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ABSTRACT
This paper points out that the Diagonal Recurrent

Neural Networks (DRNN) can deal with the dynamical
system more effectively. We use this neural networks to
identify the hydraulic servo system dynamical
performance .The adjustment of weight is the algorithm
that take time varied into account. The simulation
results and experiments testified that this method could
rapidly and exactly get the dynamical performance.
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0 INTRODUCTION

Hydraulic servo system is a complicated system
with the components of mechanic, electric and
hydraulic. There are many nonlinear and uncertain
factors such as  nonlinear gain �cipher
error�lag�load disturb�energy undulate�medium
variety etc. Though conventional methods can establish
mathematics model of hydraulic servo system with
relatively self-contained expression, we often encounter
some difficulties when applying the mathematics
expression in practice. It's inevitable because the
expression is deduced by physics law of the system, we
can't count all infect factors into it. If we count more
factors in, the complexity of this model will be highly
increased, so it is difficult to apply. This is very
important in practice that model of hydraulic servo-
system to be established, this step is necessary for
thoroughly analysis system and control and fault
diagnosis. Neural network can establish model of
hydraulic servo-system by learning the mapping
relationship of practical system input and output data.
So we can get the neural network model instead of
mathematics model, in this way we can avoid the errors
caused by the inaccurately in establishing mathematics
model, and we can construct more precise system in
making control system and fault diagnosis.

1 Diagonal Recurrent Neural Networks
and the capability of nonlinear dynamic
mapping

When applying neural network in system
identification, the first thing we concerned is the
architecture of the neural network, and the pivotal step
is to decide the input vector of the neural network. This
is just like the confirmation of the order of the linear
system. After obtain the order of system most people
used the feed forward neural network (FNN), combine
with tapped delays (TDL), and the back propagation
training algorithm to solve the system identification
problem. If the order of model is unknown, the
architecture of the neural network is obtained by many
trials from lower order to the higher order based on
definite target. As for the nonlinear system, it is very
difficult to get the order of model, and only can get the
approximate architecture by trial and error. The more
complicated problem is that many parameters and the
construction are mutative during system running period,
even varied rapidly. Such as load varied shapely in
hydraulic force servo system, pressure pulse in the
hydraulic pipe. Though neural network has robust and
generalization abilities, for the large change of system
construction or parameter, the neural network with fixed
construction is difficult to meet the demand of the
system identification. A method that is brought up by
some people is real-time regulating the structure of
neural network, just as Self-Organizing Feature Map
network, Adaptive Resonance Theory network and
Counter Propagation network. But the structure and
algorithm of this kind of network are more complicated,
and also it took much time to regulate the architecture
and to weight. So it can't meet the demand of real-time
system. On the other hand, recurrent neural networks
have important capabilities that are not found in feed
forward networks, such as attractor dynamic and the
abilities to store information for later use. The particular
interest is their ability to deal with time varying input or
output through their own natural temporal operation.
Thus the recurrent neural network (RNN) is a dynamic
mapping and is better suited for dynamical system than
the feed forward network with BP algorithm.[1][2][3].

This paper applied Diagonal Recurrent Neural
Networks (DRNN) in dynamic modeling hydraulic
servo system. Since the DRNN structure was brought up
by Chao-chee Ku in IEEE Transaction on Neural
Network at 1995, it has attracted many attentions
because of its simple structure, rapidly convergence, and
ease to implement. So the architecture of DRNN is more
simple and small than other neural networks when it



applied in system identification.
Considering Fig.1, the architecture of DRNN is a

modified model of the fully connected recurrent neural
network with one hidden layer, the input layer and the
output layer. The hidden layer is comprised of self-
recurrent neurons. The input layer and the output layer
are comprised of ordinary neurons. The activation
function of the hidden layer is Sigmoid function.
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Fig. 1 Structure of the DRNN
In the fig.1, the neuron with shade is the recurrent

neuron, where for each discrete time k , )(kI i  is the

i th input, )(kS j  is the sum of input to the j th

recurrent neuron , )(kX j  is the output of the j th

recurrent neuron, )(kO  is the output of the network

.Depending on the network, iW � DW  and OW
represent  input, diagonal, output weight vectors,
respectively. The network with this kind of architecture

is call diagonal recurrent network. Because DW  is a

main diagonal matrix. If },,{ RQPD OHIN £½
represents a DRNN with P inputs�Q sigmoid neurons
in hidden layer�R linear neurons in the output layer.
Consider DRNN with P input, Q recurrent one output

},,{ 1OHIN QPD£½ , the mathematical model is
described as following:
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)(•f  is Sigmoid function as commonly applied,
and Ambipolar Sigmoid is used in this paper.

