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Abstract:
In this paper, the proposed annealing robust radial
basis function networks based on  support vector
regression (  -SVR) to identify Magneto-Rheological
Damper. When the radial basis function networks are used
for the identification of the nonlinear dynamic system, the
number of hidden nodes, the initial parameters of the
kernel, and the initial weights of the network must be
determined first, a  -SVR method is proposed to solve
the initial problem of radial basis function networks. That
is, the SVR uses the quadratic programming optimization
to determine the initial structure of the radial basis
function networks. And then the proposed annealing
robust radial basis function networks are trained by the
annealing robust algorithm. Simulation results show the
superiority of the proposed method.
Keywords: support vector regression; annealing robust
learning algorithm; Magneto-Rheological Damper

1.

Introduction

Magneto-rheological (MR) damper is filled with MR
fluid, it is covered with coil outside piston to change
magnetic field, can make MR fluid change from liquid
state to semi-solid fast. With structure simplicity, low
power requirement, large force capacity, and high
dynamic range. MR damper attracts attentions as
developed semi-active control devices for structural
control applications recently. In order to describe the
performance of the MR damper, Spencer et al. [1]
proposed a phenomenological model based on a
Bouc-Wen model.
Chang et al. [2] , Chang et al. [3] , Du et al. [4] and C.
N. Ko et al. [5] developed a neural network model for the
MR damper systems. Zhou and Chang [6] proposed an
adaptive fuzzy control the MR damper. C. N. Ko et al. [7]
proposes robust fuzzy neural networks to identify MR
damper. Chen et al. [8] by annealing robust fuzzy neural
networks identify of nonlinear MR damper with outliers.
Radial basis function networks with one hidden layer
and rapid convergence speed is used to various
applications such as system identification, time series
prediction, function approximation [9-11]. But the number
of hidden nodes, the initial parameters of the kernel and
the initial weights of the networks not decided
mathematically yet. Besides, the data we obtained
sometimes contain the error measurements due to data
censored. How to decide the initial structure of radial
basis function networks under censored data.
Support vector regression method is a set of input
and output samples used to approximate an unknown

function. The  -support vector regression is proposed by
Schölkopf, Smola, Williamson and Bartlett [12], a new
parameter  is used to control the number of support
vectors and training errors.
In this article, the purpose is to identify the
Magneto-Rheological Damper. First, a  support vector
regression is used to determine the number of hidden
nodes, the initial parameters of the kernel, and the initial
weights of the radial basis function networks. Then the
algorithm is applied to tune the parameters of radial basis
functions and the synaptic weights. It is expected that the
proposed method has fast convergence speed and the
ability to identify Magneto-Rheological Damper perfectly.

2.

The structure of proposed method

2.1 Radial basis function networks (RBFNs)
The structure of the RBFNs consists of an input
layer, a hidden layer of radial basis functions and a linear
output layer. When the radial basis functions are chosen as
Gaussian functions, the RBFNs can be expressed in the
form
L

yˆ j (t  1) 

 wij exp( 
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i 0
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(1)

where ŷ j is the jth output, x is the input to the neural

wij ,0  i  L,1  j  p,

networks,

are

the

synaptic

weights, mi ,0  i  L, and  i ,0  i  L, are the
centers and the widths of Gaussian functions respectively,
and L is the number of the Gaussian functions, in which
we can find that L also denotes the number of hidden
nodes.
2.2  support vector regression
An SVR method is a set of (input, output) samples
{( x i , yi ), i  1, , N} used to approximate an unknown
function. Suppose that a set of basis functions

g ( x k )kN1

is given, there exists a family of functions

that can be expressed as a linear expansion of the basis
functions. The topic is then be changed into finding the
parameters of the following basis linear expansion
N

f ( x, θ )   k g ( x k )  b ,

(2)

k 1

where θ  1 , 2 ,  , m  is a parameter vector to be
identified and b is a constant to be found. The
 -support vector regression is proposed by Schölkopf,
Smola, Williamson and Bartlett [12], which can control
the number of support vectors and training errors. The
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problem is to find the parameters  ( 0    1 ) and C
to optimize the dual problem
Minimize
Q( ,  * ) 

m
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(A)  intial ,  (h) for the first epoch, has large values;

( r   r* )  C  .
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It proposed by Vapnik [13] and Smola et al. [14] and the
inner product of basis function g ( x r )  g ( x s ) is
replaced via the kernel function
m

K ( xr , x s ) 

 g ( x ) g ( x ).
k

r

k
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s
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The solution of the approach is in the form of the
following linear expansion of kernel function

f ( x,  ,  * ) 

N



h is the epoch number, ek (h) is the error between the
kth desired output and the kth output of the RBFNs at
epoch h and  () is a logistic loss function and defined
as
(e ) 2

(12)
[ek ;  ]  ln[1  k ] ,
2

where  (h) is a deterministic annealing schedule acting
like the cut-off points. In this paper, the annealing robust
learning algorithm is applied to train the proposed RBFNs.
In this algorithm, the properties of the annealing schedule
 (h) have [15]:

( k*   k ) K ( x, x k )  b.

