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Abstract Most existing algorithms for identifying multi-model system are based on minimizing
the square of bias between global outputs of the actual system and the identified model, but the
resultant model lacks of robustness. In order to solve this problem, this paper considers some other
algorithms in which local models are identified independently and presents a multi-model identifica-
tion algorithm based on weighted cost function, which uses the idea of local weighted regression and
local approximation while keeps the model structure of global identification algorithm. The result
of application to a 300MW unit boiler superheater illustrates that the multi-model generated by the
proposed algorithm has better trade-off between global fitting and local interpretation.
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1 Introduction

Local model network (LMN) is a typical multi-model used for modeling nonlinear systems, in
which global outputs are described as the sum of local ones multiplied by their corresponding basis
functions™. Usually modeling LMN can be divided into two tasks: first to find optimal number and
position of basis functions using clustering algorithm, then to identify the parameters of local models.
The clustering algorithms used for modeling LMN include fuzzy mean (FCM) clustering, satisfactory
fuzzy clustering (SFC)[Q] and so on. In this paper we will discuss identifying problem for the parameters
of local models.

Most existing algorithms for identifying LMN model are based on minimizing the square of bias
between global outputs of the actual system and the identified model. Because of using linear models to
approximate nonlinearity of the actual system in neighbor of operating points, the structure mismatch
will result in “oscillating” local models and make the resultant LMN model generalize poorly®l. Some
other algorithms identify the parameter of each local model independently to guarantee individual local
models to be local approximations of the underlying system, but the resultant LMN model is difficult
to have good global fitting!®).

In order to solve the above problems, this paper presents a multi-model identification algorithm
based on weighted cost function, which uses the idea of local weighted regression and local approxi-
mation, and keeps the model structure of global identification algorithm. The result of application to
a 300MW unit boiler superheater illustrates the LMN model generated by the proposed identification
algorithm has better trade-off between global fitting and local interpretation.

2 The multi-model system based on LMN
The multi-model system based on LMN can be described as!!!

ak) =Y pi(d(k)) - fi(e(k)) (1)
where (k) € R is the model output at time k, p; are basis functions which depend on some scheduling

vector ¢(k) € R™, f; are local models which depend on the regressive vector @(k) € R™*. The number
of basis functions is given by n.

1) Supported by National Natural Science Foundation of P. R. China (60474057) and partly by the Key Technology
and Development of Shanghai Science and Technology Department (04DZ11008) and the Specialized Research
Fund for the Doctoral Program of Higher Education of P. R. China (20020248028)

Received August 14, 2003; in revised form June 17, 2004

Copyright © 2005 by Editorial Office of Acta Automatica Sinica. All rights reserved.



No.3 XUE Zhen-Kuang et al.: A Multi-model Identification Algorithm Based on Weighted --- 471

Usually, Gaussian bell is chosen as basis function, which can be described as
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where ¢; € R™¢ are center vectors and s; determine the width of the bell.
To achieve a partition of unity of the scheduling space, the basis functions have to be normalized,

pi(@) = L1 3)
Z pi( @)

Because MIMO model can always be transformed into multiple MISO models, here we choose
local models f; in form of MISO discrete time CARIMA model, which can be described as
Ai(z"Ny(k) = Biu(k — 1) (4)
(1) — 1 ) —na
where Az(z7 J=1tanz —E T dinaZ _., B € RlXM(j = 0,---,npB) are row vectors
Bi(z')=Bio+Biiz '+ + Bingz "B
and M is the dimension of inputs, na,np are the order of model output and inputs, respectively.
Substituting (4) into (1), we can get a different form of LMN model as

9(k) = Z pi(d(k))e" (k) - 0; (%)

where
e (k) =[-ylk—=1) - —ylk—na) uw'(k—1) - u'(k—np—1)

0;=lan - ain, Bio -+ Bingl"

3 Multi-model identification algorithm

The problem of multi-model identification is to determine the parameters n, ¢;, s; and 0; in (5).
To avoid identifying all parameters at one operation using complex nonlinear optimization algorithm,
the parameters n, ¢;, s; can be determined beforehand using clustering algorithm or prior knowledge!?.
Therefore, multi-model identification for remaining parameters 6; is reduced to a linear optimization
problem, which can be solved by effective linear learning algorithm[4].
3.1 Previous algorithm for multi-model identification

