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Abstract

Magnetorheological (MR) damper is one of the more promising new devices for vibration control of
structures. External energy required by the adjustable fluid damper is minuscule while speed of its response
is in the order of milliseconds. The MR damper is a semi-active control device and has been characterized
by a set of non-linear differential equations which represent a forward model of the MR damper, i.e., the
model can generate a force to a given displacement and applied voltage.

This paper presents an inverse model of the MR damper, i.e., the model can predict the required voltage
so that the MR damper can produce the desired force for the requirement of vibration control of structures.
The inverse model has been constructed by using a multi-layer perceptron optimal neural network and
system identification, which are Gauss—Newton-based Levenberg—Marquardt training algorithm, optimal
brain surgeon strategy and autoregressive with exogenous variables (ARX) model. Based on the data from
numerical simulation of the MR damper, the trained optimal neural networks can accurately predict
voltage. If the inverse model is used in a control system, the semi-active vibration control can be
implemented easily by using the semi-active MR damper.
© 2002 Elsevier Science Ltd. All rights reserved.

1. Introduction

The non-linear phenomenological model of magnetorheological (MR) damper has been
developed by Spencer et al. [1] The model is based on a Bouc—Wen hysteresis model and is
accurately and numerically tractable for the characteristic of the MR damper. By using this
mathematical model, the force of the MR damper is directly solved to a given displacement and
applied voltage. The model is called forward model. In an active control system, the control force
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needs to be known to meet a required vibration level. If the MR damper is used for semi-active
vibration control, it may be desirable to have an inverse model to predict preliminarily the applied
voltage in order to generate the required control force. However, solving the non-linear equations
describing the performance of the MR damper may be difficult or time consuming to predict a
required voltage, which will lead to complex and difficult controller design. Therefore, it is
valuable to establish an inverse model, instead of the complex mathematical model, of the MR
damper which can directly predict voltage.

Generally, it is difficult to develop a mathematical model for a complex non-linear dynamic
system such as the MR damper. Recently, the artificial neural network [2] has been effectively
applied to model complex systems because of its great learning (training process) and creation
(emulator) functions. It is possible to model the MR damper and identify the performance of the
complex dynamic system by using neural network. The technology of neural network includes
constructing network architectures and training them. Before construction of the network
architecture, two important problems must be considered: how many hidden layers should be
selected and how many neurons should be used in each layer? The questions are one of the most
difficult aspects of developing neural network models. Currently, to make a priori determination
of the appropriate size of the network is still difficult. Increasing the number of hidden layers will
make the neural network possess a better capability in learning more non-linear mappings.
However, too many hidden layers will deteriorate the performance of neural networks. Studies [2]
have shown that one or two hidden layers are sufficient for most problems. The number of
neurons in the hidden layers determine the capacity of neural networks and the complexity of the
underlying knowledge base in the data used for training neural networks. The network
architecture is not unique. The size of the neural network cannot be well determined for a good
performance. In order to construct an ideal network, this paper presents a practical strategy: (1)
using appropriately more neurons in the hidden layers so that, firstly, the neural network can
acquire adequate knowledge from the training data; (2) using a so-called optimal brain surgeon
(OBS) strategy [3] to remove the superfluous weights from the network so that an optimal
network architecture can be determined by pruning the network.

Network learning or training is the process of weighting adjustment based on the input/output
data. Training algorithms are generally based on the minimization of an energy or error function
that is the function of the vector of weights to be adjusted. Generally, these algorithms include the
gradient descent algorithm [4], the back propagation algorithm [5], the least-squares algorithm [6],
the recursive estimation method [7] and the Gauss—Newton-based Levenberg—Marquardt method
[8].

It is difficult to determine the input and output signals when using neural network to model a
non-linear dynamic system. This procedure is crucial for a successful identification of the complex
system. System identification theory [7] provides a mathematical framework for analysis and
design of dynamic systems of various types, regardless of their special physical nature and
functions. System identification is the procedure to develop a dynamic model of a structural
system to replicate the behavior of the system by measuring input/output relationships of the
system. Hence, using system identification may be useful for determination of input/output signals
for the neural network.

