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Summary

This paper describes an application of fuzzy
legic in designing controllers for industrial plants.
A Fuzzy Logic is used to synthesise linguistic contrel
protocol of a skilled operatcor. The method has been
applied to pilot scale plants as well as in a practical
industrial situvation. The merits of this method in its
usefulness to control engineering are discussed. 'This
work also illustrates the potential for using fuzzy
logic in modelling and decision making. An avenue for
further work in this area is described where the needis
to go beyond a purely descriptive approach and explore
means by which a prescriptive system may be
implemented.

Introduction

The fact that mathematics as a whole is taken to
be synonymous with precision has caused many
scientists and philosophers to show considerable
concern about its lack of application to real world
problems. This concern arises because in logic as well
as in science thexe is constantly a gap between theory
and the interpretation of results from the inexact real
world. Many eminent thinkers have contributed to the
discussion on vagueness, occasionally holding human
subjectivity as the culprit.

In an excellent analysis of the subject Blackl
says ... “"that with the provision of an adegquate
symbolism the need is removed for regarding vagueness
as a defect of language". 1In his paper he strongly
argues that vagueness should not be equated with
subjectivity., Briefly, his argument may be summarised
by noting that the colour 'Blue', say, is vague but
not subjective since its sensation among all human
beings is roughly similar. It is possible to deal with
colour precisely by considering the e.m. radiation
producing it but in deing so the important human
sensation of colour, as it happens to be vague, has to
be sacrificed. Furthermore, it may be argued that
vagueness is not a defect of language, but also an
important source of creativity. Analegies are
extremely important to creative thinking and vagueness
plays a dominant role in such thought processes.

Black's motivation to symbolise vagueness
appears to be at_the back of all investigations of
"Deviant Logics"z. An important contribution in the
past 10 years has been_that of Zadeh's fuzzy-set-
theory and fUZZy-logic3. In his recent writings
zadeh4:5 states clearly his motivation which is to use
fuzzy sets to symbolise Approximate Reasoning (AR).
whereas there are many applications of fuzzy-set-
theory, this paper describes one of the first results
in the application of AR and linguistic synthesis.

An Qutline of the Paper's Content

The intention in this paper is to review the whole
program of investigation concexning the application cf
Approximate Reasoning and to analyse the findings in
order to offer insightful comments and conclusions.
The original work in this program was done in early
19746 and first published later that year7-8. This
was the control of a pilot scale steam-engine using
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fuzzy-logic to interpret linguistic rules which
qualitatively express the control strategy. This work
is briefly reviewed in the next section of this paper.

Since the publication of the above work several
researchers elsewhere have also implemented the
approach using different pilot scale plants. This
together with the continuing work as part of this
programme have produced results which throw more light
on the usefulness of applying fuzzy-logic to linguistic
synthesis. Belows comments are offered on some of the
key findings of these studies.

one of the comments that has been made about
fuzzy~logic is that in its present form it is essen-
tially descriptive and does not cffer a prescriptive
approach to reasoning. In the first place, it should
be noted that fuzzy-logic, like any other fcrm of lcgic
can only be a system for inferring consequences from
previously stated premises and only from these premises.
A prescriptive system is possible, however, if a
hierarchical decision making approach is used sc¢ that
the strategy at a lower level is derived as a
consequence of a description at a higher level. Early
results of such an experiment of a prescriptive method
{some might term this a learning or an adaptive
approach) is discussed later in this paper. To
conclude this paper the last section examines the
future trend in this field in the light of experxience
being gained from current investigations described
heze.

An Experiment in Linguistic Synthesis

A Brief Review of Fuzzy logic

The point of view adopted here is that the
variables are associated with universes of discourse
which are non-fuzzy sets. These variables take on
specific linguistic values. These linguistic values
are expressed as fuzzy subsets cf the universes.

Given a subset A of X (ACX) A can be represented
by a characteristic function: ¥: ¥*{0,1}. If the above
mapping is from X to a closed interval [g,1] then we
have a fuzzy subset. Thus if A were a fuzzy subset of
X it could be represented by a membership function:

Ha: x*[o.rl]

Note that X is a non-fuzzy support set of a
universe of discourse, say height of people. A can
then be equated to a linguistic value such as tall
people. Given two such linguistic values Ay and A, on
the same support set X, logical combinations: Aj;

2 AR, A1VAp; can be formed as:
E} is formed by taking (l—qu) as its membership value

at each element of the support set.

ajha; is formed by taking min (Wap, Hp,) at each

element of the support set, and

AlVAz is formed by taking max (uAl,qu) at each

element of the support set.

