of stabilizing
a pole on a palm. The author presents a more interesting
example to evaluate the control technology. It is stabilization
of a glass with wine on a finger as shown in Fig. 28(a). This is
very difficult, if not impossible, to control the finger to stabilize
the glass, because the glass includes wine which swings back
and forth by the external disturbance to change the center of
gravity of the glass. How it can be stabilized?
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Fig.. 25. A refsrence diagram of the consequent space which gives rhe
resistance -Ri of the jth consequent biock from rhe jeterministic ialue Cjin the consequent of the 7th rule. The. w.ay of estimating the resistance .R;
depends upon whether the consequenr is (aj a unipolarupl.. o, (b) a bipola'r
space.

A. Mathematical Approach

An approach to solve this problem, which is very familiar
to us, is a mathematical one. At first, we make a simplified
model to obtain the mathematical equations which describe
the dynamics of this problem. Fig. 2g(b) is one example of
modeling. The vehicle corresponds to the finger and is driven
by the controller not to make the sphere on the poie fall down.
The sphere corresponds to the cup, the pole to the support,
and the pivot to the tip of the finger. r is a distance from a
set point (the place where it is desired ro be srabilized). The
mathematical equations describing this dynamics are obtained

Fip.27. Input-output characterisric of the singleton controller, the fuzzy rules
of which are; Rule 1: If r is NL, then c is +5 V, Rule 2: If o is pS, ihen c
is 0 V, Rule 3: If z is P! then c is -5 V. This characteristic verifies good
linear interpolation of a singleton controller.
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θ =:ρπ(rん
2_:ん3)        (24)

v′hereルr and γγ2 are the nlasses of the vehicle and the p。 le,
respectively, 223 thc length of the pole, r the radius of tlle

sphere, ん the depth ofヽ ″ine, ρ the specinc gravity, θl and
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Fig. 28. (a) Stabilization of a glass with wine on a finger tip, (b) A simplified
model of the glass stabilization.

02 tre angle of the pole, and the wine, respectively. When
0t = 02, this system reduces to a problem of the ordinary
inverted pendulum.

Although this model is a simplified one, it is very difficult
to derive (\9)-{2$. It needs high level knowledges about
mathematics and physics. Even though these equations are
derived, the analytical results on the criteria for stability, the
dynamic response, the accuracy of position, and so on may
not be necessarily reliable because the model shown in Fig.
28(b) is not the exact model. Therefore it is easy to come to
a deadlock at this stage.

B. Fuzzy Linguistic Approach

The attempt is made to solve this problem without advanced
mathematics but with knowledge like techniques possessed by
artists, musicians, sport players, etc. Their knowledge may

(a)

NU NS PS PI{

0 x,Y,z

(b)

Fig. 29. (a) A ruie map including fuzzy rules for stabiiizing a glass with
wine. (b) Membership functions which characterize the fuzzy linguistic terms

used in the rule map.

be represented by the relation between causes and results, or
actions and reactions in the form of IF-THEN rules including
fuzzy linguistic terms. Let us consider how the glass with wine

is stabilized by the fuzzy linguistic approach.

1) Design of a Fuzzy Logic Controiler.' When we design.a

fuzzy logic controller, we have to think about the following
items.

1. What are the actuators (motor, heater, speaker, etc.)?
What are the variab,les in the consequent of fuzzy rules?

2. What should be measured for controlling the systeryz?

What are the variables in the antecedent of fuzzy rules?

3. How wide are the ranges of sensors and. actuators? What
are the minimum and maximum values of the above

variables? All the labels should be assigned within this
range.

4. How many labels are needed to describe the strategy of
control? How precisely the system should be described?

If the system should be described precisely, the support

of each membership function should be narrow.
5. What shape of membership functtons are suitable for

describing the expert's intuirion? Should it be bell-
shaped, S-shaped, Z-shaped, triangular, trapezoidal, or of
some other shape? The shape should not be necessarily

symmetrical.
6. What is the strategy (a set of fuzry rules)? What are

the useful fuzzy rules? Which conjunction should be

used to combine variables in the antecedent and/or the

consequent? Of course, there is no problem, even though

the strategy includes contradictory rules or exceptional
rules. There is no need to adopt all the combinationally
possible rules.

