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Abstract— Fuzzy modelling has the approximation prop-
erty for the given input-output relationship. Especially,
Takagi-Sugeno fuzzy models are widely used because they
show very good performance in the nonlinear function ap-
proximation problem. But generally there is not the system-
atic method incorporating the human expert’s knowledge
or experience in fuzzy rules and it is not easy to £nd the
membership function of fuzzy rule to minimize the output
error as well. The ANFIS (Adaptive Network-based Fuzzy
Inference Systems) is one of the neural network based
fuzzy modelling methods that can be used with various
type of fuzzy rules. But in this model, it is the problem to
£nd the optimum number of fuzzy rules in fuzzy model.
In this paper, a new fuzzy modelling method based on the
ANFIS and pruning techniques with the measure named
impact factor is proposed and the performance of proposed
method is evaluated with several simulation results.

I. INTRODUCTION

The main purpose of fuzzy modelling is to achieve a
set of local input-output relations that describe a process.
As is well known, the problem of system modelling
requires two main stages: structure identifcation and
parameter optimization. Structure identifcation deals
with the problem of determining the input-output space
partition and, in particular how many rules must be
used by the fuzzy system. Parameter optimization is
in charge of £nding the optimum values of all the
parameters involved in the fuzzy system, i.e., location
the membership function (MFs) in the premise of each
rule and its consequent.

There have been various approaches to optimize the
fuzzy systems. Most of them considers a £xed topology
of the fuzzy systems and then optimize the set of pa-
rameters under that unchangeable structure. From early
works [2], [3] in which the fuzzy controller parameters
were determined by trial and error through the works
of Wang and Mendel [4] to the more sophisticated
approaches [5], [6], [7] based on steepest descent using
neuro-fuzzy systems, all of them were based on an a a
priori £xed fuzzy system topology.

The fact that parameter adjustment has been focused
on than system identif£cation is understandable since the
latter is a very complex task for which it is very diffcult
to obtain reliable procedures and it is not possible to test
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system identifcation without parameter adjustment. The
£rst relevant approach to tackle both tasks was TS model
[1]. TS model is a particular multiple model defned
as a set of fuzzy rules of the form “If premise then
affne local behavior”. The global model is obtained by
combining the local models using appropriate weighting
functions.

Since then, several different approaches to fuzzy mod-
elling, most of them based on clustering techniques [8],
[9], [10] have been proposed. Rules are generated based
on the each cluster divided in these methods. There
were also many methods using the genetic algorithm
[11] or the orthogonal transformation such as SVD, QR
decomposition [12] or the proposed criterion [13].

The ANFIS [7] is one of the fuzzy modelling methods
focusing on parameter identifcation and show good
performance. But it is still a problem to £nd the optimum
number of fuzzy rules in fuzzy model. In this paper, a
new pruning technique with appropriate measure named
impact factor (IMF) is applied to the ANFIS. The impact
factor based on the variance of the MFs and used as
the index of the importance of rules. Based on these
measure, the pruning technique is applied to remove the
useless rules.

The paper is organized as follows: the mathematical
formulation of the ANFIS is presented in section II
The IMF and pruning algorithm proposed is described
in section III and some simulation studies are reported
in section IV. The last section concludes the paper.

II. ANFIS

The ANFIS is one of the methods to organize the
fuzzy inference system with given input-output data
pairs. It can be applied to general fuzzy models and
used widely because of its performance. The ANFIS
optimizes the parameters of consequent part using least
square method and those of premise part using steepest
descent method.

Next, the fuzzy model considered in this paper and
the detailed optimization method will be described. We
consider the Takagi-Sugeno fuzzy model and assume the
case having two input x.y and one output z for the



simplicity. The TS model has the following two rules.
Rule 1: Yz is Ay and y is By, then fi = prz+qiy+m1
Rule 2: If x is As and y is Bs, then fo = pox+qay+72
layer 2 layer 3

layer 1 layer 4 layer 5

W,

Fig. 1. ANFIS model

The corresponding ANFIS architecture is shown in
Fig. 1. A square node (adaptive node) has parameters
while a circle node (£xed node) has none. The node
functions in the same layer are of the same function
family as described below:

Layer I: Every node 7 in this layer is an
adaptive node with node function

O} = pa,(z) (1)

where z is the input node i, and A; is the
linguistic label (small, large, etc.). In other
words, Of is the membership function of A4;
and it specifes the degree to which the given
x satisfes the quantifer A;. We use following
bell-shaped function,

pa,(@) = exp{~ ("))

@

where {a;, c;} is the parameter set. Parameters
in this layer are referred to as premise param-
eters.

Layer 2: Every node in this layer is a £xed
node labeled [] which multiplies the incoming
signals and sends the product out. For instance,
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Each node output represents the £ring strength
of a rule.

