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Abstract
la this paper the concept of

Approximate Fuzzy Data Model
(AFDM) is introduced. An attempt is
made for input variable identification
for fuzzy modeling of dynamical
systems using the fuzzy curve, which is
the output of AFDM. An output ratio
is defined based on AFDM and system
output that gives rise to the proposed
criteria whose effectiveness is
demonstrated by experimentation on
mathematical models as well as by
simulation on a few examples of
dynamical systems. The proposed
criteria thus serve as a significance test
for the identification of inputs that
actually affect the output.

1. INTRODUCTION

Takagi and Sugeno[13 have proposed
a method to create a fuzzy model with
unimodal fuzzy partitioning and linear
consequent from input-output data. To
identify, the input variables, they go through
several stages to add either a number of
fuzzy partitions or input variables in order to
improve performance index (minimum error)
of the fuzzy model. In stage 1 they build a
one input fuzzy system with two partitions
for every input candidate. The input of fuzzy
system corresponding to the best
performance index (PI) is chosen as the, first
input. Taking this input with four partitions,
or two partitions along with remaining input
with two partitions, they build a series of
input fuzzy systems in stage 2. In this stage
either input is added or a 'number of
partitions is increased on the basis of

improvement in the PI. They keep on adding
either input variables or fuzzy partitions until.
the PI can ,not be improved further. For A'T
input candidates and p maximum partitions,
the maximum number of fuzzy systems to be
tested for input variable identification is
p N ( N + l ) ( p + 2 ) / %

Later on Sugeno and Yasukawa [2]
have proposed another method to simplify
the process of input variable identification of
fuzzy model -by delinking it from fuzzy
partitioning. Tu identify th?. input variables,
they build single input fuzzy systems for
every input candidate. The input of fuzzy
system corresponding to the best PI is chosen
as the first input. Taking this input and
remaining input they build a series of two
input fuzzy systems. They keep on adding
input variables one at a time until the PI can
not be improved. For N input candidates the
maximum number of fuzzy system to be
tested for input variable identification in this

case is N(N +I) / 2.
For a system with a large number of

input candidates, building

pN(N + l ) ( p + 2 ) / 8 or N(N + L)/2

fuzzy models is not practical. To solve this
problem, the cpncept of fuzzy curve [3] is
applied on dynamic systems to evaluate the
significance of 'input candidates before
modeling the system. We propose new
criteria for input variable identification on
the basis of significance evaluated from
fuzzy curves. This approach is
computationally simple and the time
complexity is linear with respect to the
number of input candidates.

The organization of the paper is as
follows: In section 2 we introduce the
concept of AFDM and propose new criteria
for input variable identification. In section 3,
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we present the results of validation by the
proposed criteria on the well-known
examples and compare the performance of
our results with the several previous
published results. Finally conclusions are
relegated to section 4.

2. INPUT VARIABLE SELECTION

For any model there are, of course, a
number of possible input candidates, which
should be restricted to a certain number. We
select ,a set of input variables among the
given possible input candidates, which affect
the output. In a conventional black box
approach of system theory, the models are
based on pre-assigned input-output variables.
Generally speaking, some criterion is
required to evaluate the . performance of a
model. Output error, i.e., the difference
between model output and real output may
be used in the criterion. However, as far as
input variable selection is concerned, it is
well known that output error can not be used.
So, a special criterion needs to be devised.

Lin and CunninghamIII [3] have
proposed a fuzzy curve approach for input
variable selection. They have tested its
efficacy' on static systems. They have
arbitrarily chosen the inputs among the tested
input candidates according to the order of
their significance based on fuzzy curve.
Their procedure lacks the exact selection of
inputs to the model. Fuzzy model error will
be minimum, if the identified variables are
the ones, which actually affect the output of
the system. Moreover, if some variables are
missing or some additional variables are
identified, model error will not be minimum
in fuzzy modeling. We wish to propose
criteria for identification of only .those
variables, which actually affect the output of
the system, among the input candidates using
fuzzy curve which is the output of
Approximate Fuzzy Data Model (AFDM).

2.1 Fuzzy curve

AFDM is used to evaluate the
relative significance of input candidates
xi (i = 1, . . . , n ) . For this purpose, consider
a multi-input and single-output (MISO)
system. Under the assumption that all input

candidates are non-interactive, there is one
rule for each set of data points

(xik ,Yk ) (k = 1,2,..., m), and is of the

form in xi - y space:

RF :Ifxi is pf (x i ) then y isyk

( k = 1 , 2 , . . .,m.) (1)

where p: (xi) is a Gaussian membership

function for input variable xi corresponding

to data point (xik .yk ) and is defined by:

(2)

In general, p! (xi)may be made to take any

shape including triangular, trapezoidal, etc.,
by changing the power of Gaussian function.
In (2), a value for b is taken as 10% to 20%

of the length of input interval of x, and for

xi=xik, p!(x,)= 1 . 0 . T h e defuzzified
output of any value of xi over the range can
be obtained by the weighted sum (center of
gravity) method as follows:

n
With the above procedure an output curve is

obtained over the range of x, and is called a

fuzzy curve. Significance of variable x,,
among the input candidates, is evaluated
from the approximate changes in the output

of AFDM over the range of input xi.. This
change in output with respect to the change
in system output is defined as a ratio c, in
the following equation:

Cf = X 1 0 0

(4)
Here the question arises up to which

significance we shall select inputs to the
model? This can be judged by the following
criteria proposed by us. Before applying the
criteria, sort out all the input candidates to
the model in descending order of their
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corresponding c, and calculate the

consecutive differences, i.e., (c, -c , + ~) . The
proposed criteria are:
Criterial: Select all those input candidates

for which ci > = 20.
Criteria2: Among the selected input

candidate select all those input
candidates for which

(ci-c~+~)< = 3(c~-~-ci), for
i = 2, . . ., n

Experimenting on several mathematical
models we have arrived at the ab0v.e criteria.
In addition, validity of the criteria is also
shown for examples 1, 2 and 3 in section 111.

3. SIMULATION RESULTS

We present three examples in this
section. The first example involves the
identification of input variables for a known
dynamical system [4], based on our proposed
criteria using fuzzy curves and FNN
modeling. Second example is of Gas furnace
[5], which involves further validation of our
proposed criteria. The third example is
concerned with the modeling of human
operation of process control.

3.1 Example 1

We consider two-input, and single
output bilinear dynamical model [IO] given
below:

y(k) = 0.8y(k - 1>.I (k)+ 0.5~~ (k - I)y(k - 2)

+ U&-4) + a.&)I

(5)
to provide the input output data sequence,
which is expressed as follows:
datal (a = 0):
{~(k), ~[(k), ~2(k), k=1, 400 } (6)
data2(a= 1):
{~(k),~i(k),~2(k),k= 1,4001 (7)

In the model (5), e(t) is an
uncorrelated random noise uniformly
distributed over the interval ( -0.08, 0.08 ).
Therefore, data 1 are noise free and data 2
are noisy. Input u,(k), and u2(k) are both
uncorrelated random sequences uniformly
distributed over the interval (0.1, 0.9).

We consider the variables ul(t), ~~(t-1)
U,(T-2), UDT-31, u,(t-4), %(t), uz(t-0, uz(f-2),

Uz(t-3), u2(t-4), u,(t-5), u2(f-6), y(t-l), y(t-2),
y(t-3) andy(t-4) for input candidate to model.
The results obtained are summarized as
follows:

On the basis of criteria 1 and 2, y(t-l),
y(t-2) u2(t-4), u,(t), and U,(T-L), are selected
as inputs to the model for both datal and
data2. Validation of proposed criteria is
shown in Figs. l(a) & l(b) for datal and
data2, respectively, by starting with the first
variable and then adding the significant input
variables one by one and evaluating the
performance of learned model.
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Fig. 1. Plot of PI of learned model with Number
of variables considered for Example 1 for
(a) datal (b) data2.

3.2 Example 2: Gas furnace

In this a famous example of the
system identification given in [5] is
considered. The process is a gas furnace with
single input u(t), gas flow rate and single
output y(t), CO2 concentration.

Since the process is dynamical, we
consider eleven variables u(t) to u(t-6), and
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y(t-I), to y(t-4) as input candidates which
affect the present output X0- On the basis of
the proposed criteria for the selection of
input variables to the model, we obtain u(t-
5),u(t-4),y(t-I), u(t-6), u(t-3), y(t-2) as input
variables. Validation of the proposed criteria
is shown in Fig.2 by the procedure outlined
above.
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Fig. 2. Plot of PI of learned model with Number
of variables considered for example 2.

3.3 Example 3: Human operation at a
chemical plant

Here, we deal with a model of an
operator's control of a chemical plant [2],
which is meant for producing a polymer by
the polymerization of some monomers. Since
the start up of the plant is very complicated,
an operator has to make the manual
operations in the plant.

2 3
No. of Variables -

Fig. 3. Plot of PI of learned model with Number
of variables considered for example 3.

There are five input candidates, i.e.,
monomer concentration U1, change in
monomer concentration u2, monomer flow
rate 213, local temperatures inside the plant «4
and u5, which the human operator might

refer to for control, and one output i.e., y (set
point for monomer flow rate), his control
action. The operator determines the set point
for the monomer flow rate and the actual
value of the monomer flow rate to be put into
plant controlled by PID controller. First, we
find the fuzzy curves for all the variables and
evaluate the ranges of fuzzy curves.
Application of criteria 1 and 2 indicates that
the operator must refer to the information on
ul and u3 to decide the control action.
Validation of proposed criteria is shown in
Fig. 3.

3. CONCLUSIONS

The paper proposes the new criteria
for the selection of inputs to the fuzzy model
of dynamical system based on the input-
output data. By defining the ratio of range of
AFDM output and system output in the data
set, the new criteria have been evolved. The
validity of these criteria has been
demonstrated on three examples. It is found
that the choice of input variables to the
model based on proposed criteria yields a
superior performance.
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