The velocity of the vehicle was adopted as a variable
in the consequent of fuzzy rules. Of course the velociry is

proportiooally related to that of the driving motor.

(a)

2r

,,A;
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It is obvious that the pole angle d1 and r can be the variable
in the antecedent. We have to assign the different rules for
positive dr and negative d1 even in-case oi it, ,u*. d1. So
that d1 is also the variable to be considered in the antecedent.
In the similar manner, i is also the variable in the antecedent.

The variable gain in the path of each signal flow is very
useful to adjust the sensitivity of the fuzzy iinguistic te#
(bandwidth, fuzziness, and label of the word). By extension
or compression of the membership function with respect to
the universe of discourse (physicil quanrity such as iength,
weight, speed, amount of fuel, brightness, etc.;, the rn.unlng
of the term can be changed.

2) Reduction of Fuzzy IF-THEN Rules.. When four vari_
ables d1, 01,r,b are used in the antecedent and 5 labels are
adopted for each variable, 5a = 628 rules should be examined.
It is not so easy for a designer to do it. To cope with this
problem, the number of variables should be reduced. The rule
chip does not accept more than three inputs, so that four
variabies should be reduced to two or three, preferably fwo,
because of the number of possible rules.

The simplest way of variable reduction is a Iinear com_
bination of rwo variabies to one variable. There are some
possibilities.

The first possibility is

X=″ +2五θl (posMOn of the pOle tip)
y=力 +2“ 1 (velocity of the pole tip)

Ｄ́

　

′０

２

９

to be a measure of emergency in the angle. In the similar' manner, Y seems to be a measure of emergency in tfre posltion.
Therefore, we can assign the label to these physicat *.u.u."]
by intuition. For example, "X is negativeiy medium (NM) ;;Y is negatively medium (NM)" means the situation ti,"t tfr"
poie is falling down to counterclockwise (left hand side) ana
that the vehicle is now movirig to the left from the negati;;
position (i.e., the vehicie is going away from the set-point
(r = 0))." In this situation, anyboJy wiiirespond to movl the
vehicle to the left much faster at the sacrifice of accuracy of
position to recover the pole. This strategy gives a turry *i"
"If X is NM and Y is NM, then r should be NL,,, where
negative veiocity of the vehicle means the left direction.

In this manner, the fuzzy rules can be assigned in the rule
map shown in Fig. 29(a). T1terc is no need to assign all the
possible rules. If each membership function is defined as Fig.
29(b), neighboring membership functions penetrate each other.
Therefore, a defect of one ruie can be compensated (intelpo_
lated) by surrounding four rules. Finally, the author obtained
eleven rules to stabilize the glass with wine. Two bracketed
rules are preferabiy added against the strong disturbance.

3) Control Systems and Experimental Resi:ults.. In order to
verify the utiiity of fuzzy inference, it is apptied to a controller.
The author presents lwo examples as systems under control.
The one is a glass with wine on the plate attached to the
inverted penduium. The other is a mouse moving around on
the plate attached to the inverted pendulum.

a) Glass with Wine: The biock diagram of this equip_
ment is shown in Fig. 30. A vehicie is driven Uy a ac servo
motor through a flexible steelwire. The position r of rhe
vehicle is detected by a potentiometer connected to the wheel
which is driven by the flexible wire. r is differentiated bv
an analog differentiator and muitipiied by a constant D to be
fed to the adder. r is aiso multiplied by a constant C to be
fed to the same adder. The output y = Cr * Di is fed to
one input of the fuzzy logic controller. On the other hand,
the vehicle carries an brushiess angle sensor employing hole
effect, on the rotating rod of which bottom tip- ol the poie
(inverted pendulum) is fixed. A plate is attached to the tip of
this pole and a glass with wine is put on this plate. The angle
of the pole d1 is detected by the angle sensor to be fed to
the differentiator and multiplied by a constant B.0L is also
multiplied by a constant A. A. d1 and B . A1 are summed by
the adder to be fed to the fuzzy logic controller. A fuzzy logic
controller possesses 11 rule chips and 1 defuzzifier 

"iip.-adefuzzified inference result i is produced from the ouput ot
the controller to a servo driver to ampiify the electric po*",
which is applied to a dc servo motor to drive the vehiile as
it should be.

