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ABSTRACT

In this article, a new block- oriented nonlinear identification method is proposed. This modeling
method uses the Wiener model comprised of a linear dynamic block that is followed by a nonlinear static
block. The linear block is described by the subspace identification algorithm whereas the nonlinear one is
represented via the Least Squares- Support Vector Machine. The proposed method is tested with a
practical nonlinear chemical plant named as CSTR. A dataset of the input-output signals gathered from
the system is applied to show the superiority of the method.

Keywords: Block-oriented identification, Wiener model, Subspace identification, Least Squares-
Support Vector Machine, CSTR system.

1. INTRODUCTION

Throughout the literature, gray-box models of the nonlinear dynamical processes have been
attracted a considerable attention due to their effective capabilities. These methods use input/output
signals to form a description of the plant with some prior information about the system’s dynamical
equations.

In the recent decades, Block — Oriented Nonlinear methods are introduced to represent the
nonlinear systems with lower parameters in comparison with the other methods [1]. The most common
and simplest schemes are the Wiener and Hammerstein structures. Wiener model composed of a linear
dynamic block followed by a static nonlinear block. Wiener structure has a good proficiency to describe
almost all nonlinear plants with arbitrarily high accuracy [2]. Hammerstein subsystems are put into the
model in the reverse order. these two models are applied to represent a huge number of nonlinear plants
such as chemical plants [3, 4], high power amplifier [5], tubular reactors [6], control valve actuators [7],
physiological systems [8], and solid oxide fuel cells [9] just to name a few (Fig.s 1, 2).
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Fig. 1. Wiener Model
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Fig. 2. Hammerstein Model
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systems, successfully [10, 11]. N4SID, MOESP and CVA are some of the most convenient ones.
Recently, some papers develop this idea for nonlinear dynamic systems. In this regard, kernel-based
methods such as neural network and support vector machine can play an important role. Presented in this
paper, Least Squares- Support Vector Machine (LS-SVM) is applied to extend the subspace identification
method for nonlinear behavioral processes into Wiener structure.

This paper is organized as follows. The subspace identification and the LS-SVM regression are
briefly presented in Section 2 and 3. In Section 4, the problem statement and the proposed method is
described. Section 5 provides simulating example to show performance of the proposed method. Section
6 concludes the paper.

2.  SUBSPACE IDENTIFICATION (N4SID METHOD)

In this paper, the linear dynamic part of the Wiener model is determined using Numerical
Subspace State Space System IDentification (N4SID). Namely, given a data set of measured input-output
signals, the linear approximation of the system can be described as follows:

{x(k +1) = Ax(k) + Bu(k)
y(k) = Cx(k) + Du(k)

k=0,..,N-1 1)

where u(k)e" and y(k)el’ are the measured input and output signals at the time instant k,
respectively and x(k) eC" contains the state vector of the model. Acl™,Bel™, Cel™", and

D elJ”" are called state, input, output, and direct feedthrough matrices, respectively . In this regard, the
matrix pairs{A,C} and {A,B}are assumed to be observable and controllable, respectively. Subspace
identification is composed of two basic stages: firstly, state space variables should be obtained from
input-output data using the conventional linear algebra tools such as Linear-Quadratic decomposition or
Singular Value Decomposition. In the second phase, the matrices of the state-space representation can be
derived in a linear least squares problem. More details on the subspace identification procedure (N4SID
method) can be found in [10].

3. SUBSPACE IDENTIFICATION (N4SID METHOD)

In this manuscript, the nonlinear static block is estimated using Least Squares-Support Vector
Machine (LS-SVM). Based on the context of the convex optimization and statistical learning theories, the
nonlinear regression problem is formulated in the dual space using Lagrange coefficients.

