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Abstract— In this paper an improved algorithm for online identification of Takagi-Sugeno fuzzy rule-based
models from I/O data streams is proposed. The TS model has evolving structure i.e the fuzzy rules can be added,
modified or deleted automatically. Both parts of identification algorithm (unsupervised fuzzy rule-base
antecedent learning by a recursive, non-iterative clustering, and the supervised linear sub-model parameters
learning by RLS estimation) are developed for the MIMO case. The radius of influence of each fuzzy rule is
calculated as an adaptive vector instead of being fixed vector, allowing different arecas of data space to be
covered. The centers and widths of membership functions initially determined by online clustering are
optimized continuously using a gradient descent method. This feature enables the identification algorithm to
deal with time-varying systems and non-stationary data streams. Simulation studies (using two benchmark
problems ) and comparisons with some other online learning algorithms demonstrate that a more compact
structure with higher performance is achieved by the proposed approach.
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Real-time implementation of offline identification
methods is very difficult or even impossible due to
their time-consuming re-training procedures. High-
volume and non-stationary data streams (produced for
example in large industrial processes ) can not be
analyzed in batch mode methods such as back-
propagation or genetic algorithm. Real-world
engineering problems such as intelligent systems

1 Introduction

System Modeling plays an important role in many
engineering fields such as prediction, communication
and control. TS fuzzy models are powerful practical
engineering tools for modeling and control of complex
systems. They have a quasi-linear nature and utilize
the idea of approximation of a nonlinear system by a
collection of fuzzily mixed local linear sub-models.

This feature enables them to approximate severe
nonlinearity, —multiple operating modes, and
significant parameter or structure variation [1].

The methods for learning TS models from data
have two major parts: structure identification
(estimation the number of required fuzzy rules and the
centers and widths of their membership functions) and
parameter identification (learning the free parameters
of linear sub-models of the consequents). With fixed
antecedent parameters, the TS model is transformed to
a linear model with some parameters which are
calculated by RLS algorithm.

require important features such as fast and online
incremental adaptive learning, open structure
organization, ability for memorizing information,
knowledge acquisition and self-improvement [7].
These requirements lead to development of evolving
fuzzy  neural networks (EfuNN), evolving
connectionist systems and evolving rule-based takagi-
sugeno (eTS) models.

The TS learning algorithm is based on a recursive
evaluation of the informative potential of new data
points and the focal points of the rules[1]. The
algorithm updates the number of rules and their
antecedent and consequent parameters continuously
and dynamically. Outliers have no chance to become



Proceedings of the 8th WSEAS International Conference on Fuzzy Systems, Vancouver, British Columbia, Canada, June 19-21, 2007 133

rule centers. It is important to note that learning could
start without a priori information and only one data
sample. Therefore this approach is very useful in real-
time control, adaptive control, robotic, diagnostic
systems and data acquisition [2].

In [1], an approach for online learning of MISO
(Multi-Input ~ Single-Output)TS fuzzy models is
proposed. the extension of this algorithm into MIMO
(Multi-Input Multi-Output) case is demonstrated in
[2]. In some situations the number of fuzzy rules
grows dramatically because their criteria do not
consider the conditions where some inefficient fuzzy
rules need to be deleted. Reference [3] presents an
adaptive fuzzy modeling and control scheme. Both [1]
and [3] consider the radius of influence of each fuzzy
rule as a constant vector that is determined initially by
the user. To the authors' experience, the radius of each
cluster should not kept constant, because the
distribution of data points significantly changes in
dynamic systems. This concept is considered in this
paper. Even if the radius of influence of some clusters
can be constant, due to the lack of priori information
about the distribution of data points in clusters it is
not easy to determine it at the start of algorithm
without clustering.

Most of structure identification methods are based
on data clustering such as fuzzy C-means clustering,
mountain clustering, and subtractive clustering. These
approaches require all input-output pairs of data to be
ready before starting the identification process. A few
online clustering methods can be found such as one
presented in [6], but it is suitable for a special neural
fuzzy system only (self-constructing neural fuzzy
inference network).

In [4] a nonlinear transversal fuzzy filter with
online clustering is proposed. The clustering method
needs some constants to be predefined. These
constants significantly affect the number of rules, but
there is no straightforward way to determine them. In
[5] and [6], dynamic fuzzy neural networks (DFNN)
are presented. However, in these methods all past
training data must be stored. Therefore, heavy
memory and computation burden are unavoidable.

