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This paper presents a novel Wiener-type recurrent neural network with the ob- 

server/Kalman filter identification (OKID) algorithm for unknown dynamic nonlinear 
system identification. The proposed Wiener-type recurrent network resembles the con- 
ventional Wiener model that consists of a dynamic linear subsystem cascaded with a 
static nonlinear subsystem. The novelties of our approach include: (1) the realization of a 
conventional Wiener model into a simple connectionist recurrent network whose output 
can be expressed by a nonlinear transformation of a linear state-space equation; (2) the 
overall network structure can be determined by the OKID algorithm effectively using 
only the input-output measurements; and (3) the proposed network is capable of accu- 
rately identifying nonlinear dynamic systems using fewer parameters. Computer simula- 
tions and comparisons with some existing recurrent networks and learning algorithms 
have successfully confirmed the effectiveness and superiority of the proposed Wiener- 
type network with the OKID algorithm.    
 
Keywords: Wiener models, recurrent neural networks, observer/Kalman filter identifica-  
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1. INTRODUCTION 
 

Dynamic system identification is the model estimation process of capturing system 
dynamics using measured input-output data, which is a very important prerequisite for 
analysis and controller design in most control applications [15]. A good model represen-
tation offers a good capability of representing different systems in terms of modeling 
accuracy and structure compactness. Therefore, to obtain a best fit for data with few pa-
rameters has become a top priority in the selection of model representation. Much of the 
literature has widely described model representations for nonlinear system identification 
problems [16]. Among the diverse model representations, the block-oriented (BO) mod-  
els that are composed of dynamic linear blocks and static nonlinear blocks possess the 
flexibility of selecting blocks to represent the features of a given unknown system. The 
choices of different linear and nonlinear blocks result in various structures. One of the 
notable nonlinear models is the Wiener model, consisting of a dynamic linear part cas-
caded with a static nonlinear component [1]. Wiener models have been widely used in 
industry such as in polymerization reactor control, fluid flow control, pH neutralization 
control, and identification of nonlinear biological systems [11]. The advantages of Wie-
ner models include: (1) the complexity of system dynamics is contained in the linear 
subsystem whereas the complexity of nonlinearity only in the static subsystem and (2) 
the overall output of Wiener models can be written analytically as a kernel function ex-
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pansion [2]. Another effective model representation is neural networks that have been  
treated as a powerful model for nonlinear system identification problems. To name a few, 
Kalinli and Sagiroglu [12] presented a new recurrent neural network named ENEM (El-
man network with embedded memory) composed of Elman network and NARX neural 
network for dynamic nonlinear system identification. Lin [13] proposed a wavelet neural  
network with an online partition method and the gradient descent method to identify the 
nonlinear dynamic system. Lin and Xu [14] designed neuro-fuzzy systems with a modi-
fied modified variable-length genetic algorithm to solve identification and control prob-
lems. Wang and Chen [4, 18] presented a Hammerstein-type recurrent neural network  
with a self-construction algorithm to identify nonlinear dynamic systems. Recently, many  
researchers have integrated neural networks with some linear systems to form Wiener 
models. To name a few, AI-Duwaish et al. [1] used a linear autoregressive moving aver-
age (ARMA) model to represent the dynamic linear block and a multilayer feedforward  
neural network to model the static nonlinear element. Chen et al. [2] utilized the Wiener 
model to identify chaotic systems. The dynamic element was represented by a simple 
linear plant, and the static nonlinear element was represented as a feedforward neural 
network. 