Layer 3: Every node in this layer is a £xed
node labeled N. The ith node calculates the
ratio of the ith rule’s £ring strength to the sum
of all rules’ £ring strengths:

w; = pa () X p,(y),i=1,2

Wi
w1 + wy

w; = C))
For convenience, outputs of this layer will be
called normalized fring strengths.

Layer 4: Every node 1 in this layer is a adaptive
node with a node function
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where {p;,qi,r;} is the parameter set. Pa-
rameters in this layer will be referred to as
consequent parameters.

Layer 5: The single node in this layer is a £xed
node labeled Y that computes the overall out-
put as the summation of all incoming signals,
ie.,

O} =W; fi = Wi(pix + qiy +74)

_ Ei w; f i
X wi

)

The premise and the consequent parameters can be

chosen to minimize the following sum of squared error.

05 = overall output = Zﬁ,— fi
i

N
E=Y (Tn—Op) )
m=1

where T}, is the desired output of mth data and O,,
is the output of fuzzy model using mth data and N
is the total number of training data set. The steepest
descent method as in neural network can applied to
£nd the premise parameters and least square estimate
can be applied to optimize the consequent parameters.
Each step is executed iteratively with another parameters
£xed.

III. PRUNING ALGORITHM

To examine the £ring strength of the rule is helpful to
determine whether the rule is useful or not. For example,
if one rule always has the zero £ring strength to all data,
then that rule is useless. Besides, if one rule has almost
same £ring strength to all data, that is, the variance of
£ring strength is small, then that rule is replaced by bias
terms or parameters. Considering these effects, we can
remove useless rules based on the measure driven by the
variance. The impact factor (IMF) of rules is de£ned as:

1 4 __ N4\2
IMF; = & 3 (0} - O)

t meR;

®)

where N; is the number of data which has an effect
on ith rule and O? is mean value of ith output in layer 4.
This value is used as the index of usefulness of a rule. At
each iteration in learning process, the rule with smaller
IMF value than the given threshold is removed. And
series of these pruning process may cause that removal
of MFs itself.

The pruning algorithm is shown in Fig. 2. First, we
start with the fuzzy system having many MFs and the
initial MFs are separated uniformly over the whole input
range. At every iteration of learning procedure, after
£nding the premise and consequent parameters, the IMF
of each rule is calculated. If the IMF of one rule is
smaller than prede£ned threshold 7, that rule is pruned
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Fig. 2. The pruning algorithm

and the system is retrained. Else the process runs next
iteration with no pruned rule. And if the mean squared
error of the pruned system is smaller than the high
threshold T}, the structure of system unchanges. Else
if the performance is unsatisfactory, the pruned rule
is restored and next iteration will be executed. This
process is continued until the mean squared error exceed
the desired error bound T or the iteration reaches the
maximum iteration,

IV. SIMULATION RESULTS

A nonlinear dynamic system modelling is simulated
to evaluate the performance of proposed method. The
following second order system is given in [12], [14],
(15].

y(k) = g(y(k — 1), y(k — 2)) + u(k) )]

where

gly(k = 1), y(k — 2)) = L B-RLEL 05),

The objective is to approximate the function g(y(k —
1),y(k — 2)). This problem is 2-input and 1-output
case and 400 data set is generated. 200 training data
are grouped among them and the other are used in
validation. The data set is given as follows: the process
starts from initial state (0,0). The £rst 200 (training)
points are generated using the input randomly distributed
in the range of [—1.5,1.5] and the next 200 (validation)
points were generated using the input varying with the
sinusoidal function, u(k) = sin(27k/25).

At £rst, each input have 5 MFs, that is, total number
of rules is 25(=5x%5). After pruning process, the fuzzy
model having 4(2x2) rules is obtained. The output of
the plant and the £nal fuzzy model are shown in Fig. 3.
The output error between the two models is plotted in
Fig. 4. And the obtained MFs of two input are shown
in Fig. 5 and Fig. 6 respectively.

Some comparison results with other methods are
shown in Table I. The proposed method £nds the fuzzy
model has as small number of rules as the other methods
and the performance is comparable. And it is noted that
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Fig. 3. The output of the plant and the £nal model
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Fig. 4. Output error

the £nal model is dependent on the threshold and error
bound. The smaller model is obtained in the case with
larger threshold and larger error bound as expected.

V. CONCLUSION

In this paper, the pruning algorithm based on the IMF
is proposed. We use the Takagi-Sugeno fuzzy model and
neuro-fuzzy network based learning(ANFIS). Starting
from the model has large size, after £nding the premise
and consequent parameters using steepest descent and
least square method respectively the model is pruned
based on the IMF. And these loop is repeated until the
MSE is worse than desired threshold. Simulation results
show the usefulness of the proposed method. But the
£nal structure depends on the simulation parameters and
it is still problem to adjust these values. There is a trade-
off between accuracy and compactness of model and
more analysis 1s required.
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