Most existing algorithms identify the parameters of all local models at the same time by minimizing
the square of bias between global outputs of the actual system and the identified multi-model. Because
of using linear models to approximate the nonlinearity of the actual system in neighbor of operating
points, the structure mismatch will result in “oscillating” local models and make the resultant LMN

model generalize poorlyl®. The following global least squares cost function can be used.
N

Ja(0) = 3 (y(k) — ik, @) = (Y — ¥O)"(Y — ¥6) (6)
k=1
where @ = [(91F 0y - 9;1;]7 Y =[y1) y2 - Z/(N)]T
(D™ (1)  p2(l)e” (1) pn(1)e™ (1)
P2t (2)  p2(2e"(2) pn(2)¢™ (2)
and W: . . . .
(NS (N) pa(N)E™(N) - pu(N)e (V)

Some other algorithms identify the parameters of each local model independently to guarantee
individual local models to be local approximations of the underlying system, but the resultant LMN
model is difficult to have good global fitting!®. The local least squares cost function for th local model
can be written as follows.

70 = S pilk) wik) — 51k, 0:))° (1)
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In local cost function, each data sample is used to identify only one local model that is chosen in
terms of maximal value of basis function. We can rewrite the local cost function in a different form as

JL(@)=(Y - ¥O)'Q(Y - ¥6) (8)
nMe (1) m@)e (1) o (e’ (1)
where ¥ — 71(2)4:0T(2) 72(2)4:PT(2) Tn(2)<:PT(2) () = { ;7 iflj = arg max; pi(-)
RNPTN) m(N)RT(N) - T(N)eT()
O, Y are the same as (6), Q = diag(max; p;(1) max; p;(2) --- max;p;(N)).

3.2 Multi-model identification algorithm based on weighted cost function

After fully considering the advantage and disadvantage of global and local cost functions, we can
see that complementation for each other exists, so this paper presents a multi-model identification
algorithm based on weighted cost function, which uses the idea of local weighted regression and local
approximation in local cost function, and keeps the model structure in global cost function. The
resultant LMN model has better trade-off in terms of global fitting and local interpretation. The
weighted cost function is defined as

Jw =ada+ (1 —a)JL (9)

where « is a constant satisfying 0 < a < 1. The value of o can be determined according to user’s need.
If user prefers to a better global performance, he can choose a with a larger value, or vice versa.
Substituting (6) and (8) into (9), we can get

Jw(@)=aY — O (Y - PO +(1-a)(Y - ¥ O)'Q(Y — ¥O) (10)
Minimizing the weighted cost function with 8Jw (@)/96© = 0, we can get
=@V T+(1-a)PQ¥) ' (a¥Y +(1-a)FTQY) (11)

3.3 Multi-model validation
The global performance of multi-model can be measured by standard global output deviation,
which is described as

e =+ (k) — (k) (12)
k=1

where y(k), 5(k) are global outputs of the actual system and the resultant multi-model, respectively.
The transfer function of MISO system can be described as

Y(s) = G1(s)Un(s) + Ga(s)Ua(s) + -+ - + Gy (5)Un, (5)

The local performance of each local model can be measured by frequency domain identification
error, which is defined as!”

— max o | Gi(jw) — Gi(jw)
b= {Z GiGw)

w€[0,wc] i—1

x 100%} (13)

where G;(jw) and G (jw) are frequency responses of the actual system and the resultant multi-model,
respectively, w. = max;(wei) for ¢ = 1,2, -, ny, with we; satisfying ZG;(jw) = —.

4 Application to thermal process

We will apply the proposed multi-model identification algorithm to a 300MW unit boiler super-
heater steam temperature controlled system. In this system, each superheater process is equipped
with an attemperator device (spray water injection at the inlet) for controlling outlet temperature
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of superheater steam, as shown in Fig. 1. The first attemperator is used to roughly regulate out-
let steam temperature of the secondary superheater, while the final controlling performance of outlet
steam temperature (of third superheater) is mainly determined by the secondary attemperator. We just
consider the secondary attemperator controlled process (including secondary attemperator and third
superheater) and take it as example in this paper. The process variable to be controlled is the steam
temperature at the outlet of the third superheater, and the manipulated variable is the command of
spray water valve in the secondary attemperator.