With a priori knowledge of the given nonlinear system, conventional system identi- 
fication approaches that use either frequency domain or time domain methods can 
explicitly approximate and simplify the nonlinar system dynamics in terms of a linear 
model. Among these approaches, fast Fourier transforms, maximum likelihood estima- 
tion, and least squares are three representative methods. In the early 1960s, the problem  
of realization of state-space representations using input-output descriptions has received 
considerable attention, which resulted in a wide variety of algorithms to solve the 
problem. To name a few, Ho and Kalman [5] introduced an important principle of mini- 
mum realization theory based on the sequence of Markov parameters of the system. The 
realization of a state-space model is based on the Hankel matrix constructed by Markov  
parameters. The eigensystem realization algorithm (ERA), proposed by Juang and Pappa 
[6], is a powerful identification method to deal with the realization problem with noisy 
input-output measurements. The ERA can provide accurate parameter estimation and 
determine the system order for multivariable linear state-space models. Later on, Juang et 
al. [7] extended the ERA algorithm to the observer/Kalman filter identification (OKID) 
algorithm that is a non-recursive least-squares approach to compute the observer Markov 
parameters. With the concepts of stochastic estimation and deterministic Markov pa-
rameter identification techniques, the OKID is capable of generating a discrete state-  
space locally linear model representation of the nonlinear system. The aforementioned 
approaches are very effective in determining the system order and provide a powerful 
tool to transfer the relations of input-output measurements into a state-space representa-
tion. Much of the literature has used the OKID algorithm to realize the state-space mod-
els from the input-output data of nonlinear systems. To name a few, Juang and Phan [8] 
presented the backward OKID to identify an autoregressive with exogenous input (ARX) 
model and an autoregressive moving average with exogenous input (ARMAX) model. 
Clarke and Sun [3] realized the minimal state-space model of a nonlinear helicopter via  
the OKID algorithm. They also showed that the OKID approach can produce more effec-
tive models than the conventional linear models generated by the small perturbation ap-
proach.  
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Fig. 1. The block diagram of a Wiener model. 

In this paper, we identify dynamic nonlinear systems by two procedures: model se- 
lection and parameter estimation. First, we propose a Wiener-type recurrent neural net- 
work that expresses the nonlinear dynamics of a given system via a nonlinear transfor- 
mation of a linear state-space equation. The linear state-space equation is realized by a 
recurrent neural network that embeds the recurrence of internal state variables in the 
feedback connections and delay (memory) elements. The advantages of this network 
include: (1) the two subsystems of a conventional Wiener model are integrated into a 
single network whose output is expressed by a nonlinear transformation of a linear state- 
space equation; (2) the characteristics of the network can be analyzed by its associated 
state-space equation using the well-developed theory of linear systems; and (3) deter-
mining the network structure is equivalent to finding the number of state variables (sys-
tem order) of the unknown system. Our idea for the structure identification and parame-
ter estimation is to transfer a complex nonlinear problem to a simple linear one by elimi-
nating the effect of the static nonlinear subsystem and then utilize the OKID algorithm to 
estimate the system order and parameters of the linear subsystem of the proposed recur-
rent network. Computer simulations of nonlinear dynamic applications have successfully 
validated the effectiveness of the proposed network and algorithm in constructing a qual-
ity network with satisfactory performance. 

The rest of this paper is organized as follows. In section 2, we introduce the pro- 
posed Wiener-type recurrent network. The OKID-based identification algorithm for es- 
tablishing a parsimonious network with satisfactory parameter estimation is presented in 
section 3. Section 4 provides computer simulations of dynamic system identification ap- 
plications to validate the effectiveness of the proposed approach. Finally, the conclusions 
are presented in section 5. 

2. STRUCTURE OF WIENER-TYPE RECURRENT NEURAL NETWORK 

In this paper, we realize a conventional Wiener model by a novel recurrent neural 
network structure. The Wiener model shown in Fig. 1 consists of a dynamic linear sub- 
system cascaded with a nonlinear static subsystem. One of the advantages of the Wiener 
model is that the complexity of system dynamics is contained in the linear subsystem 
whereas the complexity of nonlinearity is only in the static subsystem. This advantage 
greatly reduces the difficulty in the design of controllers for unknown plants identified by 
the Wiener model because a divide-and-conquer strategy using well-known linear/non- 
linear system theories can be applied to deal with the two subsystems separately. In addi-
tion, the overall output of the Wiener model can be written analytically as a kernel func-
tion expansion. Various nonlinear kernel functions can be employed to fit different 
non-linearities for different applications. A large number of research studies have indi-
cated the superior capability and effectiveness of Wiener models in nonlinear dynamic 
system identification and control [11]. 
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Fig. 2. (a) The topology of the proposed Wiener-type recurrent neural network; (b) The block dia- 
gram of the proposed network. 