The glass is successfully stabiiized independent of the
amount of wine and also independent of the length of support
of the glass. This aspect is interesting. In case of mathematical
approach, when a glass is changed, or wine is added or
reduced, parameters rn,r,L, and h should be changed and
the stability condition will be changed. However, inlase of
fuzzy logic control, there is no need to change the rules nor the

:-hup:t of membership functions. Fuzzy bound ary of. a fuzzy
linguistic term may absorb the deviation of parameters.

where X and Y are the new yariables.
Equations (25) and (26) represent the position and the

velocity of the tip of the pole, respecrively. in order to judge
whether the system is stable or not, we need the position and
the velocity of the vehicle as well as (25) ana 1dO;. Because
we cannot judge the stability of the pole with information of
tlte tgp tip of the pole. We need iniormarion on the bottom
tip of the pole related to the rop tip. Thus (25) and e6) are
incomplete.

The second possibility is

where a, b,c, and d are constants. It'is impossibre to identify
the phy-sical meaning of- X and y in e7) and (2g), ."rp""_
tively. Since the physicar meaning of these new variabres are
no_t clear, it is impossible to represent the knowledge (fuzzy
rules) by using inruitive tuzzy linguistic terms.

The third possibiliry is

X = ah*bi
Y = ch* d,r

χ =スθl+Bθ l
y=θ κ+D分

⊃

め

０

¢

０
′

（
Ｕ

Ｃ

Ｏ

where ,4, B,C, and D are positive constalts. When d1 is
positive and dr is also positive, the pole ls noru falling downto the ciockwise and X is big. Wiren d1 is poriti".uo"a Ar't
negative, the pole is now_ rerurning to ihe ;quilibrium point
from 

.the 
positive angle (we Oo not feel the emergency so

much) and X is smaller than the former case. Thus X seems
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Cx

DC SERVO MOTER

Fig. 30. A block diagram of a wine glass stabilization.

z=i

Fig. 31. Phase-plane porrrait after applying a negative displacement (left)
to the glass.

In order to examine the stability, a disturbance in the
position was applied. Fig. 31 shows the phase-plane portrait
after appiying a negative displacement (left) to the glass. This
portrait shows us that the vehicle comes up to the set point,
swinging and balancing.

b) Mouse Moving Around: A giass with wine is not liv_
ing. Therefore the movement or dynamics of this system can
be described by mathematics, although it is very difficult. In
other words, it may be modeled. On the other hand, let think
about a living mouse moving around on the plate attached to
the inverted penduium. We cannot expect the movement nor
describe the dynamics, because the center of gravity changes
in accordance with the movement of the mouse. Thus we come
to a deadlock again by the mathematicai approach. However,
the fuzzy linguistic approach can stabilize it. Fig. 32 shows
the balancing motion. When a mouse moved to the right a
little, the vehicle was driven by the fuzzy logic controller to
the right to compensate the shift of the center of gravity at the
sacrifice of the accuracy of the position.

Fig. 32. Stabilization of a moving mouse which changes its center of gravity.
T\e fuzy logic controller can compensate the movement of the mouse at the
sacrifice of the accuracy of the position.

C. Comparison with a Traditional PID Control

It is necessary for a designer to know the differences
between a traditional PID control and a fuzzy logic control.

A typical control system (1-input and 1-output) employing
a PID controller is shown in Fig. 33. The output state of the
system under control is detected by a sensor. It is compared
with the input signal (reference input) to derive an error signal
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Fig.33. A typical control system (l-input and 1-output) employing a plD
controller.