(8)

(B)  (h)  0 for h   ;
(C)

 (h)  c h for any h epoch, where c is a

constant.
Based on the gradient-descent kind of learning
algorithms, the synaptic weights wij , the centers m i
and the width  i of Gaussian function are updated as
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This means that the parameter  k in equation (2) can be
m

represented as

 ( k*   k )g ( x k ) . Note that only some

k 1

of ( *k   k ) ’s are not zeros and the corresponding
vectors x k ’s are called support vectors (SVs). In this
paper, the Gaussian function is used as the kernel function.
hence, (8) can be rewritten as

f s ( x, λ) 

#SV

x  xk
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where # SV is the number of SVs, k  ( k*   k )  0
and x k are SVs.
From equation (1) and (9), L, i, wij , mi and  i in
(1) can be regarded as the # SV , k ,  k , x k and  k in
(9), respectively. From the above derivation, we can find
that the number of hidden nodes L , the initial weights
wij , the initial parameters m i and  i , of the RBFNs
are determined via the  -SVR method.

3.

Algorithm for updating parameters

When utilizing the RBFNs for the identification of
systems, the goal is to minimize
1 N
J N (h)   [ek (h);  (h)] ,
(10)
N i 1
where
(11)
ek (h)  f (k )  fˆs ( x k ),

 (ek ;  )
ek

,
ek
1  (e k ) 2 /  ( h)
where  is a learning constant.

 (e k ;  ) 

4.

(16)

Simulation results

The phenomenological model has been proposed by
Spencer et al. [1] to portray the behaviour of a prototype
Magneto-Rheological damper. This phenomenological
model is based on a Bouc-Wen model, the model as
shown in Figure 1, and is governed by the following seven
simultaneous equations:

F  c1 y  k1 ( x  x0 ),
y

1
(c0  c1 )

(17)

[ z  c0 v  k0 ( x  y )],
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n
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   a   b u,

(20)

c1  c1  c1 u ,

(21)
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(22)

b

a

a

b

(23)
u   (u  w),
where F is the force generated by the MR damper;
x is the displacement of the damper; y is an internal
pseudo displacement of the MR damper; u is the output
of a first order filter; v is the command voltage sent to
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the current driver; k1 is the accumulator stiffness; c0
and c1 are the viscous damping coefficients observed at
large and low velocities, respectively; k 0 is the gain to
control the stiffness at large velocities; x0 is the initial
displacement of spring k1 associated with the nominal
damper force due to the accumulator;  ,  , A are
hysteresis parameters for the yield element, and  is the
evolutionary coefficient. In this model, there are a total of
14
model
parameters
to
(c0a , c0b , k 0 , c1a , c1b , k1 , x0 ,  a ,  b ,  ,  , n,  , A)
characterize the MR damper. A set of parameters which is
obtained by Spencer et al. [1] to characterize one MR
damper using experimental data and a constrained
nonlinear optimization algorithm is listed in Table 1. The
output F compare with Du et al. [4] conveniently is
determined on current displacement x(t ) , velocity x (t ) ,
voltage v(t ) , and past force F (t  1) , that is,
(24)
Fˆ (t )  fˆ ( x(t ), v(t ), w(t ), F (t  1)).
The data is generated using a sinusoidal
displacement function with an amplitude of 1 cm and a
frequency of 3Hz and a sinusoidal voltage function with
mean value of 1.6 V, an amplitude of 0.5V and a
frequency of 0.5 Hz. The time duration for this validation
data is 4s and the time increment is 0.002s which amounts
to a total of 2000 training data sets.
The root mean square error (RMSE) of the training
data is used to measure the performance of the proposed
networks. The RMSE is defined as
N

 ( f i  fˆi ) 2
RMSE 

i 1

N

,

(25)

where f i is the desired output and fˆi is the output of
the proposed method. The implementation of SVR is
carried out using the software LIBSVM [16].
The parameters in  -SVR are set as C=1, the
Gaussian kernel function with   0.02 ,   1 , with the
hidden nodes (i.e. the number of SVs) is obtained as 268.
Based on the initial structure and the learning constant is
0.1, after 1000 epochs training, the initial and final results
under the training data sets for F (t ) are shown in Figure
2, Figure 3, respectively, and the final RMSE is 0.0036.
In order to provide a direct estimation of the voltage
that is required to produce a target control force calculated
from some optimal control algorithms. The output v(t )
of the inverse model compare with Du et al. [4]
conveniently is determined on current displacement x(t ) ,
velocity x (t ) , force F (t ) , and past voltage v(t  1) , that
is,
(26)
vˆ(t )  gˆ ( x(t ), x(t ), F (t ), v(t  1)).
The parameters in  -SVR are set as C=6, the
Gaussian kernel function with   0.001 ,   0.5 , with
the hidden nodes (i.e. the number of SVs) is obtained as
182. Based on the initial structure and the learning

constant is 0.05, after 2000 epochs training, the initial and
final results under the training data sets for v(t ) are
shown in Figure 4, Figure 5, respectively, and the final
RMSE is 0.0035.

5.

Conclusions

6.
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Table 1. Parameters for an MR damper
Parameter
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a

c0
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3.50 Ns / cm V
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5.00 N / cm

x0
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Figure 2. The initial result for force before training.
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Figure 3. The final result for force after training.
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Figure 4. The initial result for voltage before training.
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Figure 5. The final result for voltage after training.