 

Based on the basic principle of Wiener models, we propose a simple recurrent neu- 
ral network that integrates the two cascaded subsystems into a three-layered connec- 
tionist structure. Fig. 2 (a) shows the proposed recurrent structure, which can be ex- 
pressed by a block diagram illustrated in Fig. 2 (b). The network structure consists of one 
input layer, one hidden layer, and one output layer. The input layer transmits the input 
values to the network. The hidden layer is the dynamic linear layer which maps the input 
space into a state-space via fully self-feedback connections embedded with time-delay 
elements (memories). That is, the dynamic layer integrates the current input information 
from the input layer and the state history stored in the memories of the neurons in the 
dynamic layer to infer the current states of the network. Finally, the linear combination 
of the input variables and the state variables are transformed into the output space 
through a nonlinear mapping in the output layer. The link weights between input layer 
and output layer are [d1, …, dm] T. The input layer coupled with the dynamic layer forms 
the linear dynamic subsystem. The output layer, whose neurons combine the input vari-
ables and the state variables with different weights and then perform a nonlinear trans-
formation via nonlinear activation functions, acts as the static nonlinear subsystem. 

The proposed network can be expressed by the following state-space equations: 

( 1) ( ) ( ),
( ) ( ( ) ( )),
k k k
k k k
+ = +
= +

x Ax Bu
y N Cx Du

                                           (1) 

where x = [x1, …, xJ]T is the state vector, u = [u1, …, up]T is the input vector, y = [y1, …, 
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ym]T is the output vector, N = [n1, …, nm]T is the nonlinear function vector, and J, p and m 
are the total number of state variables, the numbers of the inputs and outputs, respect- 
ively. The components of matrix A ∈ RJ×J are the weights of the self-feedback connec- 
tions and stand for the degrees of the inter-correlations among the state variables. The 
elements of matrix B ∈ RJ×p are the link weights between the input layer and the dy- 
namic layer. The elements of matrix C ∈ Rm×J are the link weights between the dynamic 
layer and the output layer. The elements of matrix D ∈ Rm×p are the coefficients of the 
linear combination of the input variables. The current output yi(k) and state variables xj(k) 
are obtained by calculating the activities of all nodes in each layer. The corresponding 
functions are summarized as follows. 
 

1 1
( ) ( 1) ( 1),

pJ

j ji i jh h
i h

x k a x k b u k
= =

= − + −∑ ∑                                  (2) 

1 1
( ) ( ) = ( ) ( ),

pJ

i i i ij j ih h
j h

z k k c x k d u k
= =

= + +∑ ∑C x D u                           (3) 

exp( ) exp( )
( ) ( ) .

exp( ) exp( )
i i

i i
i i

z z
y k f z

z z
− −

= =
+ −

                                    (4) 

The proposed network possesses some notable advantages. First, since the linear 
dynamic subsystem of our Wiener-type recurrent network can be translated into state-    
space equations, the characteristics and theoretical analysis, such as the stability, control-    
lability, and observability of the network become straightforward. Second, the network 
size is determined by the number of state variables (or the system order). The total num-
ber of parameters equals J × (J + p + m) + (p × m). That is, if the system order of the 
plant to be identified is available, the identification task comes down to parameter esti-
mations for matrices A, B, C and D. Based on these advantages, we have developed a 
system identification method based on the OKID algorithm for our Wiener-type recurrent 
network. 

3. OKID-BASED IDENTIFICATION ALGORITHM 

Given an unknown nonlinear dynamic plant, we have developed a system identifi-   
cation algorithm for the proposed Wiener-type recurrent neural network to automatically 
perform the identification task using the input-output measurements of the nonlinear sys- 
tem. Note that the system input-output measurements are normalized to (− 1, 1) before- 
hand and denormalized the values to the actual ones in the end of the identification proc- 
ess. First, we obtain the inverse values of the output measurements through the inverse 
function of the hyperbolic tangent sigmoid function in Eq. (4). Then, we utilize the input 
measurements and the inverse values to obtain an optimal state-space model representa- 
tion by the OKID algorithm. We now introduce the proposed OKID-based identification 
algorithm in detail. 