In this paper, the methodologies for construction of an inverse model of the MR damper are
presented using optimal neural network and system identification. The data for training and
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validating neural network were produced from the simulation of the mathematical model for the
MR damper proposed by Spencer et al. [1]. The system identification based ARX model and a
multi-layer perception network were selected to determine the model structure. To construct an
inverse model of the MR damper, the displacement, voltage and force were selected as the input
variables, while the voltage was selected as the output variable. The fully connected networks with
one hidden layer and 12 neurons in the hidden layer were selected to train by using the Gauss—
Newton-based Levenberg—Marquardt method. The OBS strategy was used to retrain the network
and prune the superfluous weights from the network to determine of an optimal network. The
optimal network was verified by using two different sets of data.

2. Simulated MR damper performance
Spencer et al. [1] proposed a new phenomenological model based on a Bouce—Wen hysteresis

model for a prototype MR damper developed by the Lord Corporation. The simple mechanical
model of the MR damper is shown in Fig. 1 and it is governed by the following seven equations:

S =cay+kix— xo), (1)
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i = —n(u—v). (7

A total of 14 model parameters were obtained using a constrained non-linear optimization
algorithm to characterize the damper. Optimized parameters were determined to fit the
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Fig. 1. Model of MR damper.
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generalized model to the experimental data in a variety of tests. The resulting parameters are given
in Table 1. According to the model shown in Fig. 1, the force f of the prototype damper is
obtained if the patterns of displacement x and voltage v are prescribed. The model portrayed
effectively the behavior of the prototype MR damper and was numerically tractable. From the
model given in Egs. (1)—(7), a set of data including given displacement x and voltage v, and force f
generated by the MR damper can be obtained. Fig. 2(a) shows the displacement, which is a 2.5 Hz
sinusoid with amplitude of 1.5cm. The applied voltage shown in Fig. 2(b) has the straight-line
type with expression of v = 1.25+ ¢ (Volt). Fig. 2(c) shows the force generated by the MR
damper. The force—displacement loops are shown in Fig. 3 and progress along a clockwise path
with increasing time, whereas the force—velocity loops are shown in Fig. 4 and progress along a
counterclockwise path with increasing time. These displacement, voltage and force representing
the performances of the MR damper were used to train the neural network.

3. Modelling techniques for MR damper performance

To construct the neural network for representing the performance of the MR damper, the
modelling techniques including a multi-layer perceptron (MLP) neural network, a Gauss—
Newton-based Levenberg—-Marquardt training algorithm and an ARX model are presented as
follows.

3.1. MLP network

The MLP network is the most often used member in the neural network family due to its ability
to model simple as well as very complex functional relationships. A fully connected two layer
feedforward MLP-network with p inputs, m outputs, ¢ hidden neurons and one bias in the input
and output layers, respectively, is shown in Fig. 5. For those MLP-networks having only one
hidden layer, only sigmodial activation functions f in the hidden layer and one linear activation
function F, the output p; can be expressed as the function of weights and inputs:

q r
Pi=F| Wif; (Z Wikl + WjO) + Wi | (8)
i=1 k=1

Table 1
Parameter values of MR damper model
Parameter Value Parameter Value
Coa 21.0 Ns/cm oy 140.0 N/cm
Cop 3.50 Ns/cm V o 695.0Ns/cmV
ko 46.9N/cm y 363.0cm 2
Cla 283.0 N's/cm B 363.0cm 2
Clp 2.95Ns/cmV A 301.0
ki 5.0 N/em n 2
X0 14.3cm n 190s~!
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Fig. 2. Signals for training neural network.
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Fig. 3. Force—displacement loops of MR damper.

The weights Wj; and wy(i = 1,2, ...,m; j=1,2,...,q) specified by vector 0 are the adjustable
parameters of the network and they are determined from a set of data through the process called
training. The training data are a set of inputs {u(s)} and the corresponding desired outputs {y(s)}.
The hyperbolic tangent function is selected as the sigmodial action function f in the hidden layer.
Its curve is shown in Fig. 6 and it is expressed by

SO =1

T —— 9
1+62X ( )

The training data set is specified with N points as
ZN = {[u(s), y9)]|s=1,...v}- (10)
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Fig. 4. Force—velocity loops of MR damper.

p Ym
U 92
Uy Y1
1

Fig. 5. A fully connected two-layer feedforward network.