It is in the definition of implication that this



logic may be found to differ from other logics. Given
A+B (If A then B), then it can happen that A and B are
linquistic values of two disparate univexses of
support, say X and Y. Note here that the implication
is between individual values and not the underlying
variables. Thus the relaticon R between A and B is a
fuzzy subset of the wuniverse of support X x Y, the
cross—product of X and Y. s X x Y+[0,l]. Hp (%, ¥)
is related to lp(x) and uB(y) (in the present appli-
cation) by the following:

uR(x.y) = min(ua(xl, UB(Y))- xeX, YEY

If the relation R represents a "nested" implication
(i.e. If A then (If B then C) or A¥B*C), then R will
have a corresponding higher order cress-product
support set.

Now if some relation R between A and B is known
and so is some value Al then the idea is to infer B!
from R and Al; B! = AloR, where a' is composed with R.
This has the effect of reducing the dimensionality of
the suppert set of R to that of 8. In this work, the
compositional rule of inference used to relate
uBl te uR and uA, is:

Hpt(y) = max min(u,:(x), uR(x.;)).

Application to a Fuzzy-controller

As stated earlier the linguistic synthesis
approach was initially applied to control a pilot
scale steamengine, a more detailed description of
which is given elsewhere®.7,8. A concise summary of
this work is presented here. One aspect of control in
this system is the regulation of pressure in the
boiler around a prescribed set-point. The control is
achieved by measuring the pressure at regular
intervals and inferring from this the heat setting to
be used during that interwval. The essence of this
work 1s simply that if an experienced operator can
provide the protocol for achieving such a control in
qualitative linguistic¢ terms, then fuzzy logic as
QGescribed above can be used to implement successfully
this strategy.

The protocol cbtained from the operator in this
case considers pressure error (FE) and change in the
pressure error (CPE) to infer the amount of change in
the head (HC). The protocol consists of a set of
rules in terms cof specific linguistic values of these
variables and is shown in figure 1*. HNow it can be
seen that these rules are in the form of If...Then
statements (implications) and thus, from above, each
rule i will translate into a relation R;. The overall
protocel is then a relation R formed by ‘oring'
together the Rj's: R = R1VR2...VRj...VR

n

Let us say now that each rule R; represents an
implication Ay+B;*C;. The decisicn making algorithm
that is implemented contains two phases:

(a) The initial! setting up phase when the prectocol
R is formed from two sets of data:

(i) The individual linguistic values A;, Bj,
C; given as fuzzy subsets.

(ii) The rules as in fig. 1 which specify
the actual combination of these values

to form each R;.

*The abbreviations used for these linguistic values
here are: ZE-zero; PZ-positive zero; PS-positive small,
PM-positive medium; PB-positive big and the same for
negative values NZ, NS, NM and NB. Change in Error
negative is taken as movement towards set-point and
positive as away from set-point.
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(b) The decision making phase is invoked at each
sampling instant during run-time with the exact
measured values Al and B! supplied to it, This
phase then is nothing but the use of a
compositional rule of inference to derive c?
as follows:

1

¢! = alo(slor).

Note that a', B! can be non-fuzzy, wherecas since
¢! is a fuzzy subset of the set cof all possible actiorE
a procedure is required to determine the actual action
to be taken from the knowledge of cl. also there is a
certain advantage in deferring the computation of R
until the second phase. Because then this provides a
means of altering the control strategy on-line by
altering the data structures containing the rules
during run-time. However, what need concern us at
present is the results obtained from the applicaticn
of this method to the pilot scale plant. In repeated
trials it was found that the results compared
favourably with those from a straight application of
classical methods from contrel engineering practice
{i.e. 2 or 3 term controllers).