C(t),Where the input Signal is extemany given and Кpresents

a desired state of the systenl.The error signal is delivered tO a

cOntrOner to produce an appropriatc manipulating signal m(ι
),

v/hich change the state Of the systenl under cOntr01.

In a control system,there are t、vO main objectives.The■ st
One iS tO make the State(Or Output)Of thC SyStem to be very

C10Se Or equal,if pOSSible,tO the Set pOint(Or rCfCrenCe input).

In Other WOrdS,a Small Steady― State errOr e(サ )Or a high Steady―
state accuracy is desired. 

´
「 he second Onc is to rnaintain the

transient perfornlance Of the systenl、 vithin rcasonable lil■ its.

In order to design a cOntroller of high steady‐ state accuracy

and high spced settling, v√ e need a linear conlbinatiOn Of

three control actions,i.e.,prOportional contrOl actiOn,2ntegral

COntr01 aCtiOn and」 erivation(PID)control action.It is callcd

a lPI:E)control and characterized by the follo、 ving equation.

")=κ
P'くι)+κf/C(t)洗十κDT (31)

・
I｀his controller has three inputs and one output. I_′ et us

consider a corltr011er of t、vo inputs and one Output to visualize

tlle rclationship bet、 vcen input and output. 
´
rhe nrst and the

second terms in(31)is considered and dittrentiated to

7'2(ι)=κ Pι (ι)+κfθ (t)    (32)

Which is the lillcar description of a traditiOnal PI corltroller.
′
I｀hree…dirnenSiOnal COntrol surface in Fig. 34 shows the

relatiOn betWeCn the ChaFige Of nlanipulatOr Output aFld the

linear conlbinatiOn of change of errOr input and error input,

Where the COnStant gainS κP and κr are:andき ,reSpCCtiVely.
Input― output characteristics Of a fuzzy 10gic cOntroller can be

described by a set Of fllzzy rules,antecedents and consequents

of which corrcspOnds tO inputs and Outputs Of the contr011er,

reSpeCtiVely・ Input Signal(S)applied to the controller and the

fuzzy rules designed by the systenl designer prOduce the output

signal(s)though fuzzy intrences and defuzzincation(S)aS

described in Section I｀ V‐A and Section IV_B.

IIere is presented an exanlple Of a fuzzy 10gic cOntr01ler

WhiCh haS tV√ O inputs and provides one output. ′rhese t、 v。
inputS are aSSiped t° be Change Of erOr ё(`)and e■or θ(`)
and One Output tO the Change Of manipulating Signal(COntr01

0utput)7't(ι )お r COmpa五 SOn With the traditiOnal PI COntrOner.

A set of fuzzy rules are indicated on the rule nlap in ′Ilable
IV and inenlbership functions used in these rules are shO、 vn in
Fig.35(a).Fig.35(b)shows three― dimensional control surace

Of the′Zぅ′Pf εο″′拓ο′′
`ら
the rules of which are glven in

Table IV.

3( r)

Fig. 34. The relation between the change of manipulator output and the linear
combination of change of error input and enor input. I(p = J, ff, = $.
This can describe only a simple plane.

TABLE IV
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i(t)

0
|‐ |■

e〈 t)

_:/
(1,1,0)

e(t)

ZR

S

M

L

ZR: approximately zero, S: small, M: medium, L: large

The solid mesh in Fig. 35(b) is the inference result from
fuzzy rules employing the solid membership function for
"medium (&1)" as shown in Fig. 35(a). When the left slope
of the membership function of "medium" is reassigned as a
dotted line illustrated in Fig. 35(a), then the circumference of
the mesh is changed as iliustrated by dotted lines in Fig. 35(b).
Let us consider the case of e(t) = 1 and e(r) : 0.25. When
the membership function of "medium" is defined as the dotted
line in Fig.35(a), then (e(t),e(l)) : (1,0.25) fires only one
rule of 16 rules above. That is "If i(t) is -L and e(t) is ,9,

then rir.(t) is ZR." So that after the inference followed by
detuzzification, m(i(t),e(t)) = rn(7,0.25) = 0 is obtained,
i.e., (1, 0.25, 0) in Fig. 35(b). On the other hand, when the
membership function "medium" is defined as a solid line in
Fig.39(a), then (6(t),e(r)) = 1,0.25) fires two rules: Rule A
"If e(r) is,t and e(t) is S, then riz(t) is ZR" and Rule B "If
e(t)isL ande(f) is&/,thenriz(t)is M."The degreeof soft
matching between (1, 0.25) and the antecederts of Rule A and