JEEN-SHING WANG AND YU-LIANG HSU 

 

896 

 

3.1 OKID Fundamentals 

The idea of our system identification approach is to transfer a complex nonlinear 
problem to a simple linear one. Due to the invertible nonlinear activation function in Eq. 
(4) is employed in the output layer, we can acquire the output training data for the linear 
dynamic subsystem by inverting the original output data through the inverse function of 
the nonlinear activation function. With the original input data and the inverse output data, 
the realization of the proposed network can be cast as a linear state-space realization 
problem and can be solved by the OKID algorithm. In our system identification algo- 
rithm, we first use the given normalized input-output patterns [u(k), y(k)] to generate an- 
other set of patterns [u(k), s(k)], where s(k) is obtained by the inverse function of Eq. (4): 

1 ( ) 1( ) ( ( )) 0.5ln .
( ) 1

kk f k
k

− − −
= =

−
ys y
y

                                    (5) 

The acquisition of s(k) is regarded as the data transformation from the nonlinear output 
space to a linear one through the inverse mapping. The identification of the linear sub- 
system of our Wiener-type recurrent network becomes the search for the best represent-   
ative linear state-space model from the input-output patterns [u(k), s(k)].  

The target representation of the dynamic linear subsystem is written as: 

( 1) ( ) ( ),
( ) ( ) ( ).

k k k
k k k
+ = +
= +

x Ax Bu
s Cx Du

                                            (6) 

In general, the state variables of Eq. (6) can not be measured directly. Hence, an 
observer is required to estimate the state variables of the system from the input-output 
measurements. Therefore, we add and subtract an observer term Ks(k) to the right-hand 
side of the state equation in (6) to yield the observer equations as follows. 

( 1) ( ) ( ),
( ) ( ) ( ),

k k k
k k k
+ = +
= +

x Ax Bv
s Cx Du

                                            (7) 

where 
 

,
[ ,  ],

( )
( ) ,

( )
k

k
k

= +

= + −

⎡ ⎤
= ⎢ ⎥
⎣ ⎦

A A KC
B B KD K

u
v

s

                                                (8) 

and K ∈ RJ×m is an arbitrary matrix chosen to make the matrix A  as stable as desired. 
Note that v(k) consisting of the inputs and outputs in Eq. (6) is the input vector to the 
observer equations. The Markov parameters of the observer system are called as the 
observer Markov parameters. The input-output description can be expressed as the fol- 
lowing matrix form: 
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 [( )( 1) ] [( )( 1) ] ,m l m m p l p m p l p l× × + − + + − + ×=s Y V                                   (9) 

where 

 [ (0) (1) (2) ( ) ( 1)];g l= −" "s s s s s s                              (10) 

 1 2[ ];g l− −= " "Y D CB CAB CA B CA B                          (11) 

(0) (1) (2) ( ) ( 1)
0 (0) (1) ( 1) ( 2)
0 0 (0) ( 2) ( 3)

.
0 0 0 (0) ( 1)

0 0 0 0 0 (0)

g l
g l
g l

l g

−⎡ ⎤
⎢ ⎥− −⎢ ⎥
⎢ ⎥− −
⎢ ⎥= ⎢ ⎥
⎢ ⎥− −
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

" "
" "
" "

# % % % # " #
% "

# % % % % % #
"

u u u u u
v v v v

v v v
V

v v

v

                    (12) 

l is the total number of training samples. If A  is asymptotically stable, then we have 
kA  

≈ 0 for all k ≥ g, where g is a sufficiently large integer. The input and output relationship 
can be written as the following matrix representation: 

[( ) ] [( ) ]
ˆ ,m l m m p g p m p g p l× × + + + + ×=s Y V                                     (13) 

where 

[ (0) (1) (2) ( ) ( 1)];g l= −" "s s s s s s                              (14) 

1ˆ [ ];g−= "Y D CB CAB CA B                                     (15) 

(0) (1) (2) ( ) ( 1)
0 (0) (1) ( 1) ( 2)

.0 0 (0) ( 2) ( 3)

0 0 0 0 (0) ( 1)

g l
g l
g l

l g

−⎡ ⎤
⎢ ⎥− −⎢ ⎥
⎢ ⎥= − −
⎢ ⎥
⎢ ⎥
⎢ ⎥− −⎣ ⎦

" "
" "
" "

# % % % # " #
"

u u u u u
v v v v

V v v v

v v

                    (16) 

Note that Ŷ  and V refer to truncated versions of the Y  and .V  Subsequently, the first g 
observer Markov parameters can be obtained by the following least-squares method. 

