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COMMUNICATIONS

NON–LINEAR CONTROL USING PARAMETER

ESTIMATION FROM FORWARD NEURAL MODEL

Anna Jadlovská
∗

A neural network application for system identification and control of non-linear process is described in this paper.

The non-linear identification is mostly using feed-forward neural networks as a useful mathematical tool to build a non-

parametric model between the input and output of a real non-linear process. The possibility of on-line estimation of the

actual parameters from an off-line trained neural model of the non-linear process using the gain matrix is considered in this

paper. This linearization technique is used in the algorithm of on-line tuning of the controller parameters based on a pole

placement control design for the non-linear SISO process.

K e y w o r d s: neural model, NARMAX structure, non-linear parameter estimation, instantaneous linearization, non-

linear control

1 INTRODUCTION

The purpose of this paper is to show how a feed-
forward neural network (Multi Layer Perceptron —MLP)
can be used for modeling and control of the non-linear
process. When the mathematical model of the process
cannot be derived with an analytical method, then the
only way is using the relationship between the input and
output of the process. Fitting the model from the data
is known as an identification of the process. For linear
processes this technique is generally well known and de-
scribed in [7].

For processes which are complex or difficult to model
the non-linear identification can use a feed-forward neural
network — MLP as a useful mathematical tool to build
the non-parametric model between the input and the
output of the real non-linear process [2], [3], [5] and [9].
We will consider the possibility of an on-line estimation
of the actual parameters from an off-line trained neural
model of the non-linear process using the gain matrix
introduced later.

We know that a model obtained through linearization
around the operating point can be considered valid only
in a certain regime around this point. The character of the
nonlinearities and the size of the operating range will then
determine whether it is sufficient to use a single linear
model, or if it is necessary to obtain more by linearization
around a large set of operating points.

In this paper a linearization technique called instan-
taneous linearization will be applied to neural network
models. The linearization is carried out at each sampling
instant and will be used to perform on-line tuning of the
controller parameters based on a pole placement control
design in the control structure, the functional behaviour

of which is similar to a gain scheduling control, [1] and
[4]. The advantage of using instantaneous linearization is
that the controller parameters can be changed in response
to process changes.

2 NON–LINEAR SYSTEM IDENTIFICATION

In this part we will discuss some basic aspects of non-
linear system identification using from among numerous
neural networks structures only Multi-Layer Perceptron
— MLP (a feed-forward neural network) with respect to
model based neural control, where the control law is based
upon the neural model.

We will use in this paper a feed-forward neural network
MLP with a single hidden layer. This structure is shown
in matrix notation in Fig. 1, [8].

Matrix W1 represents the input weights, matrix W2

represents the output weights, F represents a vector func-
tion containing the non-linear (tanh) neuron functions.
The “1” shown in Fig. 1 together with the last column in
W1 gives the offset in the network. The net input is repre-
sented by vector Zin and the net output is represented by

vector Ẑout . The mismatch between the desired output

Zout and Ẑout is the prediction error E .

The output from MLP can be written as

X2 =W2 F

(

W1

{

Y0

1

})

. (1)

From a trained MLP (by Back-Propagation Error Algo-
rithm — first-order gradient method, Gauss-Newton al-
gorithm — second-order gradient method) which has m0

inputs and m2 outputs a gain matrix M can be found
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by differentiating with respect to the input vector of the
network.

The gain matrix M can be calculated from (1)

M =
dẐout

dZ>
in

=
dX2

dY>
0

=
dX2

dY>
1

dY1

dX>
1

dX1

dY>
0

=W2 F
′(X1)W

∗
1

(2)
where W∗

1

.
=W1 (excludig last column).

The above mentioned gain matrix M allows an on-
line estimation of the actual model parameters from an
off-line trained neural model — MLP of the non-linear
process.
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Fig. 1. Matrix block diagram of an MLP.

3 NARMAX MODEL OF

NON–LINEAR PROCESS

In this paper we will apply the idea of using input-
output parametric non-linear models ARMAX (NAR-
MAX) in non-linear system identification by neural net-
works, [2] and [6].

We know from linear identification, [7], that the linear
ARMAX model is written

A(q−1)y(k) = B(q−1)u(k) + C(q−1)e(k) (3)

where y(k) , u(k) and e(k) are output, input and noise,
respectively (for SISO process they are all scalars); A ,
B and C are polynomials in the backward time shift
operator q−1 . The noise e(k) is normal, white and with
zero mean.

The polynomials A , B and C are

A(q−1) = 1 + a1q
−1 + · · ·+ apq

−p

B(q−1) = b1q
−1 + · · ·+ bmq−m

C(q−1) = 1 + c1q
−1 + · · ·+ cpq

−p

(4)

where p and m denote the numbers of delayed outputs
and inputs, respectively.

The output y(k) is calculated by a difference equation

y(k) = −a1y(k − 1)− · · · − apy(k − p) + b1u(k − 1) + . . .

+ bmu(k −m) + e(k) + c1e(k − 1) + · · ·+ cpe(k − p)
(5)

from which the optimal one step predictor is found

ŷ(k) =− a1y(k − 1)− · · · − apy(k − p) + b1u(k − 1)

+ · · ·+ bmu(k −m) + c1e(k − 1) + · · ·+ cpe(k − p)

y(k) =ŷ(k) + e(k) . (6)

With inspiration from this linear ARMAX model the
non-linear ARMAX (NARMAX) model can be defined
as

Ŷ(k) = F
(

Y(k − 1), . . . ,Y(k − p),U(k − 1), . . . ,

U(k −m),E(k − 1), . . . ,E(k − p), θθ
)

Y(k) = Ŷ(k) + E(k) (7)

where F is non-linear vector function, θθ represents the
parameters and E(k) is the prediction error. Here p and
m denote the number of delayed outputs and inputs.