Comments on Fuzzy-logic Controller Studies

Two main conclusions have beendrawn from this
work. First, that the results vindicate the approach
advocated by Zadeh and demonstrate its potential.
Second, it can be asserted that the method can easily
be applied to many practical situations. This
asgertion is supported by considering.a practical
instance, that of cement kiln operation, in which a
similar control protocol applies. In a book on
cement kilns, Peray and waddell? list a collection of
rules for controlling a kiln. Examples of these rules
are shown in figure 2. From this it is immediately
apparent that the method as described, can be used for
translating these rules.

In recent months, this method has been further
tested, by various research workers—-— 7 on other pilot
scale ‘plants such as batch chemical reactors! ¢ heat=-
exchangers and sc on. In some of these studiesl?®
the plant is characterised by time lag between the
applied action and the observed cutput necessitating
a modification of the method detailed above. The
controller is used in conjunction with a fuzzy plant
model without time lag to determine the actual action
to be applied to the plant itself. In one study
different control policies are compared analogous to
the classical 3 term controller. Worth noting is the
application of this method to a real plant - a sinter
plant at the British Steel Corporation16'17. Results
show that fuzzy control achieves useful reduction in
the standard deviation of the measured output when
compared with a manual operation of the plant. Further-
more it alsc compares favourably with a classical 2-
term control of the plant,

In many of these studies, rules exactly as those
given in fig. 1 are used with only mwinor changes. This
is not surprising as the rules indicate the relation-
ship between errcr, change in error and contrel action
that exists in most dynamical plants. This relation is
mainly cne of monotonicity between the outputs of a
plant and the input applied to it. What is more of
interest is that in most studies it is found that this
form of controller is far less sensitive to parvameter
changes within the plant than the classical 2-term
contreller, At this stage only a qualitative
explanation can be offered for this. It appears that
the former is a reasonable controller as it relies on
the underlying relaticonships between the plant outputs
and inputs whereas the latter is a pedantic controller
in which the action is computed as a linear combination



of the measurements and thus more susceptible to
parameter changes.

These results and observations have motivated a
further analysis of the fuzzy controllerl?. It is
easy Lo see that because of the incremental nature of
the action (heat change instead of actual heat value)
the fuzzy controller is analogous to a proportional
plus integral contreller, (i.e. integral control is
achieved without the need for memory in the controller
which could not be easily accommodated in purely
fuzzy logic context). It has also been noted that
just as a classical controller can be tuned by
adjusting the gains of the terms, the tuning of the
fuzzy controller can be achieved both by adjusting the
gains in a similar way and also by adjusting the
protocol (see below). This has prompted many to
suggest that in a fuzzy controller one has a 'non-
linear' controller . While such analogies are usefuly
in the view of this author they can also sometimes
mislead. For example, the term 'non-linear' in a
control sense implies that one views the model of the
plant as an integro-differential system. In a truly
system sense the word 'non-linear' can have no
meaning., Partly to emphasise this, the fuzzy
controller has been applied to a system which is not
commonly modelled using integro-differential
equations - a traffic junction“-, 1In this applicaticn
the controller considers the waiting queue in one leg
of the junction and the rate of flow in the cther to
determine the extension of the green phase of the
traffic lights, Results indicate that the method is
obviously applicable in areas other than industrial
plant controllers., To put it succinctly therefore,
with complex humanistic systems as with difficult
plants (difficult in the sense that they are
difficult to model accurately using integro-
differential equations), heuristic decision making
and controel can be used very effectively. The point
therefore is that fuzzy leogic is a powerful methed for
implementing heuristics.

To implement heuristics using this method the
likely source of difficulty, then, is that the
quality of decision is only as good as the relation R
from which it is inferred. R is in turn affected by
three factors. First, it is affected by the set of
rules in the protocol. With more complex situations
a good protocel is not easy to.derive., What is
referred to as human factors research is devoted to
exactly such matters®~. Unlikely as it may seem the
human being does not always find it easy to verbalise
his considerations during decision making. As a
hypothetical example an operator may say he tock an
action because the system felt 'sticky'. Thus he may
attribute an action to variables that cannot be
related to physical guantities let alone measurablie
oned (colour of the flame in some process for another
example) . The human operator alse finds it difficult
to control either toc fast a system (because he
cannot integrate his action) or too slow a system
(because he cannot determine rates of change) or too
complex a system {(because he has too many variables to
control). Thus it is important that the future work
in this area must consider the derivation of the
initial protocol very carefully.

