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Approximate models using fuzzy rule bases can be
made more precise by suitably increasing the size of
the rule base and decreasing uncertainty in the rules.
A large rule base, however, requires more time for its
evaluation and hence the problem arises of determin-
ing the size that is good enough for the task at hand,
but allows as fast as possible reasoning using the rule
base. This trade-off between computation time and
precision is significant whenever a prediction is made
which can become “out of date” or “too old” if not
used in time. The trade off is considered here in the
context of tracking a moving target. In this problem,
a higher degree of accuracy results in tighter preci-
sion of determining target location, but at the cost of
longer computation time, during which the target can
move further away, thus ultimately requiring a longer
search for exact target localisation. This paper exam-
ines the problem of determining the optimal rule base
size that will yield a minimum total time required to
repeatedly re-acquire the moving target, as done by
a cat that plays with a mouse. While this problem has
no known solution in its general formulation, solutions
are shown here for specific contexts.
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1. Introduction

Fuzzy control based on If..then rule models has become
very successful in many fields of application [3, 6, 8, 9].
Rule based control is usually fast and transparent, even
when analytic knowledge about a model of a system to be
controlled is not available or is known only partially.

Fuzzy rule based control algorithms are suitable for
function approximation. Where the optimal transfer func-
tion for a particular control problem is known, a fuzzy
controller will provide an approximation of the system. It
will generate a transfer function that has a lower absolute
difference from the ideal (e.g. in the sup-norm sense) the

more (and more precise) rules. There are various opinions
in the literature stating that fuzzy controllers are universal
approximators with arbitrary fineness, or that low com-
putational complexity can be obtained by a trade-off with
rough approximation only (cf. [2]). Obviously, if the size
of the model is “too big”, the run-time will increase con-
siderably as the evaluation of this “too big” model takes
too much time. However, if the size is “too small”, the
knowledge will be too imprecise and the conclusion will
not be exact enough. This trade-off between computation
time and precision is significant whenever a prediction is
made which can become “out of date” or “too old” if not
used in time.

This optimisation problem can be illustrated with a tar-
get tracking problem introduced in [5], called the “Cat and
Mouse”. In this problem the inaccuracy of the conclusion
maps into the search time that is assumed to be propor-
tional with the inaccuracy itself, while model complexity
obviously maps to calculation time. In this way the total
“cost” is expressed in terms of the total problem solution
time, so that this sum can be calculated and optimised.
Several initial results showing how to optimize the num-
ber of rules in the base in some simplified cases will be
presented in this paper.

2. The “Cat and Mouse” Problem

2.1. Problem Introduction

Let us suppose that a target point (the “Mouse”) is mov-
ing in an n-dimensional space (n � 1). The model of the
mouse’s behaviour is analytically not known a priori, or
is known only partly. However, some knowledge about
the mouse’s movements is available: e.g., behavioral in-
formation might be given, or bounds on some quantities
might be known. For instance, for velocity, the mouse
cannot move with arbitrary velocity in any direction; for
acceleration, the mouse cannot change its velocity arbi-
trarily, etc. This knowledge might be contained in a fuzzy
rule based model.
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Let us suppose that there is a fuzzy rule based model
available, based on present observations. Based on this
model, a prediction is calculated in the form of a fuzzy
conclusion set, which represents the possible position of
the mouse at the next period. The model and the predic-
tion algorithm form the inference part of the “Cat” that
attempts to locate the mouse exactly in the given time.
Clearly, the time necessary for calculating the prediction
depends on the model: as the more rules there are, the
longer the time needed to obtain the prediction.

2.2. Uncertainty Criteria
There are two ways of interpreting uncertainty in the

conclusion here: One is the size of the total area where
the mouse might be in the next period, i.e., the size of the
support of the normalised conclusion, which is the same
as the support of the original conclusion:

Uwc �

�����supp

�
r�

i�1

B�
i �y�

������
�

����supp

�
r

max
i�1

min�wi�Bi�y��

�����
where r is the number of rules in the base, wi are the de-
grees of matching between the observations A��x� and the
rule antecedents Ai�x�, and Bi�y� are the corresponding
rule consequents. The latter part of the formula refers to
the Mamdani-inference. If the prediction refers to the po-
sition directly, Y � �y� � X � �x�. This interpretation
corresponds exactly to the usual concept of the worst case.