Then the training objective is to determine a mapping from a set of training data ZV to a set of
possible weights 0:

AR} (11)

so that the network can produce prediction y(s), close to the true outputs y(s).
The prediction error approach is based on a measure of closeness of a mean square error
criterion augmented with a regularization term

N
Pa(0.2%) = 55D J6) ~ JODE) — 01+ 570700, (12)

where D is the regularization matrix. For a simple weight decay, D is a diagonal matrix which is
selected to be D = &l, in which [ is a unit matrix, and ¢ is a small number which represents a
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Fig. 6. Curve of hyperbolic tangent function.

weight decay. Criterion (12) is also called a regularized criterion. If D = 0, then criterion (12) is
called an unregularized criterion. The weights vector is then found to be

0 = arg, min Vy(0, Z") (13)
by an iterative minimization scheme
00D — G 4 @0, (14)

where 0% denotes the ith iteration, /@ is a search direction based on information about Vy(0, ZV)

acquired at previous iterations, and u(? is the step size determined so that an appropriate decrease
in the value of Vy(0,Z") is obtained.

3.2. Levenberg—Marquardt training algorithm

The Gauss—Newton-based Levenberg—Marquardt method was used to minimize the mean-
square error, due to its rapid convergence properties and robustness. In terms of the method, the
following equation is used to determine the search direction f@:

1O = @D, zVy + 20 V09, ZV), (15)

where / is a small positive scalar. Vi (0?,ZV) and V¥ (9(’) ZN) are the matrices of the first and
second partial derivatives of VN(H(’) ZN ) with respect to 69, If 2 = 0, then Eq. (15) will degenerate
to the Gauss—Newton method.

By adding a scalar 4 to the diagonal elements in the matrix of second partial derivatives or the
so-called Hessian matrix, the Gauss—Newton-based Levenberg—Marquardt method overcomes the
non-positive definite problems arising in the Hessian matrix. The scalar / is adjusted according to
the size of ratio ' between actual reduction in Vy(0, Z") on the ith step and the corresponding
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predicted reduction as:
o _ Vw00, 2% — V(@ + p0r 0, Z%)
Va0, ZN) = Ly(0 + uof )

(16)

where Ly(0? + u@f®) is the resulting quadratic approximation for ith iteration which can be
obtained from a truncated Taylor series expansion of Vy(0?”,Z") about 0¥ based on the
Newton’s method, and can be written:

L@ +uf 0y = V02, Z%) + 10TV 00, 2%) + i T, zVy . (17)

The ratio r® measures the accuracy indicating how Ly(0 + u@7®) approximates V(0¥ +
pDfD ZN) The closer #? is to unity, the better is the agreement. The ith iteration takes the
following steps:

(1) taking initial values of weight vector #*) and an initial value ¥ (0®may be a set of small
(<1) non-zero random numbers and A’ may be a small (e.g. 1) positive number);

(2) determining the search direction /@ from Eq. (15);

(3) calculating #? by Eq. (16), if #? > 0.75, then setting 1) = %/l(i) (if predicted reduction is close
to actual reduction (+” - 1), then let the search direction approach the Gauss—Newton search
direction and increase the step size u?);

(4) if 9 <0.25, then setting 2 = 247 (if predicted reduction is far from the actual reduction
(" = 0), then let the search direction approach the gradient direction and decrease the step
size u®);

(5) if 0.25<r9<0.75, then setting A = A?;

(6) if #<0; then accepting 09" = 09 + 07 as a new iteration and letting A"V = 1? and
i=i+1;

(7) if the stop criterion (i< maximum number of iterations or Vy(0%, Z¥)<error bound) is not
satisfied, then go to step (2).

The constants 0.25, 0.75, etc. are arbitrary because the algorithm is quite insensitive to their
change. In practice, a more sophisticated iteration [9] can be used. If #? <0.25, then A is chosen
in an interval (0.1 —0.5)|u”7@| on the basis of a polynomial interpolation. Other possible
changes may include a more sophisticated extrapolation strategy.