In this paper, a modified online subtractive
clustering is used to determine the number of rules
and the center and radius of influence of each new
fuzzy rule. To reach a precise and efficient model, the
modeling approach needs to be able to handle all the
necessary operators as adding , removing , and
modifying . But, most of the existing methods either

do not consider all the aforementioned operators
(especially the removing one) or suffer from lack of a
good mechanism to handle the operators. In this paper
, heuristic criterions are proposed to add, modify or
delete the rules. The centers and widths of all
membership functions are updated using the gradient
descent (GD) method.

This paper is organized as follows. In section 2 we
formulate the MIMO TS model. An online
identification method for  models with some new
aspects is presented in section 3. Numerical examples
are provided in section 4 to illustrate the performance
of the presented method. Concluding remarks are
given in section 5.

2 General description of MIMO TS
Model — a review

TS models can be described as a set of fuzzy rules
of the following form:

R[:IF(JCliSA[l)AND ..... AND(xnl'SAI-”) (1)
THEN y'=xT 7" 5 i={LR}
Ris the number of fuzzy rules, x=[x; , Xo, ., Xa]"

denotes the input vector, x.=[1;x] is extended input
vector, to consider a free parameter of consequent
part. A; denote the antecedent fuzzy sets, y' is the
multidimensional output vector of the i-th linear sub-
model and ©' are its parameters(assuming m output
variables ):
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We use Gaussian antecedent fuzzy sets because it
ensures greatest possible generalization of the
description ( it assumes normal distribution of data in
a clusters ):

2
yl-j(xj)zexp —[XUCUJ ; i=1:R ; j=1lin X
gy
Where cj and oj are the center and width of the
Gaussian function that represents the degree of
belongness of x; to the i-th cluster.

Linearity of consequent part sub-models is a very
useful characteristic , especially for controller design.
For example, in the model predictive controllers



Proceedings of the 8th WSEAS International Conference on Fuzzy Systems, Vancouver, British Columbia, Canada, June 19-21, 2007 134

which are extensively being used in process control,
an optimization problem should be solved in each
sampling period. If we use the nonlinear model for the
process, the optimization problem becomes nonlinear
and complicated , which has no explicit solution and
should be solved by time-consuming iterative
procedures. By using linear model of the process,
there are several explicit solutions in the form of
program codes for a linear optimization problem
which is encountered. Likewise, controller design for
a linear system is easier than a nonlinear ones.

Activation level of the rules are defined as
Cartesian product of a respective fuzzy sets for this
rule:

0,0)= 1 ptx ) ®)
j=1

The normalized activation level of the i-th rule is

calculated as follows:

| 6
I a ©

2
k=1
The level of contribution of the i-th linear sub-model
to the overall output of the TS model is proportional
to A; The j-th output variable of TS model is

calculated by weighted averaging of individual rules
contribution :

R .
Yy, =X Ay s j=lm (7
i=1

3 Improved online identification of eTS
model

Essential parts of online learning of eTS models are
recursive clustering, derivation of a gradually
evolving rule-base and weighted RLS algorithm. Basic
stages of the procedure are described.

3.1 Rule-base initialization

At the start of learning, the first data point is
considered as the focal point of the first cluster. Its
potential is assumed equal to one. The covariance
matrix C is initialized with large values,Q, in its main
diagonal:
k=13 R=1; xi=xz: pyle)=1 (8)
6=m=0;, Ci1=Q

. *
Where ¢, is the center of first cluster and x; is the

focal point of first rule( a projection of ¢, on the axis

X)

3.2 Calculating potential of new data point (start
the loop)
At the next time step(x =k +1), the potential of new

data point (z")is calculated by a cauchy type function
of first order:

1 k=ln+m .2 -

P(zp= 1+712 > (df) | k=23 ©
~1ia ja

where dgj}le,'— zl§ )

Starting from (9) and expressing the projection of
distances in an explicit form for the time k , recursive
formula of the potential is derived as follows, which is
very important for online implementation of the
learning algorithm:

_ (k—1)
Pitzr) (k=D + 1)+ 74— 2vy

(10)