The neural NARMAX model with input and output
vectors

Zin(k) =
{

Y(k − 1), . . . ,Y(k − p),U(k − 1),

. . . ,U(k −m),E(k − 1), . . . ,E(k − p)
}>

Ẑout(k) = Ŷ(k) (8)

is shown in Fig. 2. which is a recurrent network.
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Fig. 2. Input-output neural NARMAX model.

After training the neural network MLP the actual gain
matrix M(k) can be on-line estimated, which is calcu-
lated by (2) and for NARMAX model by (9):

M(k) =
d Ẑout(k)

dZ>
in
(k)

=
d Ŷ(k)

d {Y(k − 1) . . . E(k − p)}
=

{

−â1(k) . . . − âp(k) b̂1(k) . . . b̂m(k) ĉ1(k) . . . ĉp(k)
}

(9)

where âi(k) for i = 1, . . . , p , b̂i(k) for i = 1, . . . ,m ,
ĉi(k) for i = 1, . . . , p are estimated parameters of neural
NARMAX model for step k .

Because neural NARMAX model in Fig. 2 contains
feedback loops around MLP, we will apply for training
this recurrent network a second order Recursive Predic-
tion Error Method (RPEM) using Gauss-Newton search
direction, [2], [4] and [7].
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4 NON–LINEAR CONTROL USING

PARAMETER ESTIMATION

The model of non-linear process and the training
method have been considered generally for the multivari-
able case in parts 2 and 3. Next we will think about the
control design for a non-linear SISO process using the
neural NARMAX model.

A trained neural NARMAX model representing the
model of the non-linear process we use for an on-line
estimation of actual process parameters by gain matrix
M(k) . This linearization technique called instantaneous
linearization allows on-line tuning of the controller pa-
rameters using the pole-placement control strategy. This
control concept, which is well known from the linear con-
trol theory, will be implemented with RST — controller
and is described in [1] and [4].

An example of the control structure using the estima-
tion of process parameters from neural NARMAX model
which is applied to on-line tuning of the parameters of
RST-controller by the pole-placement design is illustrated
in Fig. 3.

Controller
design
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Neural
model

of process

ProcessController

control
s ignal

reference
s ignal y(k)

u(k)
yr(k)

Fig. 3. Control scheme using a trained neural network
for parameter estimation.

We can see from Fig. 3 that the structural equiva-
lence is evident with the indirect self-tuning controller.
In the self-tuning controller a recursive estimation algo-
rithm is used for identification of a new linear model at
each sampling instant. In this paper a linear model is ex-
tracted from a more complex non-linear neural network
NARMAX model by the gain matrix. The feature of the
linearization is that essentially any linear control design
can be incorporated in the design block of the controller.
This has a number of advantages, such as stabilization of
a large class of processes, easy tuning and compensation
for disturbances.

5 SIMULATION RESULTS OF

NON–LINEAR CONTROL USING

POLE–PLACEMENT CONTROL STRATEGY

The idea and results of the estimation process parame-
ters from an off-line trained neural NARMAX model and
its using for the tuning parameters of RST — controller

designed by the pole-placement strategy (non-linear sys-
tem control) are presented for non-linear test SISO pro-
cess, [4]:

y(k + 1) =
0.95 y(k) + 0.25u(k) + 0.58u(k) y(k)

1 + y(k)2
. (10)

We consider NARMAX model with 6 inputs (p = m = 2)
and 8 neurons in the hidden layer. The activation function
in the hidden layer is tanh function and in the output
layer a linear function is selected. The actual gain matrix
M(k) can be calculated by (2) and the actual values of

the estimated â - and b̂-parameters can be obtained from
M(k) by (5). These parameters can be used to calculate
the RST-controller parameters.
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Fig. 4. The input and output training signals.

In Fig. 4 the output and input signals are plotted,
which are used to train the neural net in the NAR-
MAX structure by simulation scheme in Fig. 5. The neu-
ral NARMAX model is trained with Gauss-Newton algo-
rithm based on RPEM. The model is validated using the
time validation test in Fig. 6 [2]. It is clear that the neural
model can be accepted by this test.

Presentation of the results of a non-linear control,
a control with a RST-controller designed by the pole-
placement design using on-line parameter estimation from
an off-line trained neural model is illustrated in Fig. 7
while changing one parameter of the non-linear SISO pro-
cess (10).

The plot in the top panel compares the reference
output of the system and the output of the desired
closed-loop model. A perfect model-following behavior is
achieved, although we can see an oscillating control sig-
nal. This example shows the real power of neural model-
ing using the structure ARMAX known from the theory of
linear identification and also the possibility to apply the
method of pole-placement known from the linear control
theory for the control of non-linear SISO processes in the
control structure, which is similar to self-tuning control.
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Fig. 5. The simulation scheme for collection of the training data
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Fig. 6. Validation of the neural model.
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Fig. 7. The RST controller based on actual parameter estimation

from neural NARMAX model.

6 CONCLUSION

In this paper neural NARMAX model is trained as
a one-step predictor for a non-linear SISO process. Af-
ter training this NARMAX model can be used in closed
control loop for on-line estimation of the process pa-
rameters which allow tuning of the controller parame-
ters by the pole-placement method. Practical simulations
by language MATLAB/SIMULINK and Neural Toolbox
illustrate that this control strategy using the lineariza-
tion technique by the gain matrix from neural NARMAX
model produces excellent performance for the control of
non-linear SISO process. But this controller design can
be applied only to a non-linear process which does not
contain hard non-linearities.
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