The other way of interpreting the uncertainty in the
conclusion is to consider the possibility distribution B��y�
as proportional to the subjective probabilities of the
mouse being at a certain location. In this case it is nec-
essary that the search be carried out according to decreas-
ing membership values in the conclusion (thus, it must be
started at one of the maximal points). In this case, search
time will be considered proportional on the average with
the average size of the area that has to be searched un-
til the mouse is found. Let us suppose there are n discrete
units ∆y within supp�B��y�� that have to be checked. Each
unit is represented by a certain yi, and so, the subjective
probability of finding the mouse in ∆y is

p�i �
B��yi�

∑n
j�1 B��y j�

�

Let us order these subjective probabilities so that p�
1 �

p�2 � �� � � p�n. Then the best search strategy is that we
first look for the mouse in y1, then in y2, etc. Treating
p�i as real probabilities (which they are not, as the search
according to a concrete prediction cannot be repeated,
consequently it would be senseless to consider p�

i as the
limit of any relative frequencies), the expected number of
“looks” is estimated by:

E�i� �
n

∑
i�1

ip�i �
∑n

i�1 iB��yi�

∑n
j�1 B��y j�

where the duration of the “look” is proportional to the area

that is represented by a single yi (i.e. to the nth part of the
total support size). Consequently the uncertainty is:

Uev �
�supp�B��y���

n
∑n

i�1 iB��yi�

∑n
i�1 B��yi�

� ∆yi
∑n

i�1 iB��yi�

∑n
i�1 B��yi�

if ∆yi denotes the ith part of the support size. This type of
uncertainty corresponds to the usual concept of expected
value.

It is reasonable to construct a continuous form of this
expression. In order to do so, we slightly rearrange the
above equation:

Uev � �supp�B��y���
∑n

i�1
i
n B��yi�

∑n
i�1 B��yi�

�

In this equation i
n represents the relative extension of

the area where the membership degree is at least B��yi�
so we introduce the concept of the “relative α -cut func-
tion” αB��y� of fuzzy membership functions B��y� with
the bounded support αB� : �0�1�� �0�1� and α represents
the relative size of the α -cut of B��y� compared to the to-
tal size of the support. Obviously α is monotone decreas-
ing, as the α -cuts are nested into each other. Moreover, its
limit for α � 0 is always 1. The value αB���supp�B��y����

expresses the ratio

�core�B��y���
�supp�B��y���

�

(Where core denotes the core or kernel of the fuzzy set.)
For crisp membership functions C�y�, αC�y� � 1 holds.
For crisp singletons α is by the definition also identically
1. With the help of this new function, the limit form of
Uev is:

Uev �Uwc

�
yαB��y�dy�
B��y�dy

�

�
yαB��y�dy�
αB��y�dy

from which it is clear that for crisp conclusions (singleton
or not), the two uncertainties are identical, and that in any
other case Uev �Uwc. It is difficult to decide which defini-
tion of U is more suitable for describing the uncertainty in
the prediction. The difficulty lies mainly in the problem
that the interpretation of possibilities as subjective prob-
abilities has weak justification, unless there is additional
knowledge that describes the statistical behaviour of the
rule base. Suppose that the conclusion is the following
(verbally expressed): “The mouse is possibly in cell 1,
but it might with a low possibility also be in cells 2, 3 or
4”. It is quite obvious here to check cell 1 first, but we
cannot be sure that the mouse will be there. Maybe it will
be found only in the last cell to be checked. It is little help
for us that probably, if the same conclusion could be ob-
tained many times, and if it could be guaranteed that those
cases were independent from each other, our experience
would prove that in most cases the mouse would be found
in cell 1. The reason is that there is no possibility for a
repeat of the experiment, and the probability is high that
it will never occur in the future. On the other hand, it can
also not be assumed that the individual conclusions will
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behave as if they were manifestations of a single event
space, namely, that the distribution of the actual positions
of the mouse relative to the subjective probability distri-
butions represented by the conclusions should be e.g. uni-
form, as there is no justification of assuming any statisti-
cal hypotheses on the behaviour of the rule base – at least
not without additional statistical knowledge about them.
Thus, if there is no additional information available con-
cerning the distributions, the calculation will be treated
as if we had interval valued conclusions only, without
the finer knowledge of the membership functions Bi�y�.
(However, this information is neglected in the estimation
of uncertainty, can be used in the actual search or control
task, e.g. when calculating the defuzzified conclusion.)

The problem of not having a single event space is also
similar to when somebody tries to win by playing roulette
every day in a different casino. He observes the frequen-
cies of various outcomes for a while and then he has es-
timates for the most probable result after the next turn
and so he puts his stake on the expected winning num-
ber. When he fails, he goes on the next day to another
casino and starts the whole procedure again. Experience
tells us that some people play for very long times and they
never win (on the long term). The reason is that the indi-
vidual play occasions are not manifestations of the same
event space.