Where

n+m k=ln+m
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It is seen that ﬂlf and Ty are related to the previous data
J

samples. in order to reduce the computational load,
these variables are calculated recursively:

n+m 12 k k1 P
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=
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3.3 Updating the potentials of the centers
Definition of potential depends on the distance to

all data points, including new data point. Therefore

the new data point kaffects the potential of the

centers of existing clusters. Using (9), the potentials
of the focal points of the existing clusters are updated
recursively:

k-Dp, ()
k=24 p, () Py (e

(12)

pk(C[):

k
Ci—Z

3.4 Rule base evolution
The potential of ,¥is compared to the potential of

the centers of existing clusters and a decision whether
to add, modify or delete a rule is made as follows:

eTo add or modify(replace) the rule:
IF the potential of the new data point is higher than
the potential of existing cluster centers:
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pk(zk)>pk(ci) i=1:R (13)
AND Z"is close to the jth cluster center:
é‘min <0.5 (14)

e
R k "

Where § i, = min Hx - xi” is the distance from
i=1

Z° to the closest existing rule center ,THEN Z*

replaces this center:
x;=x"s prle) = pu(zh (15)

By this method, we replace a less informative rule
with a more informative one. Note that the definition
of &, 1s done around x instead of z. Therefore, it will
be impossible for a rule with similar antecedents to
exist in rule-base. Such rules could exist according to
the definition of  J,, used in [1-2], if their
consequents are different. such rules lead to
contradiction in their linguistic interpretation.

IF only condition(13) is satisfied, THEN Zz* is added
to the rule-base as a new center and a new rule is
formed with a focal point based on a projection of this
center on the axis x:

R=R+1; x;=xk ; pk(cR)=Pk(zk) (16)
e To delete the redundant rule
At this stage, suppose that we have R'rule. let

dmin as .
dmjn:min{exf’[_zci_q]} d=1:R—-1;1=2:r (17)
ol +lel

R
and p = max pk(Ci) . Suppose ¢, and ¢, are
i=
the two centers
Pilcd) <pilep)-
IF dmin Pilcd) <1 THEN the a-th rule is deleted
lodl P
from the rule-base.

with the closest distance and

3.5 Adjusting consequent parameters

Structure identification needs an initial set of
parameters for model verification. Therefore, structure
and parameter identification can not be completely
separated. It is possible to determine the initial
consequent parameters using offline training or chose
them arbitrarily. for a fixed rule-base and antecedent
parameters, the rule consequent form a set of linear
equations leading to a linear regression problem,

which can be solved by recursive least square
estimation.

During continuous learning, normalized activation
levels of rules change, which affects past and new
data. Therefore, straightforward application of RLS
and WRLS is not correct. To solve this problem,
Covariance matrices and parameters are reset once an
existing rule is modified/deleted or a new rule is
added.

Vector form of the output is presented as

N T
Vi =V Ok (18)
Where y is a vector of inputs that are weighted by a

normalized activation levels of the rules and 0 is a
vector composed of the linear sub-model parameters:

T

Ok =Ll .75k (19)

T
V=[xt doxt s Arxe] (20)
For global optimization, we have:

N 2

Jc= Z(yk—y/,fﬁ) (21)

k=1

Consequent parameters vector 0 that minimize Jg can
be estimated by the following RLS algorithm:

A A T A
Ok =0kt Ck¥ 1 (Vi ~V 1 0D
T
Ck—l‘//Tk‘//k Cr-1 k= [ N]
Ity Cra
Where 0‘1 =0 and C,;= Q..
When a new rule is added, the RLS algorithm is reset

in the following form:
1. Consequent parameters are calculated as:

(22)

Cir=Cra~ (23)

A (AT AT T AT r
Ok =1 =1)s L2 (1) ++++ 57 R(k—1)s 7 (R+1)k)
(24)

R
where T(R+1)k = Z/Iiﬂ'i(k—l) .

1

2. Covariance matrices reset as follows:

o PAIR(n+m) 0 .. 0
............... (25)
Ci= paR(ner)l paR(iHm)R(er) 0 .. 0
0 0 0 Q ... 0
- e e 0
0 0 0 0 .. Q)
o is an element of previous covariance matrix and
R2+1
pP= 7
R
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When a rule is replaced with another rule, the
covariance matrix and consequent parameters of the
new rule are taken from previous rule without change.
It is quite straightforward how to reset cand ¢ when
arule is deleted.