1ˆ [ ] .T T −=Y sV VV                                                  (17) 

If [VVT]-1 does not exist, then VT[VVT]-1 should be replaced by V+, where V+ is the 
pseudo-inverse of the matrix V. The observer Markov parameters Ŷ  can be represented 
as: 

0 1 2
ˆ ˆ ˆ ˆ ˆ[ ],g= "Y Y Y Y Y                                           (18) 
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where 

0
1

1 1

(1) (2)

ˆ ,
ˆ

    [ ( ) ( )  ( ) ]
ˆ ˆ    [ ], 1, 2, , .

k
k

k k

k k k g

−

− −

=

=

= + + − +

= − = …

Y D

Y CA B

C A KC B KD C A KC K

Y Y

                     (19) 

3.2 Minimal State-Space Realization 
 

The observer Markov parameters can be decomposed into two parts: the system 
Markov parameters and the observer gain Markov parameters. The system matrices A, B, 
C, and D can be computed from the system Markov parameters that are obtained by the 
follwoing equations. 

0 0

(1)1 (2)

1

1 (2)

1

ˆ ,

ˆ ˆ ;  for 1, 2, , ,

ˆ ;  for .

s

k
s k s

k i k ik
i

g
s k s

k i k i
i

k g

k g

−
−

=

−
−

=

= =

= = − =

= = − >

∑

∑

…

Y D Y

Y CA B Y Y Y

Y CA B Y Y

                     (20) 

The observer gain matrix K can be estimated by the observer gain Markov para- 
meters using the following eqautions: 

(2)
1 1

1
(2)1 (2)

1

1 (2)

1

ˆ ,

ˆ ˆ ;  for 2, 3, , ,

ˆ ;  for .

o

k
o k o

k i k ik
i

g
o k o

k i k i
i

k g

k g

−
−

−
=

−
−

=

= =

= = − =

= = − >

∑

∑

…

Y CK Y

Y CA K Y Y Y

Y CA K Y Y

                    (21) 

Using the combined Markov parameters Λk = [CAk-1B  CAk-1K], we can obtain matrices 
A, B, C and K by the eigensystem realization algorithm (ERA). In the ERA, the order of 
a linear system can be determined by examining the singular values of the Hankel matrix 

(0).pH  To apply the ERA, we form a generalized Hankel matrix (0)pH  and a shifted 
Hankel matrix (1)pH  using the Markov parameters and describe these matrices as fol-
lows. 

1 2

2 3 1

1 1

(0) ,p

β

β

α α α β

+

+ + −

⎡ ⎤
⎢ ⎥
⎢ ⎥= ⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

Λ Λ Λ
Λ Λ Λ

Λ Λ Λ

"
"

# # % #
"

H                                   (22) 



WIENER-TYPE RECURRENT NETWORK WITH OKID ALGORITHM 

 

899

 

2 3 1

3 4 2

1 2

(1) ,p

β

β

α α α β

+

+

+ + +

⎡ ⎤
⎢ ⎥
⎢ ⎥= ⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

Λ Λ Λ
Λ Λ Λ

Λ Λ Λ

"
"

# # % #
"

H                                   (23) 

where α and β are arbitrary integers. To determine the system order, the singular value 
decomposition (SVD) is applied to decompose the Hankel matrix (0):pH  

(0) ,T
p = ΣH W Q                                                   (24) 

where W and Q are orthogonal matrices and Σ is a rectangular matrix. For a Jth-order  

linear system with noise-free input-output measurements, 
0

,
0 0

J∑⎡ ⎤
∑ = ⎢ ⎥

⎣ ⎦

�
 where J∑ � =  

diag[σ1, σ2, …, σJ, σJ+1, …, ]Jσ �  with σ1 ≥ σ2 ≥ … ≥ σJ ≥ σJ+1 ≥ … ≥ Jσ �  ≥ 0. If some  
singular values, σJ+1, …, ,Jσ �  are relatively small (σJ >> σJ+1), the matrix (0)pH  can be 
expressed as follows. 

1/2 1/2
0

0

(0) [ ] ,
T
JJ T T

p J J J J J J J JT

⎡ ⎤⎡ ⎤ ⎡ ⎤ ⎡ ⎤= = =⎢ ⎥⎢ ⎥ ⎣ ⎦ ⎣ ⎦⎣ ⎦ ⎢ ⎥⎣ ⎦

Σ 0
Σ Σ Σ

0 0
Q

H W W W Q W Q
Q

       (25) 

where WJ and QJ are the matrices formed by the first J columns of W and Q, and ΣJ = 
diag[σ1, σ2, …, σJ]. Then, we can also obtain the shifted Hankel matrix by 

1/2 1/2(1) .T
p J J J J⎡ ⎤ ⎡ ⎤= ⎣ ⎦ ⎣ ⎦Σ ΣH W A Q                                       (26) 

Based on the result of the SVD, we can obtain A, B, C and K by the following equations. 

