PROCEEDINGS

OF SCIENCE

Interval T-S Fuzzy Modeling Based on Minimizing 1-norm
on Approximation Error

Xiaoyong Liu'?
College of engineering and technology, Zunyi Normal College, 563006 Zunyi, China
E-mail: liuxy204@163.com

Shufang Zhou
Affiliated Hospital of Zunyi Medical College, 563003 Zunyi, China

Zhonggang Xiong
College of engineering and technology, Zunyi Normal College, 563006 Zunyi, China

As the obtained data in many practical applications tend to be uncertain or inaccurate, the
conventional modeling methods characterized by the deterministic model for this type of data
have become undesirable. Taking linear programming, the T-S fuzzy model and some ideas from
I-norm minimization into consideration, a novel method identifying interval fuzzy model
(INFUMO) consisted of the upper and lower T-S fuzzy model (referred toas  f;, and f L)
has been studied in this paper. In order to solve the INFUMO, optimization problems based on
minimizing 1-norm with respect to the approximation error corresponding to  f', and f',

are constructed. Finally, the optimization problems are solved by the linear programming and
INFUMO is thus constructed. To demonstrate its effectiveness, the proposed method is applied
to identify the interval T-S model of static and dynamic nonlinear model with noise. The
proposed method can not only deal with uncertain data to be usually modeled as the
deterministic model, but also has better robustness.
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1. Introduction

The research of nonlinear system identification based on obtaining a set of data which
applies a cost function that approximation error is minimized has caused the extensive concern
in the scientific community, especially with the vent of machine learning approaches such as
support vector machine and neural network and so on. However, obtained data[1] in many real-
world applications usually has some characteristics which are uncertain, imprecise and
incomplete. Consequently, modeling method is usually described as fuzzy sets or generalization
of the interval data. In order to deal with those information, uncertain modeling methods based
on the interval model with regression analysis[2] as a very important tool have been proposed.
To analyze a phenomenon in a fuzzy circumstance, a new interval regression analysis based on
the regression quantile techniques [3] is used to construct two interval approximation models.
To solve these parameters corresponding to the interval regression models, a basic linear
programming (LP) problem[4] must be adopted. Obviously, it is difficult that the nonlinear
interval regression with LP problem is to determine a nonlinear model from an infinite number
of alternatives. Due to the high capability of feedforward neural networks as a universal
approximator of nonlinear mappings, some researches [5,6] dealing with the interval data with
the interval regression model and a radial basis function network (RBFN)[7] is applied to the
interval modeling in the form of regression analysis in the absence of priori information
between the input and the output. Meanwhile, aiming to solv the optimization methods which
can appropriately seek for good values and the amount of potential node, support vector
interval regression networks are applied to the interval regression analysis to avoid these
problems by utilizing e-insensitive support vector regression(SVR)[8].

Considering that T-S (Takagi -Sugeno) fuzzy model[9] has become an important means in
modeling the nonlinear static and dynamic system|10] and its approximation accuracy can also
be guaranteed[11], it is widely utilized for control and fault detection. The objective of this
paper is to present a new interval modeling method. Taking linear programming and TS fuzzy
model and some ideas from -norm minimization into consideration, a novel method identifying
interval fuzzy model (INFUMO) consisted of the upper and lower T-S fuzzy model (referred to
as fy, and f, )hasbeen studied. In order to solve INFUMO, optimization problems based

on minimizin 1-norm with respect to approximation error corresponding to  f;, and f, are

constructed. Finally, the optimization problems are solved by linear programming and INFUMO
is thus constructed. The proposed method can not only deal with uncertain data to be usually
modeled as deterministic model, but also has better robustness.

2. Interval T-S Fuzzy Modeling Based on Minimizing 1-norm on Approximation
Error

2.1 Optimization Problem on Approximation Error for INFUMO Using 1-norm

It is well known that T-S fuzzy model[11] is widely concerned because of the
approximation capability modeling nonlinear static and dynamic system. Considering the
obtained data

(xl,yl)"”’<xN’yN)' (2.1
where  x,E€R" is the input pattern and y, is the corresponding output. The output meet

the requirements corresponding to the nonlinear system.

vi=g(x,). 2.2)
In term of the Stone Weierstrass condition, there exists a fuzzy system so that
sup |/ (x,) — g (x,) |- (23)
X, ER"
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If the approxiamtion is taken into account , the following error between the real and the
fuzzy model outputs is described as,
h=y—f(x,). (2.4)
To obtain a set of optimal parameters for T-S fuzzy model, the following modeling error is
considered,

min (A, A, Ay (2.5)

x,ER"

Furthermore, this implies that all of the modeling error is to be minimized. In case
of the T-S model, parameters identification is composed of two steps. Antecedent
structure identification is to determine the membership function which can be solved with a
well-known cluster analysis and is usually named as structure identification. After the structure
identification is defined, consequent parameters for T-S fuzzy model in (2.6) are to be solved by
applying the proposed optimization.