In the other words, a data set of the input-output signals {u(k), Y(k)}L from a nonlinear model as
y(k) =w p(u(k)) +b )

where u(k) e 0" determines the input data, y(k) e " represents the output signal , and ¢(.) is
used to denote the kernel function for the nonlinear mapping. The coefficients w and b can be found in the
following optimization problem

1 1
min “ww+ =y ek)
2 k-1
_ . ®)
subject to y(k) =w f(u(k))+c

2 Nonlinear Dynamic System Identification into Wiener Model using Subspace Identification and
Support Vector Machine


file:///F:/Paper1.docx%23_ENREF_10
file:///F:/Paper1.docx%23_ENREF_11
file:///F:/Paper1.docx%23_ENREF_10

Is¢ International Conference New Perspective in

Electrical & Computer

Engineering

4. PROBLEM DESCRIPTION

Consider the nonlinear state-space system
{x(k +1) = f(x(k),u(k))

4
y(k) = h(x(k)) @

n

where x(k) e " the state, u(k)e; " the input, and y(k)e;® are the output vectors and

fel"xO0" >0"and hel" - 0" are assumed to be nonlinear smooth functions. Using a finite number
of the measured input-output signals, the main goal of this article is to propose a Wiener model that has a
same dynamic behavior as the system.

In the training phase, the linear dynamic block should be approximated using the N4SID method
firstly, and then in the second phase the static nonlinear block is estimated in the LS-SVM procedure.
These two steps are implemented in the offline mode according to the input-output data set

N _ offline

{u(k),y(k)}H . In the online test stage, the generated model outputs are compared to the system

outputs.

In the LS-SVM regression, Gaussian kernel function is applied for the high dimensional feature
spaces. Gaussian kernel function is also useful to give proper smoothness and good generality in the
unknown input range condition.

In the LS-SVM regression approach, the nonlinear static block is represented as

Y(K) = (LK) = W o(L(K)) +b ©®)

where W 0" is the weight vector, ¢():0" — 0" is the nonlinear map function, and b is the bias term.

In this regard, the modeling error for sample k is defined as e(k) = y(k) - y(k) and the objective function
in the LS-SVM regression is as bellows

1 M
min J(w,e) = —WTW+ZZBE
fw.e} 2 25 (6)
subject to y. (k) =w'o(L (k) +b+e,
where the scalar y is a constant value to handling a governed trade-off between the smoothness and data

fitting. Considering above formulation, the constrained optimization problem can be solved using
Lagrangian as

E(w,b, e a) = IWw,€) = D e, (W (L, (k) + b+ ¢, —y,(K) )

k=1

where ¢, (k =1,...,N) are the Lagrange coefficients. The optimal conditions for Lagrangian would
be resulted to
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Eliminating e, and w in the above equations, the following linear equations can be extracted as

0 1 b 0
ot OC)
1, Q+r°1, )\« Y,

where @ = o(L()" L(),Y =[Y(®, ¥(?),..., y(N - offline)], & = [, ..., @, ] ,and
1 =ones(N _ offline,1) . The output of the LS-SVM regression, namely the Wiener model output, can be
determined as

y(K) = e K(L(), L(K) + b (10)

i=1

where o, and b are the solutions of Equation (9).

5. SIMULATION RESULTS

Performance of the suggested modeling procedure is illustrated using a practical chemical system.
Continuous Stirred Tank Reactor (CSTR) is the selected benchmark. Chemical reactors often have
significant heat effects, so it is important to be able to add or remove heat from them. In a CSTR the heat
is added or removed by virtue of the temperature difference between a jacket fluid and the reactor fluid.
Often, the heat transfer fluid is pumped through agitation nozzle that circulates the fluid through the
jacket at a high velocity. The product concentration can be controlled by manipulating the feed flow rate
[13].

The gathered input-output data from a practical plant [14] are applied to show the capability of the
method. In this system, the flow of the coolant liquid is used to adjust the output concentration (Fig. 3).

In the offline training phase, the Wiener model subsystems are approximated using a dataset of
800 measured input-output samples. These signals are shown in Fig. 4, respectively. The reminder of the
data is utilized to test the algorithm in the online state. Fig. 5 shows the input signal that is applied in the
online stage. The measured output of the CSTR system in the online phase is shown in Fig. 6, too.