In the case of local optimization, ¢ should minimize
the following cost function:

R
JL= ZI(Y X' i)TAl'(Y -X"m)

=

(26)

The local parameter estimation is based on WRLS:

A A T -

Tt = i)+ CitXek—1 Aiek—DVy = Xek1 i) 27)
ik DCitk—1x. k—1XTk—1C i(k—1

Ci=Cig—1y~ l a )Te ek ilh) (28)
1+ 2i(x—Dxek—1Cik—1Xek—1

Initial conditions are ;=0 ; C;=QlL the

covariance matrices are separate for each rule in this
case:
Cik c R(n+m)><(n+m); i=[1,R] (29)
When a new rule is added, its consequent
parameters are determined by (24). Also we have:
Crin=QIL Parameters of the previous rules are
inherited (Ttik:TEi(k_l), Cik:Ci(k-l) .i=[1,R]) . Parameters
of all rules remain unchanged if a rule is replaced.
When a rule is deleted, its parameters are deleted too.

3.6 Calculating radius of new rule
The width of fuzzy model membership functions is
significant for its generalization. if the width is less
than the distance between the adjacent inputs which
means underlapping , the neuron does not generalize
well. However, if the width is too large, the output of
the  sub-model may always be large (near 1)
irrespective of inputs and the partition which makes
no sense in this case. Therefore, the width must be
carefully selected so as to ensure proper and sufficient
degree of overlapping [6]. In our method, The width
of the j-th membership function of newly generated
rule is computed as follows :
maX{‘zj—caj Zj_Cb/H "
O(R+1)j = S "

>

(30)

Where ¢, and ¢, are the two nearest neighboring
centers of the clusters adjacent to the receptive field,
where the newly arrived pattern is located,. Also S is

an orbitary constant (1.5<S<2.5)and » is the input

dimension.
G. Optimization of membership function parameters

Contrary to the conventional fuzzy-neural network
based approaches, consequent parameters of the eTS
model can be computed without the BP based
algorithms [4]. Because the TS model is linear after
the corresponding centers and the widths are
allocated. The scheme of parameters determination
consist of two phases, during the forward pass,
parameters of membership functions are assumed to
be fixed and the free parameters of linear sub-models
are determined. during the backward pass , the centers
and widths will be optimized by a gradient descent
method.[13]

To optimize the centers and widths, we adopt the
following cost function

N N R
E= 2 0= 2 (v(H)-5(K) 1)
Where y(k)and j(k)are the real and estimated
outputs.The centers will be updated as follows:
cij = cijtAcy (32)
OF OE oy 0,
AC; = _Irci = _Z”Cii
by O 0 Ocyy (33)
& NAYRS AN Xi~Cjj
- erc/”ti[ z (y,—yr)(yr—yr)J[ . ]]
r=1 Oij
And the widths are updated as follows:
o= ojthay (34
A . OE __, OE v O
cij=lres—="lre %%
LTy T oy (35)
2
m YN Xj—cjj
- zzraz{ > (yr—yr)(yr—yr)J bxre)
r=1 Oij

Where | and l,; are the learning rates of centers and
widths respectively.

For the linear regression model in the consequent
parts, the second order statistics of the input signals
in (18) is not only decided by the model input , but
also the nonlinear mapping which depends on the
membership functions. In other words, the input of the
linear regression models are non-stationary which is
made possible by adjusting of the centers and widths
of membership functions. To optimize the model, the
recursive algorithm has to seek the optimal weights 6
and keep track of changing position of the optimal
point as well. To prevent deteriorating the
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performance, the parameters of the membership
functions are updated in each p sample period, not in
each sampling period. p is a constant which depends
on the number of free parameters in the consequent
part. Normally p is set to 2u(n+1) because the RLS
algorithm is convergent in the mean value for every
time-step p greater than 2u(n+1) [4].Therefore, the
centers and widths are updated as follows:
OE OE

Ac.:i=——E , Ag::=
1 2 l
J ac[j by

(36)

o0

k+
where Ep= .Z (y(l')—f/(i))z'

i=

The algorithm then returns to 3.2

p
k

4 Simulation results

Example 1: Nonlinear dynamic system identification:
the nonlinear dynamic plant is described as:
pan <D O25]

I+y " @)+y @ +1)

The input/output data of this plant are widely used to
verify the performance of system identification
procedures. The corresponding fuzzy model can be
represented by
Y+ = f (@), y(t =1),u(?)) (38)

Where £(.) is unknown. Our objective is to find an
evolving TS fuzzy model of f(.) by using the
algorithm proposed in section 3. The input signal is
chosen as u(k)=0.5sin(27k/5)+0.5sin(27zk) -.the results
and the comparison with some other methods are
shown in figure 1 and table 1 respectively.