P =arg min ‘yk—f(xk)‘:arg min ‘yk—cpT(xk)ka|. (2.6)
P, x,ER" P.x,€R"
or
P=arg min |y,— > (¢! (x,)P]x,)|. (2.7)
P, x,ER" i=1

where  Pi=(py, pi,o, Pl x={Lxy o x, )
Following that, the optimization problems corresponding to (2.7) can be translated into a
new minimization by introducing 1-norm,
[ A=l Rl gl 28)
where )\.2(7»1 Sy, KN)
INFUMO is consists of the upper and lower T-S fuzzy model (referred to as f,, and
f,; )-Inordertosolve f ,the following constraints should be met.
fU(xk)_ykZO' (2.9)
Consequently, the optimization problems using (2.7) and (2.9) for  f, are described as
min | AV [ =20+
S.1. fU(xk)_ykS}\‘g 2.10)
folx)=y,=0  k=12,--- N.
Likewise, by replacing the condition  f U(xk)— ¥,=0 in formula (2.10) with

f L(x k)— ¥,<0 , corresponding optimization problem is constructed for f°,

2.2 Optimization Problem on Approximation Error for INFUM O Using 1-norm

For [ , the following optimization is solved by the linear programming

min | A=AV A+ Y

s.t. Z ((pir(xk)PlTJ,ixk)_J’ksxlg (2.11)

i=1

(pir(xk)P:/,ixk_ykZO k=12,---,N.
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where P, ; represents the consequent parameter for T-S fuzzy model. Formula
(2.11) can be further translated as the following,

min (0(N+1)><R 1N><1) (PU)

(2.12)
8 Z —y)
S.t _ < .
(5 —’) (y
where
cpl(x'])xlT CPR(XEI)xlT
— : : : ’Z:()NXN’
T T
(pl(xN)xN (pR(xN)xN
PU:(PU,M""PU,R)T’AU:(M]’""K%)T’y:<y1,"':YN)T
Likewise, for f,
min (0(N+1)><R 1N><1) iL)
L (2.13)

—E Z —y)
s.t _ =< .
(5 —1) (y

One should note that the definition of the existing variables in  f, is almost the
same as f, . The only difference is that the corresponding constraints have changed
and there are some variables to be marked by letter L in the form of superscript or
subscript. Hence, the introduced variables in formula f, are not explained any
further one. by one. By applying linear programming, the optimization problem (2.13)
can be solved. As a result, approximation error A, can be also derived and, f, and

f, are described respectively,

n

fulx)=2 (] (x) Py ;x), x)P] ;x). 2.14)

i=1 ,:1

=

3 Simulation Results

The first simple nonlinear function with uncertainty is considered

f(x)=cos(x)sin(x),A f(x)=ycos(8x) 2.15)
glx)=r(x)+g(x).

where A f(x)=ycos(8x) denotes uncertainty, 0<y<1 . The functions from
the class are defined in the domain  S={x|—1<x<1] and the set of “measurements’
is X={x,=0.021k, k=—47,—46,---,47/cS . Considering that the dimensionality of
the input space is d=1 in this case, the premise and the consequent variables are the
same as the measurements. A few values of y (y=0,0.2,0.4,0.6,0.8) for the

simple function with uncertainty are described in Figure 1.
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R=3 R=4 R=5
RMSE
fU fL fU fL fU fL
Proposed 0.0659 | 0.1111 0.0398 0.0634 0.0290 0.0485
method
Literature[12] | 0.0767 | 0.1169 0.0445 0.0787 0.0379 0.0503

Table 1:Comparison Between The Proposed Algorithm and Literature[12].

Two approximation models f, and [, are constructed with the proposed method
and the results are shown in Figure. 1 (R = 8), in which INFUMO is described as f, and
fv - Meanwhile, RMSEs (root mean squared error) relaed to the two methods are also

compared in Table 1. By comparisons, it is clear that the interval model determined by the
proposed approach has a very good approximation interval.

Lower T-5 Fuzy Model for INFUMC: LL(X)

1 0 k(] 40 50 [ 70 80 90 10g
Figure 1: The Proposed Method

Next, the following example involving the nonlinear dynamic system is presented.

2
=05y (51052 E=1 0 sk ulk)+ulk 2.16
y(k+1)=0.5y(k)+ T 1) y (k=1)u(k)+u(k) (2.16)

Upper T-S Fuzzy Model for INFUMO: lu(x)

\
Lower T-S Fuzzy Model for INFUMO: f, (x)
0.5+ —

L L L L L L L L L
0 10 20 30 10

50 60 70 80 90 100
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Figure 2 : Interval T-S Fuzzy Model Constructed with The Proposed Method.
where the input signals u(k) are generated randomly and belong to the interval

[0, 2]. One hundred actual data from (2.16) are firstly obtained, and antecedent and consequent
variables are chosen as (u(k—1),y(k—1),y(k—=2)) , and y(k) respectively. The
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constructed interval fuzzy model contained all grey area with uncertain data is shown in Figure.
2, which is composed of f, and f, .Itisindicated in Figure 2 that the proposed method

can deal with the asymmetrical interval regression model , which is more suitable for the
situation in the presence of uncertain influences.

4.Conclusion

In this paper, considering that the obtained data in many practical applications tend to be
uncertain or inaccurate, the conventional modeling methods characterized by the deterministic
model for this type of data have become undesirable. When a finite set of measurement data is
available, a new approach of the interval T-S fuzzy model identification is proposed by
combining 1-norm on approximation Error with some ideas from the linear programming
theory. Finally, the optimization problems are solved by the linear programming and INFUMO
is thus constructed. The proposed method can not only deal with the uncertain data to be usually
modeled as the deterministic model, but also has better robustness.
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