In most cases when a rule base is constructed, there is
no additional information available on how the individ-
ual consequent functions are related to the statistics of the
real behaviour. If the cat is an “expert”, it will anticipate
the next steps of the mouse. In some regions of the state
space it will have good expertise (e.g. when the mouse is
near to a piece of cheese, where it can be assumed with a
high probability that it will chose a trajectory that brings
it closer to the food), but in some other regions, the cat
might have very little knowledge, and its guess (the rule
consequents in the neighbourhood) might be quite impre-
cise. As a real example, Burkhardt and Bonissone [1] ap-
ply a rule tuning method in order to obtain a better rule
based controller from a rather rough, equidistantly dis-
tributed model. They obtain a good controller (with fine
rules, with narrow supports) near the set point, and they
keep the original very rough model in the distant regions
where during the tuning there was no new information.
Probably, some of the rules will give better results (those
which are based on more experience), and some will not
(those which are very subjectively estimated), and there is
no guarantee that the kernels or centres of gravities of the
functions will always provide the expected values of the
“best” output.

Because of these considerations, in this paper, we will
restrict investigations to the worst case uncertainty mea-
sure. However, it must be stressed that further research on
the optimisation with the more sophisticated Uev criterion
might produce some interesting and practically important
results. This could be the case where the rules are gen-
erated by evaluating statistical data connecting the inputs
and outputs of the controller to be assembled, such as by
Sugeno and Yasukawa [7].

2.3. Problem Delineation

The mouse has to be located, i.e. a conclusion drawn,
and its uncertainty determined. The total tracking time τ
between two successive exact localisations of the mouse
comprises two components: τ � Ti�Ts, where Ti is the in-
ference time and Ts is the action (search) time (equivalent
to the uncertainty in the original context).

Let us call a model finer if there are more rules in it,
and those rules have smaller supports. Even though these
two features are not formally connected, we will always
assume their connection, as there is really no reason to in-
crease the number of rules in a model if it does not help
with decreasing the sizes of consequents. As the model is
made finer, the size of the rule base will increase and con-
sequently Ti will increase, while Ts will decrease. Thus,
one would like to determine a degree of fineness / rough-
ness of the model that minimises τ � Ti �Ts.

Finding the optimal roughness with the aim of reduc-
ing computational (e.g. time) complexity illustrates that
a theoretical universal approximator becomes completely
irrelevant as it might be reasonable to reduce the accuracy
of approximation in order to have more effective (fast and
successful) action.

The “roughness” or “fineness” of the rule base is first
of all expressed by the number of rules. It is although true
that an arbitrary rule base might be locally fine but rough
elsewhere, but in the next sections we will assume that
the rule antecedents are distributed uniformly. If this is
not the case in real control systems, the number of rules
calculated can be considered as locally interpolated num-
ber of rules, and the optimisation can be done iteratively
for various neighbourhoods.

With the above simplifying assumptions (worst case
search, uniform distribution of rules), an optimisation task
can be formulated. It is not obvious whether there is any
meaningful solution to the problem. So, in the next sec-
tion we will examine whether a nontrivial optimum exists
for the number of rules in the base if the costs of inference
and search are set. As optimality will be considered in the
worst case, τ has to be calculated for the case where the
cat finds the mouse in the last examined corner of the pre-
dicted territory. The position is unambiguous in that the
n-dimensional space is discretised into small hypercubes
(with edges of ε) within which the positions can not be
distinguished. In order to avoid any additional difficulty
caused by the mouse’s movement while the cat is search-
ing, it will be assumed that the cat takes a snapshot every
time when it is ready with its prediction and searches on
the snapshot.

3. Models of Position Prediction

It is obvious that many different models can be assumed
for the cat. If the cat has tractable analytic and deter-
ministic knowledge about the movements of the mouse,
and is able to observe the exact parameters of its target,
there is no need for any fuzzy model at all. Fuzzy mod-
elling and control gain importance when the model is too
complex and intractable for practical purposes, or when
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Fig. 1. Rules fired for two fuzzy observations.

the knowledge is uncertain and the behaviour of the target
appears to be non-deterministic from the point of view of
the tracker, and finally, when it is not possible to observe
the exact position. In realistic situations all these difficul-
ties might occur simultaneously (including in the original
control application). Because of these, we assume that no
kinematic model of the mouse can be formulated.