3.3. ARX model

After determining the global architecture of the neural network and the training algorithm, it is
necessary to choose a set of regressors (or an appropriate model structure) so as to determine a set
of control signals (or input signals) and output signal for the MR damper identification. ARX
model is the most basic model describing the relationship between the input and output with the
linear difference equation

¥(s) = @' (s)0), (18)

o(s) = (s — 1)...y(s — n)u(s — ng)...u(s — ny — nx + DT, (19)
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where ¢(s) is a regression vector containing the regressors; 0 is a vector containing the weights as
adjustable parameters; u(s) and y(s) are the input and output signals, respectively; n, and n;, are
the model orders which determine the structure of the regression vector; n, represents the number
of past output signals and n; represents the number of past input signals; 7 is the time delay
which is equal to one usually. ARX model means that the next output value of the model structure
is determined by the previous observations of output and input. The predictor for Eq. (19) gives

¥(s,0) = g((s), 0), (20)

where ¢ is the function realized by the neural network. Here, the predictor is a non-linear
predictor because it is not a scalar product between a known regression vector and the parameter
vector 0.

After selecting an ARX model structure, an important procedure is to select the physical
variables as signals and the number of past signals as regressors. For the MR damper described
previously, there are three physical variables: displacement, voltage and force. In order to predict
a required voltage to a desired force, the applied voltage was selected as the desired output from
the network and the force generated by the MR damper was selected as the input signal into the
network. Such a model is called an inverse model because the desired network output is the plant
control input, and the network inputs are the plant measured outputs suitably delayed.
Furthermore, the predicted outputs may be related to the past desired outputs. To obtain one of
the best trained networks, the desired output of the MR damper was also used as input signal in
this investigation. Hence, the input signals into the network were the displacement x, voltage v
and force f, while the predicted output signal was the voltage 0. The neural network adjusts the
weights to reduce the error between the predicted output and the desired output.

Determination of the model orders n, and #; is very difficult and complicated for a non-linear
system. He and Asada [10] presented a method for identifying orders of input—output models of
non-linear dynamic systems by calculating the index of the order. The index is interpreted such
that an insufficient lag space (n, and n;) leads to a large index. Increasing the lag space, the index
will decrease until a sufficiently large lag space structure is reached. Further increasing the lag
space will not change the index significantly. In practical application, the curve of the index versus
the number of n, and n; can be plotted to find out the knee-point, where the order index flattens
out. The knee-point corresponds to the number of n, and n,. According to He and Asada’s
method, the number of n, and n, for the data used to identify the MR damper is two. Therefore,
the model structure for identifying the MR damper was a second order model. Up to here, the
determined model structures were composed of six input signals (two past displacements, two past
voltages and two past forces) and one predicted signal (current force for the forward model or
current voltage for the inverse model). Fig. 5 shows the fully connected neural network with 12
neurons in the hidden layer.

3.4. Optimal network architecture

Because the model selection including regressor and network selection is subjective to some
extent, the constructed networks are not optimal. The so-called OBS strategy [3] gives a possibility
for automatic optimization of the network architecture. The OBS is an important strategy and is a
unique method that has been implemented for models of dynamic systems. According to the OBS
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strategy, the optimal network architecture can be determined by pruning the superfluous weights
from the network. The OBS strategy considers that if a network has the smallest training error,
then it is an optimal network. Implementation of the optimization process is to retrain each of the
intermediate network and calculate the training error each time when a weight has been
eliminated, then select the network with the smallest training error as the final network. Pruning
of a weight deletes the corresponding link. Pruning of all links that connect a neuron to the rest of
the topology deletes the neuron, which is within hidden neurons. Hence, pruning of weights
simplifies the complexity of initial network topologies and improves the comprehension of data
processing and topological parts in the network.

In order to implement the optimization process, the network is trained to a local minimum of
training error £ and the neighborhood of the local minimum is quadratic. When a weight is
eliminated, the change in training error E is estimated through the following steps:

(1) expanding the criterion E to second order around an extremum 0x;

(2) finding the changes of the remaining weights resulting from elimination of a weight, and
retraining the remaining weights in the quadratic approximation to the new minimum of E;
and

(3) computing the associated changes in training error.