@ » steam turbine
main steam
secondary primary
attemperator attemperator

superheater 111

danger water
release

superheater |

feed regulation

Fig. 1 The framework of 300MW unit boiler

Load cycling operation of thermal power plants leads to changes in operating point right cross the
whole operating rangel®. This results in nonliearity dynamic property in the secondary attemperator
controlled process. This paper uses multi-model to account for nonlinearity, and generates LMN model
for controlled process. Taking into consideration a priori knowledge about process dynamics and the
identified LMN model, the load level of power plant is used as scheduling vector!® and pairs of Gaussian
parameters [c;, s;] are chosen as [180,20], [200,20], [220,20], [240,20], [260,20], [280,20], [300,20]. The
sampling time is Tp = 5s and the value of « is chosen as o = 0.7. The parameters of local models are
identified using multi-model identification algorithm based on global cost function, local cost function
and weighted cost function, respectively. The resultant local models identified by the proposed algorithm
are listed in Table 1.

Table 1 Local models under different load levels identified by the proposed algorithm

Load Level (MW) Local models identified by the proposed algorithm (a = 0.7)
180 —0.8902 x 10~ "2 — 3.3174 x 10"z — 0.8691 x 10"
2% — 2.84982" + 2.7068z — 0.85688 _
200 —1.9921 x 10~°2% — 8.0717 x 10"°2 — 1.7621 x 10~°

25 — 2.81372° + 2.6394z — 0.8255

290 —3.087 x 31'0*52:2 — 11.204 x 10°2 — 2.694 x 10~°
2% — 2,783327 + 2.582z — 0.7983 i
240 —3.049 x 107°2" — 11.896 x 10" "> — 2.8218 x 10"
=” — 276227 4 2.54292 — 0.7804 _
260 —2.8884 x 102 — 10.445 x 10~z — 2.5504 x 10~°
=" — 2.73082" 4 2.5021z — 0.7616 .
280 —2.4262 x 10 °z" — 9.4259 x 10”72 — 2.0605 x 10 °
20 — 2.71242" + 2.4525z — 0.7392 _
300 —3.6582 x 10™°2” — 13.614 x 10" "z — 3.0831 x 10°

25 — 2.67182> + 2.3803z — 0.7072

The global performances of LMN models identified by different algorithms can be calculated using
(12), and the results are listed in Table 2. The LMN model identified by multi-model identification
algorithm based on global cost function (global algorithm) has better global fitting for identification
data, but generalizes poorly for validation data, while the one identified by multi-model identification
algorithm based on weighted cost function (weighted algorithm) obtains obvious improvement in this
aspect, and has good global fitting for both identification data and validation data.
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Table 2 Standard global output deviation for LMN models identified by different identification algorithms

Global algorithm Local algorithm Weighted algorithm
e (for identification data) 8.93 x 10~ 4.55 x 1071 2.98 x 1073
e (for validation data) 3.89 x 1071 7.72 x 1071 3.12 x 1073

Using (13), frequency domain identification errors for local models under different load levels
identified by global algorithm and weighted algorithm respectively can be calculated, as shown in Table
3. Global algorithm can not guarantee all resultant local models to be local approximations of the
underlying system, even results in large deviation between some local models and corresponding local
properties of underlying system. The local models identified by weighted algorithm have good local
performance under all load levels. This further illustrates the validity of the proposed multi-model
identification algorithm.

Table 3 Frequency domain identification errors for local models under different load levels

180MW 200MW 220MW 240MW 260MW 280MW 300MW
E (global algorithm) 37.13% 4.09% 7.26% 16.04% 14.51% 13.33% 39.26%
E (weighted algorithm) 7.15% 3.40% 3.69% 1.84% 0.71% 5.30% 5.84%

5 Conclusion

The multi-model system based on LMN describes nonlinear dynamic system as the sum of local
linear models multiplied by their corresponding basis functions. To control the underlying system
effectively, it is important for LMN model to possess good global fitting and local interpretation.
After fully considering the advantage and disadvantage of existing algorithms, we present a multi-
model identification algorithm based on weighted cost function, which uses the idea of local weighted
regression and local approximation, and keeps the model structure of global identification algorithm.
The result of application to a 300MW unit boiler superheater illustrates the validity of the proposed
algorithm.
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