1/2 1/2(1) ,T
J J p J J
− −= Σ ΣA W H Q                                         (27) 

[B  K] = First (p + m) columns of 1/2 ,T
J JΣ Q                              (28) 

C = First m rows of 
1/2.J JΣW                                          (29) 

Since matrices A, B, C and K contain very important dynamic property about the 
controllability and observability of the system, selecting a suitable system order is an 
important issue. In general, the SVD is frequently used to estimate the system order of 
linear systems. For a Jth-order system with m outputs, the minimum number of observer 
Markov parameters required to be identified is gmin = J/m. If the minimum number of 
observer Markov parameters, g, is identified, then the maximum order of the system is 
gm. The more detailed information about the OKID can be found in [9]. 
 
3.3 Steps of OKID-Based Identification Algorithm 
 

We now summarize our OKID-based identification algorithm in the following steps. 
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Step 1: Obtain the input-output training patterns [u(k), s(k)] for the linear dynamic 
subsystem through the inverse of hyperbolic tangent sigmoid functions. 

Step 2: Estimate the first g observer Markov parameters from the input-output patterns 
obtained in step 1. 

Step 3 : Compute the system Markov parameters and observer gain Markov parameters 
using the observer Markov parameters.  

Step 4: Realize matrices A, B, C, D and the observer gain K by the ERA algorithm us-
ing Eqs. (20)-(29). 

Step 5: Assign the components of A, B, C and D as the corresponding parameters of the 
linear subsystem of the proposed Wiener-type network. 

 
Upon the completion of the OKID-based identification algorithm, we can establish 

the recurrent network to emulate the unknown system with good performance. 

4. SIMULATION RESULTS 

To validate the effectiveness of our Wiener-type recurrent network and the pro- 
posed identification algorithm, we have conducted extensive computer simulations on 
dynamic system identification problems. Here, we present two examples of dynamic 
nonlinear system identification: a multi-input-multi-output (MIMO) plant and a nonlinear 
Wiener system. The simulation results are compared with those of some existing meth-
ods found in the literature. 
 
Example 1: MIMO dynamic plant identification. The following plant is adopted from 
[15] and is described as 

1
1 12

2

1 2
2 22

2

( )
( 1) 0.5 ( ) ,

(1 ( ))

( ) ( )
( 1) 0.5 ( ) .

(1 ( ))

p
p

p

p p
p

p

y k
y k u k

y k

y k y k
y k u k

y k

⎡ ⎤
⎢ ⎥+ = +

+⎢ ⎥⎣ ⎦
⎡ ⎤
⎢ ⎥+ = +

+⎢ ⎥⎣ ⎦

                               (30) 

This example is utilized to demonstrate the capability of the proposed network and 
algorithm in identifying MIMO plants. A total of 1100 time steps of two i.i.d uniform se- 
quences within the limits [− 2, 2] are generated to identify the proposed network. Theo-
retically, gmin = J/m for a Jth-order system with m outputs, and g and J are integers. The 
selection of g is related to the selection of J. Since the value of J is unavailable for un-
known system identification problems, in this study we started the value of g from 1 and 
increased the value incrementally until we found satisfactory system performance. By 
satisfactory system performance, we consider that the size of the state-space representa-
tion as well as the values of MSE should be minimal. Fig. 3 shows the curve of the MSEs 
for different values of g. We set g = 1 and J = gm = 2. The parameters identified by the 
OKID algorithm are as follows. ΣJ = diag[0.80702, 0.6492] and the state-space equation 
is written as 
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Fig. 3. The MSEs of the proposed recurrent network with different values of g from 1 to 10 for 

Example 1. 
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    (31) 

The eigenvalues of matrix A are (0.4087, 0.0272). The total number of the network 
parameters is 16. After the model is identified, we use the following testing input signal 
(u(k) = u1(k) = u2(k)) to verify their identification performance. 
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     (32) 

In the testing phase, the network output is obtained by transferring s(k) to y(k) via 
Eq. (4). We compare the Wiener-type network with two existing recurrent networks. 
From Table 1, we can see that the performance of the proposed network with fewer pa-
rameters performs better than those of the two existing networks. From Table 2, we can 
see that the OKID algorithm performs better than the other two learning algorithms. Fig. 
4 depicts the outputs of the MIMO plant and the proposed network for the testing signal. 