For convenience of formularization, criterion (12) is rewritten by
Va(0,Z") = Ex(0,ZV):0" D0, (21)
where Vy(0,Z") represents the regularized criterion and Ey(6, ZV) represents the unregularized
criterion. When the jth weight is eliminated, the change of training error E is expressed by
SE; = y,0: DH " (0+)e; + 3y7e] H™ ' (0+)EN(0+, ZN)H ™ (0+)e;. (22)
The changes of all remaining weights are
o0 = —yjH_l(H*)ej. (23)
In expressions (22) and (23), H(0+) is the Hessian matrix of the regularized criterion
1 N 1
H(0<) = EN(0+,Z2"7) + ND’ (24)
where EX(6,,Z") is the matrix (0 = 0,) of second partial derivative of Ex(6,,Z") with respect to
0, ¢; is the jth unit vector and y; is the Lagrange multiplier which can be determined by
0:¢;

T eTH (00 2

Vj
3.5. Estimation and validation of neural network
Based on the developed methodologies, the neural network shown in Fig. 7 was trained by

using the data shown in Fig. 2. The fully connected neural network had 12 neurons in the
hidden layer. Using the pruning technology described previously, the optimal network was
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Fig. 8. Optimal neural network.

obtained. Fig. 8 shows the optimal network in which 83 weights were eliminated, about 85.5% of
the total weights.

The trained optimal network was used to predict signals. After the displacement and force
shown in Fig. 2 are input into the optimal model, the predicted voltage and its comparison with
the desired (or required) voltage to the MR damper are shown in Fig. 9. The graphical
comparison of the predicted and desired signals was very well. The optimal network was trained
successfully.

Another way to verify the optimal network is to study quantitatively the errors between
predicted and desired signals. The following expressions represent the errors:

b= \/ZSN:JW) — o)/ \/ > leats) — T, (26)
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Fig. 9. Comparison of desired and predicted voltage.
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Fig. 10. First set of signals for validating optimal network.

where vy is the desired voltage applied to the MR damper, v, is the corresponding voltage
predicted by the optimal network, and g, is the mean value of the desired voltage. The normalized
error was calculated as E, = 0.0044 which is very small.

Although the optimal network was trained very well, it still needs to be validated by using other
signals. According to the characteristic of the operating conditions for the MR damper, two sets
of signals were used to verify the optimal network. The first set of signal was composed of a
sinusoidal displacement with 1.0 cm amplitude and 5.0 Hz frequency and a constant voltage with
1.0V level. The force generated by the MR damper was periodic with time increasing. Fig. 10
shows these signals. The second set of signal consisted of a random displacement and a random
step voltage. The force generated by the MR damper was also random. Fig. 11 shows the random
signals.

Applying the validating displacements and forces to the optimal model, the voltages predicted
by the network and their comparison with the desired voltages are shown in Figs. 12 and 13,
corresponding to the first and second set of signal, respectively. The curves of the predicted and
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Fig. 11. Second set of random signals for validating optimal network.
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desired voltages agreed very well. The normalized errors calculated by using formula (26) were
only E, = 0.0018 and 0.0020, corresponding to the first and second set of the validating signals,
respectively.

The direct inverse modelling is the simplest approach conceptually. The MR damper output
(force) was used as an input to the network. The network output was compared with the MR
damper input (voltage) and this error was used to train the network. This structure tended clearly
to force the network to represent an inverse model of the MR damper. However, it should be
noted that there is a drawback to the inverse modelling approach: the learning procedure is not
‘goal-oriented’ [11]. In other words, the training signal must be chosen to sample over a wide
range of system inputs, and the actual operational inputs may be hard to define a priori. The
actual goal in the control context is to make the system output behave in a desired way, and thus
the training signal in direct inverse modelling may not correspond to the explicit goal. To
overcome the problem, a specialized inverse learning approach [12], which is based on the error
between desired system outputs and actual outputs, can be used for inverse modelling.

4. Conclusions

(1) An inverse model of a MR damper was developed using optimal neural network and system
identification techniques. The trained optimal network can accurately predict the required
voltage for the desired force. The developed inverse model overcomes the limitation due to the
complexity in solving the non-linear mathematical equations describing the performance of
MR damper. If the optimal neural network is used in a control system, it is easy to implement
semi-active vibration control by using the MR damper.

(2) An artificial neural network together with the system identification theory is a very effective
and reliable methodology for identifying non-linear dynamic systems without knowing their
inherent physical nature and functions. In order to obtain the best identifier, the network
architecture including a set of regressor must be selected carefully.

(3) The OBS strategy is an effective technology to optimize neural network. The strategy can
overcome the difficulty in determining the number of neurons in the hidden layer during the
construction of a neural network. The OBS technology can simplify the complexity of initial
network topologies and improve the comprehension of data processing and the topological
parts in the network by pruning the superfluous weights from the network.
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