The second factor affecting the quality of
decision (though not R itself explicitly) is the
underlying range of elements in the support set which
provides the context for interpreting the linguistic
rules, This can be illustrated by noting that 'tall
people' in a land of pygmies is likely to have the
support set of range of height from 3 to 5 ft. 6in,
whereas the more normal range of height may be from
4ft te 7ft. Such considerations are implicit in any
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application and are egquivalent to what a control
engineer would term the gains applied to each variable.

Finally, R is affected by the membership values
in the fuzzy subsets defining the linguistic values,
This is perhaps the least important of all the factors
because the degree of change permitted here is limited
as too much change in the membership values of a fuzzy
subset is likely to affect the linguistic meaning
ascribed to it. This is illustrated in figure 3 in
which the effect of a given linguistic value (bold
line) is altered by using a different linguistic value
{(as in a), increasing the gain, thus decreasing the
range of the suppert set (as in b), and lastly in a
minor way by adjusting the defining values of the
fuzzy subset.

A Recipe for a FPrescriptive Approach

As mentioned earlier, the main difficulty that
is likely with this method is that a gocd decision
requires that a good set of rules are described at the
beginning. And yet the goal in any application and a
set of assumptions regarding that application are much
easier to state. In the control situation the geoal
is simply to regulate the plant output around the
set-peint and the only assumption is that the plant in-
put and output are monctonically related. If the
output is high then too much input was applied and vice
versa. Therefore the proper amount of input required
can usually be inferred backward from the stated goal.
An early attempt at implementing such a prescriptive
approach is described here 0.

The overall schematic diagram for the control
system is shown in figure 4%, The goal is effectively
a band within which the output is to be maintained.

It is specified as fuzzy rules which give the
corrections needed to keep the output within the band.
The input to these rules are time from start and the
set-point deviation. The rules specify the change to
be made in the controller. Examples of these rules

are:
(a) IF Time is Small AND deviation is negative
big THEN desired change is big.
(b) IF TIME is big AND deviaiion is posiiive

zero THEN desired change is zero.

The result of this set of rules is used to alter
the lower level control rules appropriately. Since
these control rules are of the form A;j*B.-C; the
modification is affected by first finding the
linguisting values A; and By that best describe the
plant state for which a change in action is reguired.
This search is simply done by a supremum cperation on
the range of linguistic values. The action Ci in the
controller rules at A;, Bj value 1s then altered by
the desired amcunt. The results of applying this
policy are shown in figure 5,

The tables in fig. 5 are a method of displaying
all the linguistic rules of the contreoller. The
measurements error and change in error are given on
the axes and the table entries give the action to be
applied. The abbreviations are as stated in the foot-
note on page 2,

The rules in figure 5(a) (those without asterisk)
are the stated protocol of an experienced cperator.
On applying the above procedure the extra rules
marked with an asterisk are created improving the

*The system in this experiment is a simulation of a
batch chemical reactor.



performance slightly. When the expeximent is started
with no rules at all then the rules of fig. 5(b) are
created. The difference between the two strategies
merely imply two feasible solutions within the
praescribed band. Now it is possible to narrow this
band but in the extreme case this results in a lack
of convergence of rules, the guality of control how-
ever remains satisfactory.

The convergence property itself is a matter of
further investigation. Analysis suggests that the lack
of convergence may be attributed to two factors.
Firstly it can arise because the controller is
required to make a decision based on not enough
‘variables. Secondly, since the measured state of any
system is the consequences of a whole history of
past inputs it is not enough to alter the rule
affecting only the single previcus state. This is
the familiar 'bootstrapping' notion found in learning
control application.

To conclude therefore, the advantage of the
prescriptive method is that it reduces the
difficulties with deriwving a good protoccl mentioned
earlier providing the relevant variables can be
identified. The protocol is then derived by a process
of accumulation or integration of past experience.
Present work is aimed at extension of this method to
a multi-variable situation.