Let us assume that we have a rule based mouse model,
which uses one or more observable parameters of the
mouse. In the following sections we investigate the fol-
lowing models:
� Model 2: one input, one output, fuzzy observation

(1/1/f)
to introduce our terminology;
� Model 4: k inputs, one output, fuzzy observations

(k/1/f)
to extend our treatment to deal with multiple inputs;
� Model 6: one input, n outputs, fuzzy observation

(1/n/f)
to extend our treatment to multiple outputs instead. We
omit discussion of the intermediate Models 1,3,5,7 which
use crisp observations, respectively 1/1/c, k/1/c, 1/n/c, and
k/n/c.

This now leaves the reader with the tools to derive the
last model:
� Model 8: k inputs, n outputs, fuzzy observations

(k/n/f).

Clearly Model 8 is the general model of which all of
the presented models are subsets. Instead of providing
the lengthy derivation, for clarity of exposition we chose
to start with the very simplest models to introduce our
terminology, and then discuss the different increasingly
complex models which then require less lengthy exposi-
tion. This we believe will optimize the length of exposi-
tion on the fuzzy models we describe and minimise the
reader’s time in understanding the concepts and deriva-
tions in our paper.

3.1. Model 2: One Input, One Output, Fuzzy Ob-
servation

In a realistic situation, the Cat is often unable to identify
the exact value of the observed parameter (e.g. position)
and hence the observation is in the form of a fuzzy set,
that is, a fuzzy number. This has the effect of increasing
the uncertainty in the reasoning procedure, as it increases
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18.00tau
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Fig. 2. Comparison between lower bound, upper bound and τ .

the number of rules fired. As the uncertainty in the fuzzy
conclusion (total united support of the fired consequents)
becomes larger, this in turn will increase the search time
as well.

Let the support of fuzzy observation A� be �supp�A����
u. The value of u is a fraction indicating the uncer-
tainty of the observation. The number of rules fired f is
2� �u�d� 	 f 	 
u�d�, where d � 1��r� 1� is the dis-
tance measured for example between the two peaks of two
neighbouring antecedents, that are assumed to be equidis-
tantly located. This is true almost everywhere, except for
the special case when there is coincidence of the end-
points of the observation and the antecedents’ member-
ship functions. In the example of Fig. 2, r � 5, d � 1

r�1 �
1
4 � 0�25, u � 0�30 and hence u�d � 0�30�0�25 � 6�5,
�u�d�� 1 and 
u�d�� 2. As shown in the figure, while
both observations have uncertainty u � 0�30, the left ob-
servation fires 3 rules, while the one on the right fires 4
rules.

In the worst case

Ti�r� � c0r� c1 f � c0r� c1

�
2�

�u
d

��
�

Ts�r� � c2 f β � c2
2 f
r

� 2c2
2�

	
u
d



r

�

From which:

τ �r� � c0r� c1

�
2�

�u
d

��
�2c2

2�
	

u
d



r

�

Substitution of 1��r�1� for d yields:

τ �r� � c0r� c1 �2� 
u�r�1����2c2
2� 
u�r�1��

r
�

Lower �τ̆ � and upper �τ̂ � bounds on τ can be easily
obtained as:

τ �r�� τ̆ �r� � c0r� c1 �2�u�r�1���2c2
2�u�r�1�

r
and

τ �r�	 τ̂ �r� � c0r� c1 �3��r�1���2c2
3�u�r�1�

r
�

Both τ̆ �r� and τ̂ �r� have a minimum that can be ob-
tained by differentiation:

d τ̆ �r�
dr

� c0 � c1u�2c2
�2�u�

r2
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and

d τ̂ �r�
dr

� c0 � c1u�2c2
�3�u�

r2 �

Both have a nontrivial minimum (at a somewhat differ-
ent value of r):

r̆ �

�
2c2�2�u�
c0 � c1u

and r̂ �

�
2c2�3�u�
c0 � c1u

�

While neither r̆ nor r̂ is necessarily identical to the real
minimum, they provide a relatively good estimate as the
two functions τ̆ and τ̂ differ by at most c1 � c2 (in height)
and τ itself is between these two.

Let ρ be the desired integer value for which τ �r̄� is
minimal. The value of τ �r̆� or τ �r̂� do not differ from the
minimal value of τ �ρ� by more than c1 � c2, i.e. τ �r� 	
τmin � c1 � c2 for both approximate minima.