As formula (1) (2) (3) described, DRNN have a
one-step lag self-feedback neuron in the hidden layer,
and the implement dynamic mapping is rely on this
feedback.

A generalized algorithm, which is called the

dynamic back propagation, is developed to train the
network. And the convergence and stability is
guaranteed by Lyapuanv function methods, See also
[4][5].

2 DRNN MODELING IN HYDRAULIC
SERVO SYSTEM

Actual hydraulic system is a complicated nonlinear
dynamic system. The target of DRNN modeling
research is to implement control and fault diagnosis of
hydraulic servo system, so the architecture of DRNNI is
decided to apply the target. In this paper the nonlinear
system NARMA model is used to represent the
hydraulic servo system.
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Fig. 2 DRNN identification with
serial-parallel architecture

The block diagram of identification system is
showed in the figure 2. The serial-parallel identification
system is applied in the simulation, which means one of
the inputs of DRNNI is the actual system output. On the
contrast, in the parallel identification model, one of the
input of DRNNI is the output of DRNNI itself. The
virtue of this method is guaranteed by the convergence.
But the actual system must be connected all the time.
Although DRNNI cannot replace HSS and design the
controller offline, the serial-parallel identification
applied here is advisable for the purpose of DRNN is
modeling. The inputs of network are the control value
u  and actual system output y . Because there is a
recurrent neuron in the network hidden layer, the input
only need a value of last discrete time, and the
information of all past discrete time could be represent
in the DRNNI in nature.

The process that DRNNI is used in HSS modeling
can be reduce to following steps:

�1� Choose control value u  and the output of
actual system y  as the input signals of
DRNNI, the neuron number of each layer is
decided by trial and error.

�2� Initialize weight value and threshold in
every layer.

�3� Select training sample (or on-line training),
input u  and y  into DRNNI�and get the



output my ,

�4� According the error me  of y  and my , and

according the error function to train the
network.

�5� Repeat steps of �3���4�above�till
the precision of identification meet the
prearrange demand.

DBP (Dynamic Back Propagation) algorithm used
by DRNNI is described as following.
� The error function used by DRNNI when
weight vector is  adjusted ,  which is showed as
fol lowing:
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)(ky  is  the output of actual  system,  my

is  the output of DRNNI, the gradient  of  error

function mJ  relat ive to weight  )(kW  i s as

fol lowing:
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The )()()( kykyke mm −=  is  the error of

actual  system and DRNNI.

Consider the output  layer OW ,

According to formula (1) , we can deduce
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Consider hidden layer, where for each discrete

time k , the weight vector is )(kW . Considering

weight is time varied, we can deduce the gradient as

following:

)(

)(
)(

)( kW

kX
kW

kW

kO
D
j

jO
jD

j ∂

∂
=

∂
∂ ¡³£¨

 )1())((' −kXkSfW jj
O
j£½        (7)

Similar to the above derivation, the gradient of
output )(kO  and the weight vector of input layer is:

)())(()(
))((

)( ' kIkSfkW
kW

kO
ij

O
jI

ij

=
∂

∂
        (8)

The weights can now be adjusted following a
gradient method, the update rule of the weights
becomes:
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Here I¦Ç  is  a  learning rate of  weight

vector W .  Take the
formula�6��7��8� into for mula�11� ,
the weight  adjust  algori thm could be
reduced.

3 SIMULATION  RESULTS
The object of simulation is a hydraulic actuator,

which is a representative hydraulic servo system. We
can get the nonlinear model by experimentation and
theoretic analysis, and then the NARMA model of this
system is used in simulation. The architectures of
DRNNI and the network are described as above. There
are 2 neurons in the input layer, 10 recurrent neurons in
the hidden layer, and in output layer is one neuron.
Learning rate of weights is 0.3. The values of weight
and threshold are random vectors form -1.0 to +1.0. The
input signal is a Sin function with 3Hz frequency and
with the amplitude of 1.0.

The result of simulation is described in fig.3 ,4.
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Fig. 3 Result of DRNN Identification
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Fig. 4  A part of Fig.3 be Zoomed out

This figure show that the DRNN can catch the
dynamic performance more quickly and more precisely
than the BP network with the similar structure and
initial values. These results show that the method of
DRNN identification could rapidly and exactly get the
dynamical performance.

4 CONCLUSION

This paper described the diagonal recurrent neural
network (DRNN) used in identification of hydraulic
servo system. The DRNNI is compared with the feed
forward network, the simulation result show that the
DRNN model have dynamic mapping characteristics.
Moreover, it requires fewer weights when compared
with the BP network, so this method could rapidly and
exactly get the dynamical performance. The above
features allow the DRNN model to be used for on-line
application such as control and fault diagnosis in
hydraulic system.
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