Table 1 confirms that our model is of lower error
(RMSE),  while its number of parameters is much
lower than the number of parameters of the other
online models.

(37

Example 2: Mackey-glass time series prediction: This
series is a well-known benchmark problem for testing
system identification algorithms. It is generated by the
following equation

w0 =220=D 61
1+ 1% 1)
We assume x(0)=1.2,7 =17. The aim is to identify the

(39)

following prediction model:

x(1+85) = f[x(t),x(t —6), x(t —12), x(t —18)] (40)

Figure 2 shows the Rule-base evolution and
estimation error. In this section, non-dimensional error
index (NDEI) is defined as a ratio of RMSE over the
standard deviation of target data. The comparison of
the proposed model with other models based on
different online identification methods is shown in
table 2.

It is clearly seen in table 2 that our model is more
accurate with least number of parameters. Although
the NDEI of some other models (such as Denfis with
883 fuzzy rules) is relatively close to the NDEI of our
model, but the number of parameters of these models
are much higher.

In order to test the robustness of the eTS model a 5%

random noise has been added to the standard Mackey-
glass time-series. Our model has evolved toonly 4
rules and NDEI=0.5189 which means that the noise

Table 1
comparison of structure and performance
Algorithm/authors | neurons | RMSE | Para-
/ rules meters
DFNN[5] 6 0.0283 48
GDFNN[6] 6 0.017 -
OLS (s.chu,.,1991) 65 0.0288 326
RBF-AFS 35 0.1384 280
(cho,..,1996)
Adaptive model[3] 8 0.0849 -
Our method 2 0.0092 8
3
2 Number of rules [ l \ 0.1
1 Estimation error 70.05
o— — ¥
0
- o 50 100 150 200 250 300
samples
Fig. 1. Number of rules & Estimation error
6
ar 0.1
2 Number of rules Estimation error 10.05
o 0
_20 260 460 660 860 1000
samples

Fig. 2. Number of rules & Estimation error
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Table2
comparison of structure and performance
Algorithm/authors Rules/ NDEI
units

RAN(kasabov&song,2002) 113 0.0373

ESOM(kasabov&song,2002) 114 0.32
ESOM(kasabov&song,2002) 1000 0.044
EfuNN (kasabov&song,2002) 193 0.301
EfuNN (kasabov&song,2002) | 1125 0.0904
Denfis (kasabov&song,2002) 883 0.033
Denfis (kasabov&song,2002) 58 0.276
eTS[1] 113 0.095

eTS (victor&durado , 2003 ) 9 0.38
Fuzzy Transversal filter[4] - 0.0597
SONFIN [c.juang & c.lin 9 0.0796

,1998]

Neural gas 1000 0.062
DFNNJ[5] 5 0.0584
OLS 13 0.0698
RBF-AFS 16 0.0473
Our method 4 0.0117

has no effect on the number of rules (clusters). The
ability of proposed algorithm to reject the noise and
finding the appropriate number of clusters despite the
noise is an important characteristic especially in
classification problems and pattern recognition.

5 Conclusion

An improved approach to online identification of
evolving TS fuzzy models is proposed. Heuristic
criterions are wused in online potential-based
subtractive clustering to evolve the rule-base. The
centers and widths of membership functions are
updated using identification error and GD method.
The identification algorithm can work without a priori
information of a process and/or any predefined
constants. Furthermore, the model is obtained using
I/O data of normal operation modes and there is no
need to excite the system with persistent exciting
signals (such as PRBS), which can be practically
difficult, expensive or dangerous. Its reason is that the
new operating modes (areas) are easily and rapidly
represented by some new rules. Our evolving fuzzy
model is a promising candidate for many real-time
control , adaptive & model predictive control, as well
as prediction, signal processing, diagnostic systems,

data acquisition, and artificial intelligence due to its
higher precision, compact structure (with low number
of needed parameters) and adaptive nature.
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