As an example, consider the following case: u � 0�05,
c0 � 0�0, c1 � c2 � 3. Fig. 2 shows the graphs of τ̆ �r�
(lower grey line), and τ̂ �r� (upper grey line), and τ �r�
(middle black line). The values of τ �r� for integer val-
ues of r are shown as solid bullets in the graph.

For this case, r̆ � 8�83 and r̂ � 10�86. However, func-
tion τ �r� of this example is fairly flat and hence it keeps
on decreasing for r � 10�11�12� � � � – while both τ̆ �r� and
τ̂ �r� have already started to increase again.

Actually, τ �ρ� � 21, which seems quite “far away”
from the computed values of r̆ and r̂. Thus, at first it
might appear that the values of r̆ and r̂ are not very use-
ful, as what is needed is really the value of ρ and that can
be quite distant from r̆ and r̂. However, this is not so, as
shown next.

Let r j be a value for which u�r j � 1� is an integer and
hence 
u�r j�1��� u�r j�1�. Notice that u�r j�1��1 �
u�r j �1�1�u� � u�r j�1�1� is also an integer and then:

τ �r j� � c0r� c1�2� 
u�r j�1����2c2
2� 
u�r j�1��

r

� c0r� c1�2�u�r j�1���2c2
2�u�r j�1�

r
� τ̆ �r j�

and

τ �r j�1� � c0r� c1�2� 
u�r j�1�1���

�2c2
2� 
u�r j�1�1��

r
� c0r� c1�2�u�r j�1�1��

�2c2
2�u�r j�1�1�

r
� τ̆ �r j�1��

That is, at r j�r j�1, r j�2, � � �, the functions τ and τ̆ coin-
cide. Notice that r j�1 � r j � 1�u and recall that u 	 1
(so 1�u � 1). Thus, if one were to start from as initial r
and move to the right (left) by 1�u, it will certainly find a
position where τ and τ̆ coincide.

From here the derivatives are

d τ̆
dr

� c0 � c1u�2c2n�u�2�
�2�u�r�1��n�1

rn�1

d τ̂
dr

� c0 � c1u�2c2n�u�3�
�3�u�r�1��n�1

rn�1 �

3.2. Model 4: k Inputs, One Output, Fuzzy Obser-
vation

The model and rule type are the same as in the above
model, and the support of the observation is �supp�A����
ak. (Similarly to the assumption concerning t, we consider
uniform uncertainty in every input variable.) Accordingly,
the number of fired rules in one dimension is

f1 �
�

2�
� a

α

��
, and f � f k

1 �

As before, α is the distance of two neighbouring an-
tecedents in each dimension. The value of α depends on
t: α � �X �

i�1 (assuming that for every dimension i, �Xi� is
constant). As in Model 2:

2�
a
α
	 f 	 3�

a
α
�

Using similar formulas as above we obtain

Ti � c0kt � c1

�
2�

� a
α

��k

while

Ts � 2c2

�
2�

	
a
α

k

r
� 2c2

�
2�

	
a
α



t

�k

from which substitution of 1��r�1� for α yields

τ � c0kt � c1�2� 
a�t�1���k �2c2

�
2� 
a�t�1��

t �1

�k

�

Because of the existence of the upper and lower bound
functions for f the following two continuously differen-
tiable bounds can be considered for τ :

τ̆ � c0kt � c1�2�a�t�1��k �2c2

�
2�a�t�1�

t �1

�k

	 τ

	 τ̂ � c0kt � c1�3�a�t�1��k �2c2

�
3�a�t�1�

t �1

�k

�

The first derivatives are

d τ̆
dt

� c0k� c1ka�2�a�t�1��k

�4c2k

�
2

t �1
�a

�k�1 1
�t �1�2

and

d τ̂
dt

� c0k� c1ka�3�a�t�1��k

�6c2k

�
3

t �1
�a

�k�1 1
�t �1�2 �

Unfortunately, it is not possible to give the explicit so-
lutions of dτ̆

dt � 0, and dτ̂
dt � 0. We show, however, that
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such solutions necessarily do exist.
The “increasing parts” of the functions (gi1 � c0k �

c1ka�2 � a�t � 1��k�1 and gi2 � c0k � c1ka�3 � a�t �
1��k�1 respectively) assume gi1�2� � c0k � c1ka�2 �
a�k�1 and gi2�2� � c0k � c1ka�3 � a�k�1 at t � 2
which is the minimal value for t, while the “decreas-
ing parts” (gd1 � 4c2k