Conclusions

The prescriptive approach described above is
very much an ad hoc implementation. It illustrates
what needs to be done tc advance beyvond a simply
descriptive system., What is desired is that such an
approach should appear naturally within a suitably
improved fuzzy legic theory itself. If, as is
suggested here, hierarchical statements are a main
requirement of such a theory then this means that
fuzzy logic should have an auto-dascriptive
property found in multiple valued logicslo. From the
application point of view both a learning situation
described here as well as decision making in complex
systems are best framed in terms of hierarchical
structures. This is very much the direction in which
the theory of Fuzzy logic and approximate reasoning
is likely to go. The work described here demonstrates
the great usefulnessof applying AR using fuzzy logic
to management and other humanistic systems.
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PRESSURE ERROR = PE, CHANGE IN PRESSURE ERROR = CPE

AND HEAT INPUT CHANGE = HC

[F PE = (NB or NM) THEN IF CPE = NS THEN HC

OR

[F PE = NS THEN IF CPE = PS THEN HC = PM

OR

IF PE = NO THEN IF CPE = (PB OR PM) THEN HC

OR

PM

PM

IF PE = NO THEN IF CPE = (NB OR NM) THEN HC = NM

OR

IF PE = PO OR NO THEN IF CPE = NO THEN HC = NO

OR

IF PE = PO THEN IF CPE = (NB OR NM) THEN HC = PM

OR

IF PE = PO THEN IF CPE = (PB OR PM) THEN HC = NM

OR

IF PE = PS THEN IF CPE = (PS OR NO) THEN HC = NM

OR

[F PE = PB OR PM} THEN [F CPE = NS THEN HC = NM

Fig. 1 A list of rules used in the steam-engine

control system

BACK-END TEMPERATURE = BE, BURNING ZONE TEMPERATURE = BZ
PERCENTAGE OF OXYGEN GAS IN THE KILN EXIT GAS = OX

CASE CONDITION

1 BZ Low
0X Low
BE Low

2 B/ Low
0X Low
BE ok

3 BZ Low

0X Low
BE HieH

TOTAL OF 27 RULES

ACTION TO BE TAKEN

WHEN BZ IS DRASTICALLY LOW
A. REDUCE KILN SPEED

B. REDUCE FUEL
WHEN BZ IS SLIGHTLY LOW
INCREASE [.D. FAN SPEED
D. INCREASE FUEL RATE

C.

AI
BI
C

-}

REDUCE
REDUCE
REDUCE

+ REDUCE
« REDUCE
» REDUCE

KILN
FUEL
IIDI

KILN
FUEL
IlDl

Fig. 2 Examples of rules used for controlling a

cement kiln
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SPEED
RATE
FAN SPEED

SPEED
RATE
FAN SPEED



— ' (A) CHANGING THE SUBSET (I.E. THE RULE)

— —— — —— (B) (CHANGING THE SUPPORT SET
- (C) CHANGING THE MEMBERSHIP FUNCTION
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(o} 50 160

Fig. 3 'Modification of fuzzy control

PRESCRIPTIVE
— JFUZZY
TINE BAND

RULE
MODIFICATION
SET POINT ALGORITHM

FUZZY
ééb CONTROLLER ACTION
ERROR

SYSTEM

Fig. 4 Schematic diagram for an adaptive
controller
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CHANGE IN ERROR

CHANGE IN ERROR

NB
NM
NS
IE
PS
PM

PB

NB
NM
NS
ZE
PS
PM

PB

ERROR

NB NM NS NZ PZ PS PM PB
PB*| PB*| NS | NM } PM | PS NB*
PM* NS | NM | PM | PS
PM | PM | ZE | NS | PS | ZE | NM | NM
PB| PB| PM| ZE | ZE | NM | NB | NB
PB|{ PB| PM | PS { NS { NM | NB | NB
PB | PM | NM | NB
PB| PB | PB | PM | NM [ NB | NB | NB
(A)
ERROR
NB NN NS NZ PZ PS PM PB
PB| PB| NB [ PB | PS | PB
PB ZE | ZE | PB | NS NB
PS PS | ZE | PM | NM NB
PB ZE | ZE | PS | NM
PS{ PS| PB | ZE | NB
ZE | ZE | NM { NS
PB| PS| PB| PS| NS | NB | NB | NB
(B

Fig. 5

Rules resulting from a learning process
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