Rule B are L and 0.5, respectively. Therefore, the conclusion
rn(1,0.25) is not exclusively obtained from Rule A, but is
affected by Rule B to produce a nonzero value. This means

that at the typical point (for example, e(t) = 0.25 in "e(t) is

small"), grades of membership of other fuzzy linguistic terms

should be zero for providing a typical conclusion.
In any way, Fig. 35(b) exhibits a very compiicated and

curved surface which can never be described by a linealcom-
bination of input variables such as (31) or (34). Furthermore,
it is very easy to change the control surface (input-output
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was applied to stabilize a glass with wine put on the inverted
pendulum and also a mouse moving around the plate on the
inverted pendulum.

Distinctive features of. a fuuy logic controller can be
summarized as follows.

1. How it should work is described with fuzzy natu-
ral languages and the structure of the knowledge is
very clear. Therefore, the control strategy, know-hows,
knowledge, or data are very easy to represent, very easy
to understand, very easy to remember, very easy to
debug.

2. Since all the rules are independent of each other, it is
easy to update the rule to follow the change of the system
under control. Thus a fuzzy system is suitable for a
learning system, a self-organizing system, an adaptive
system, etc.

3. It can accept the exceptional data (knowledge) and the
contradictory data, so that the fuzzy logic controller
is suitable for nonlinear and time-variant complicated
systems.

4. Compound sensory signals such as outputs from a chem-
ical sensor, an odor sensor and other contaminated cheap
sensor can be accepted, as suggested in Section VI-B-2.

5. Since a fuzzy inference is one kind of interpolation
with very few data, drastic reduction of data and soft-
ware/hardware systems can be achieved.

The development of a fuzzy logic hardware system will be
changed by another concepts. Several years also, we could
find the tendency toward the fusion of. fuzzy logic and neural
nerworks [52]-[56]. Fusion of these fwo has lost much of its
novelty now [57]-[60]. Futurb trends will be a fusion of fuzzy
logic and chaos as well as neural networks. A fuzzy system
is a modeling of a human brain summarized from the human
expert's behavior and chaos is a nonlinear dynamical behavior
generated by massive neural networks of the human brain.
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Fig. 35. (a) Membership functions used for getting the control surface. @)The control surface of a fuzzy pI controller wlich ichieves fuzzy inference
with fuzzy rules given in Table IV. A set of fuzzy rules can describe a
complicated control surface. A local change of the surface can be easily
accomplished by changing the correspondingrule(s). So that a fuzzy system is
suitable for leaming systems, self-organizing syri.rn., adaptive ,y.t.rr, 

"t..

characteristics) of the fuzzy logic controller in accordance with
the change of the system under control. If you want to puil up
the center of the control surface, you have only to change tni
label of the consequent in the corresponding rule, i.e., the label
.9 (small) in the bracket in Table IV shoulJ be increased to be
M (medium). If you want to change exclusively a small part
of the control surface, you have to narrow the support oithe
corresponding membership function and increase the number
of labels (fuzzy terms) to achieve the effective assignment
of rules. This means the exceptional or irregular points on
the control surface can be easily described in a fuzzy logic
controller. Thus fuzzy rules are very suitable for describing a
sophisticated system by fuzzy linguistic terms (intuitive terms).
Of course, the fuzzy inference can be easily modified by the
concepts of learning, self-organization, adaptation, etc.

VII. CoxcLusloNs

A brief explanation on the fuzzy set and fu24 logic was
made and followed by the comparison betweeu mathematical
description, linguistic description, and neural networks. The
hardware to implement the fuzzy inference and the defuzzifica-
tion is also described in detail. Lastly, a fi:zzy logic controller
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