Table 1. Performance comparisons of the proposed recurrent network with two existing 
recurrent networks. 

Network Type No. of Parameters Training Time (time steps) MSE 

Wiener-type network 16 1,100 y1 = 1.30 × 10-3 
y2 = 4.90 × 10-3 

RSONFIN [10] 77 11,000 y1 = 1.24 × 10-2 
y2 = 1.97 × 10-2 

MNN [17] 131 77,000 y1 = 1.86 × 10-2 
y2 = 3.27 × 10-2 
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Table 2. Performance comparisons of the proposed OKID algorithm with two existing 
learning algorithms. 

Learning Algorithm No. of Parameters Training Time (time steps) MSE 

OKID 16 1,100 y1 = 1.30 × 10-3 
y2 = 4.90 × 10-3 

Levenberg-Marquardt 16 1,100 y1 = 5.10 × 10-3 
y2 = 2.46 × 10-1 

Variable learning-rate 
backpropagation 16 1,100 y1 = 9.10 × 10-3 

y2 = 2.30 × 10-2 
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Fig. 4. The outputs of the MIMO plant (solid curve) and the proposed recurrent network (dotted 
curve) for Example 1. 

 
Example 2: Nonlinear Wiener system identification. The following fluid-flow control 
problem is adopted from [1].  

2

( ) 1.4138 ( 1) 0.6065 ( 2) 0.1044 ( 1) 0.0883 ( 2),

0.3163 ( )( ) [ ( )] ,
0.10 0.90[ ( )]

x k x k x k u k u k

x ky k f x k
x k

= − − − + − + −

= =
+

      (33) 

where u(k) is the pneumatic control signal, x(k) is the stem position, and the resulting 
flow through the valve is given by the nonlinear function f[x(k)] of the stem position. 
This example is utilized to demonstrate the capability of the proposed network with the 
OKID algorithm in identifying nonlinear Wiener systems. A total of 1000 time steps of 
one i.i.d uniform sequence within the limits [− 0.05, 0.05] were generated to identify the 
proposed network. To verify the identification performance, the testing signal generated 
by u(k) = 0.5sin(k) was applied to the identified model. We used the same procedure as 
Example 1 to determine a suitable g for the testing signal. Therefore, we set g = 2 and J = 
gm = 2. The total number of the network parameters is 9. The state-space equation of the 
Wiener-type recurrent network identified by the OKID algorithm is written as  
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                  (34) 

The eigenvalues of matrix A of this model are (0.7073 + 0.3269i, 0.7073 − 0.3269i) 
that indicate the identified network is stable. In the testing phase, the network output is 
obtained by transferring s(k) to y(k) via Eq. (4). The MSE of the proposed Wiener-type 
network for the testing signal is 3.85 × 10-5. Fig. 5 depicts the outputs of the nonlinear 
Wiener system and the proposed network for the testing signal. 
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Fig. 5. The outputs of the nonlinear Wiener system (solid curve) and the proposed recurrent net-
work (dotted curve) for Example 2. 

5. CONCLUSION 

A novel Wiener-type recurrent neural network with an OKID-based identification 
algorithm has been proposed for nonlinear unknown dynamic system identification prob-
lems. The advantages of our approach include: (1) the realization of a conventional Wie-
ner model into a simple connectionist recurrent network whose output can be expressed 
by a nonlinear transformation of a linear state-space equation; (2) the overall network 
structure can be determined by the OKID algorithm effectively using only the input- 
output patterns; and (3) the proposed network is capable of accurately identifying nonlin-
ear dynamic systems using fewer parameters. However, from a theoretical point of view, 
the OKID algorithm cannot be performed online. This is one of the limitations for using 
the OKID algorithm in the model construction phase of system identification problems. 
One possible remedy for such a limitation is to use error correction methods, e.g. back-
propagation, for tuning the network parameters online to achieve better performance. The 
effectiveness and superiority of our proposed approach have been successfully validated 
by computer simulations on nonlinear unknown dynamic examples and comparisons 
with some existing recurrent networks and learning algorithms.  
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