�
2

t�1 �a
k�1 1

�t�1�2
and gd2 �

6c2k
�

3
t�1 �a

k�1 1
�t�1�2

) assume at the same locations

gd1�2� � 4c2k�2�a�k�1 and gd2�2� � 6c2k�3�a�k�1.
The expression gi1 � gi2 � 0 iff c0 � �4c2 � c1a��2�

a�k�1 is satisfied if c0 is small compared to c2. Otherwise
the function has no zero to the right of t, so the minimum
is the extremal t � 2. If this difference is negative in t � 2,
there must be a zero on the right of 2 as the increasing
part goes to infinity, and the decreasing part to zero when
t goes to infinity, i.e., the difference itself goes to infinity.
So in every case there is a minimum for τ̆ , and in a similar
manner for τ̂ (even though the two may not be identical).
The two values give a rough estimate for the minimum of
τ itself.

The exact minimum can be found by applying an algo-
rithm of repeated check, as τ consists of several sections
of the “reference functions”

τr � c0kt � c1constk �2c2

�const
t

�k

of which the minimum can be found by solving

dτ
dt

� c0k� c1k constk�1�2c2k
constk

tk�1 � 0

which is easily done. This is the first candidate for the
exact minimum, and next the left breakpoints must be ex-
amined in a similar manner to Model 2. Unfortunately,
here there is also a chance that some further minima on
the right must be checked.

Example: Let us use the same parameters as before:
c0 � 1 ms, c1 � 5 ms, c2 � 5 s, k � 2, and const � 3. The
solution of the equation

210�3 �510�323�
2532

t3 � 0

gives the number of terms per dimension. This produces
t � 18, and r � 324. As a � 10�3, 
�t � 1�a� � 
17
10�3�� 1, this is the exact minimum.

3.3. Model 6: One Input, n Outputs, Fuzzy Obser-
vation

The expression of τ is

τ � c0r� c1 f � c2 f βn

� c0r� c1
2�a�r�1��� c2
2�a�r�1��

�
2
r

�n

which can be similarly bounded from both above and be-
low as in the previous models. The approximate optimum
is calculated then by solving

d τ̆
dt

� c0 �ac1 �2nc2
�n�a�2��ar�n�1��

rn�1
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Fig. 3. Comparison of Model 4 (2/1/f) and Model 6 (1/2/1)
examples.

and its pair for dτ̂
dt , which is a rather similar problem to the

previous ones.
Figure 3 shows the comparison of the major models

discussed, using the examples from the respective sec-
tions. Note that as the number of rules becomes very
large, for all models the c0r term dominates. We are,
however, mostly interested in the minimum of the curve.
Comparing models 3 and 4, we notice that the fuzzy out-
put model has its minimum at a higher cycle time and also
higher number of rules. The same can be noticed in com-
paring models 5 and 6. It is interesting to notice that the
difference between the crisp and fuzzy versions appears
to be greater in model 3&4 than in model 5&6, that is,
the difference appears greater when the fuzziness is at the
input, rather than the output.

The models where both the inputs and outputs are mul-
tidimensional can be treated in a similar manner, on the
analogy of Models 3 and 5, and Models 4 and 6, respec-
tively.

Finally we would like to point out the fact that once a
model is given, it is possible to reduce it to a “rougher”
one using the interpolation model as proposed in [4].

4. Conclusions

The use of linguistic variables and terms for values is
an attempt to mimic human ways of solving control prob-
lems using experience expressed as rules. By analyz-
ing the clear mathematical formulas behind these intuitive
methods, some further conclusions for the applicability of
fuzzy control can be obtained. The analysis of real con-
trollers is especially useful in showing their limitations,
that are in distinct contradiction with the rather optimistic
conclusions coming from results on idealistic fuzzy con-
trollers that have some nice analytic properties.

We have shown that it is possible to investigate the op-
timal size of the model if a certain – rather practical –
optimality criterion is set, by assuming cost factors for
inference time and uncertainty in the fuzzy conclusion.
In summary, in many concrete models there exists an op-
timal trade-off between accuracy and complexity of the
model. Even though the cases shown here do not repre-
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sent the whole range of practically important types of con-
trollers, they give concrete answer for several important
simple and fundamental cases. Further research should
follow with the extension of the class of controllers ex-
amined, and also with the use of the expected value un-
certainty which may add to the full understanding of the
problem.
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� L. T. Kóczy, “Fuzzy if...then rule models and their transformation into
one another,” IEEE Tr. SMC A, Vol.26, No.5, pp. 621-637, 1996.
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