The Root Mean Squared Error (RMSE) criterion considered as
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RMSE% = , |

which is computed at the end of the online identification task is equal to 1.1065
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Fig 3. CSTR Layout
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Fig. 4. Input-Output Signal in the offline mode
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Fig. 5. Input Signal in the online mode
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Fig. 6. Output Signal in the online mode

CONCLUSION

A novel block-oriented identification method is proposed for the nonlinear systems. The wiener model
composed of a linear dynamic subsystem affected its output by a nonlinear static subsystem is used. A
linear approximation computed by the N4SID subspace identification is considered as the linear
subsystem. The nonlinear static subsystem which is estimated by the LS-SVM regression is applied to

describe the output nonlinear effects. Simulation results that are conducted on the CSTR system approve
the capability of the method.

6 Nonlinear Dynamic System Identification into Wiener Model using Subspace Identification and
Support Vector Machine



Is¢ International Conference New Perspective in

Electrical & Computer

Engineering

[1] F. Giri and E.-W. Bai, Block-oriented Nonlinear System ldentification: Springer -Verlag, Berlin,
2010.

[2] S. Boyd and L. O. Chua, "Fading memory and the problem of approximating nonlinear operators
with Volterra series," |IEEE Transactions on Circuits and Systems, vol. 32, pp. 1150-1161, 1985.

[3] A. D. Kalafatis, L. Wang, and W. R. Cluett, "Identification of time-varying pH processes using
sinusoidal signals,”" Automatica, vol. 41, pp. 685-691, 2005.

[4] W. Tan, F. Lu, A. Loh, and K. Tan, "Modeling and control of a pilot pH plant using genetic
algorithm," Engineering Applications of Artificial Intelligence, vol. 18, pp. 485-494, 2005.

[5] S. Chen, X. Hong, Y. Gong, and C. J. Harris, "Digital predistorter design using B-spline neural
network and inverse of De Boor algorithm,” IEEE Transactions on Circuits and Systems, vol. 60, pp.
1584-1594, 2013.

[6] M. M. Arefi, A. Montazeri, J. Poshtan, and M. Jahed-Motlagh, "Wiener-neural identification and
predictive control of a more realistic plug-flow tubular reactor,”" Chemical Engineering Journal, vol.
138, pp. 274-282, 2008.

[7] J. Wang, A. Sano, T. Chen, and B. Huang, "ldentification of Hammerstein systems without explicit
parameterisation of non-linearity," International Journal of Control, vol. 82, pp. 937-952, 2009.

[8] E. J. Dempsey and D. T. Westwick, "ldentification of Hammerstein models with cubic spline
nonlinearities," IEEE Transactions on Biomedical Engineering, vol. 51, pp. 237-245, 2004.

[9] F. Jurado, "A method for the identification of solid oxide fuel cells using a Hammerstein model,"”
Journal of Power Sources, vol. 154, pp. 145-152, 2006.

[10] P. Van Overschee and B. De Moor, Subspace Identification for Linear Systems: Theory,
Implementation, Applications: Kluwer Academic Publishers, Boston, 1996.

[11] M. Verhaegen, Subspace Techniques in System Identification: Springer- Verlag, London, 2014.

[12] T. Falck, P. Dreesen, K. De Brabanter, K. Pelckmans, B. De Moor, and J. A. Suykens, "Least-
squares support vector machines for the identification of Wiener—Hammerstein systems," Control
Engineering Practice, vol. 20, pp. 1165-1174, 2012.

[13] L. D. Schmidt, The engineering of chemical reactions: Oxford University Press, USA, 1998.

[14] B. De Moor, P. De Gersem, B. De Schutter, and W. Favoreel, "DAISY: A database for identification
of systems," Journal A, Special Issue on CACSD (Computer Aided Control Systems Design), vol. 38,
pp. 4-5, 1997.

Nonlinear Dynamic System Identification into Wiener Model using Subspace Identification and 7
Support Vector Machine



