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Abstract:

Given their good approximation capabilities for reasonable non-linear systems
artificial neural networks have attracted an increasing interest in a number of
fields such as system identification and filtering. The main goal of this work is to
emphasise the potential benefits of non-linear state-space neural networks for real-
time identification with an extended Kalman filter. Experimental results from a
laboratory heating system confirm the feasibility of this methodology.
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1. Introduction

In the last few decades neural networks have regained the research community
enthusiasm, concerning their potential for modelling, filtering and control of non-linear
systems [1], [2]. At the basis for this interest were the demonstrated capabilities as
universal approximation structures exhibited by multi-layer perceptrons (MLP) [3], [4].
Although purely feedforward networks together with the tapped-delay-line method have
been applied to capture spatio-temporal information it is well known that a neural
network containing a state feedback possesses more computational advantages [5] and
are less susceptible to external noise. Additionally, as pointed out by I. Rivals and L.
Personnaz [6], state-space models need a lesser number of parameters and they can
describe a larger class of dynamic system than input-output models. However, other
factors such as the learning method and the quality of the dada set [7], not to mention
the initial values for the neural network’s weights are crucial to the accuracy of the
neural model.

When using neural networks for identification of dynamical systems it is imperative to
provide the learning algorithm with fresh data as soon as new information is available
so improving the precision of the original model and/or to cope with eventually
unmodelled dynamics and structural changes. Thus, whenever possible, it is worthwhile



to reflect in the global training procedure these issues combining a previous batch
training for offline identification with an online updating algorithm.

It is a primary intention of this work to get evidences of the applicability of this dual
mode training of neural network structures for identification of real world processes.
Within this perspective, an hybrid recurrent neural network under the form of a non-
linear state-space description is considered as a non-linear black-box model structure for
capturing the non-linear dynamics of a laboratory heating system, being its parameters
updated according to the strategy mentioned above. First a batch estimation of the
networks weights is carried out by solving a minimisation problem through the
Levenberg-Marquardt algorithm. Subsequently, an extended Kalman filter (EKF) is
applied for online updating of the network’s parameters by using at each discrete-time
the input-output sample just measured.

2. Recurrent Neural Network for Identification

Let a general deterministic discrete-time non-linear system with minputs and p

outputs to be identified on the basis of input-output sampled data be described in the
state-space form by the following equations:

y(k) = g(x(k).k) (1)

where f:0"x0O0"x0 - 0" and ¢:0"x0 - OP are non-linear functions;

u(k)oo™, x(k)OO" and y(k)ODOP are, respectively, the inputs, the states and the
outputs at discrete-time k.

2.1. The Neural Network Topology

Recurrent neural networks are multi-layer networks having feedback loops in a number
of neurons so that a particular system’s dynamics can be represented and processed by
means of a dynamic mapping from the external input to the output. Several recurrent
networks architectures such as the Hopfield network [8], the EIman network [9] or the
non-linear state-space neural network [10] can be found in literature. In the context of
system identification the latter class of neural models are particularly appropriated to
describe general non-linear dynamics, given a set of input-output data collected from
the plant.

In this paper an affine hybrid neural state-space model comprising linear and non-linear
parts is used for capturing the system’s dynamics, being the neural network structure
depicted in figure 1.
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Figure 1. Recurrent neural network.



In this neural network architecture &(k)OJ0" is the neural state vector, §(k)OO" is the
predicted output vector, W,,W.,W, and W_. are weight matrices of appropriate
dimensions, which represent the synaptic strengths between neurons, ¢ is a non-linear

vector activation function, typically a hyperbolic tangent or sigmoid function and q* is
the backward shift operator.

Considering the neuron activation function for the hidden layer as a hyperbolic tangent
function, the neural network dynamics can be described by the following state-space
non-linear difference equations:

&k +1) =Wy tanh(£(k)) +We £(k) +Wo (k) £(0)=¢;

7()=we ) ?

2.1. Learning Methodology

The neural network training comprises two phases: a prior offline learning from which a
model is derived and subsequently an online weights updating allowing its
improvement. In the first stage a representative set of input-output data is previously
collected from the plant and carried out a minimisation of the sum of squared prediction

error  J(W)=>"" (y(k)- §/(k[\N))T (y(k)-9(kw)) by means of the Levenberg-
Marquardt algorithm, being the weights updated iteratively according to:

AW =—-(H + A1) 03 (W) (3)

where H denotes the Hessian of the cost-function J(W), 0J(W) is the gradient,

AOO" and | is an identity matrix of appropriate dimensions.

With respect to the online updating, that is accomplished by using an EKF, as proposed
initially by Singhal and Wu [11] and further developed in [12].

In order to apply the filter to the solution of the recursive network learning problem a
new state-space representation is constructed as follows [13]:

Wk+1 :Wk + /Jk+1

- 4
yk:h(wk’:uk’k)-'-uk @

where the process noise p is a zero-mean Gaussian white-noise process with positive
semi-definite covariance matrix Q 00" with N, the weight vector dimension and
the measurement noise v is considered a zero-mean Gaussian white-noise process with
positive semi-definite covariance matrix R OO0,

The EKF algorithm comprises two groups of equations: time update equations where a
one step head prediction is evaluated and measurement update equations providing a
correction to the a priori estimates taking into account the new information embodied in
the most recent measurement.

The specific equations for the weight vector and the covariance matrix of the weight-
estimation error predictions are given by:



A ~

W, =W,

R =R4*Q
with the “super minus” meaning the time update.
The measurement update equations are defined as:

(5)

Wk :Wk_ Kk(yk - 9k) (6)

with K, the Kalman gain matrix and C, given by:

_ oh(

The essence of the Kalman filter is that it reflects the minimisation of the variance of
prediction error and provides in a recursive way a better and better approximation to the
solution as new information becomes available.

3. Case Study: The Heating System

3.1. Process Description

In the laboratory process, depicted in figure 2 air is forced to circulate by a fan blower
through a duct, being heated immediately after its inlet. This is a non-linear process
with a pure time delay, which happens to depend on the position of the temperature
sensor and the air flow rate, depending on the damper position Q. The system input
u(k), is the voltage on the heating device, which consists of a mesh of resistor wires

and the output, y(k), is the outlet air temperature.
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Figure 2. The heating system: picture and schematics.

3.2. Experiments

The experiments were designed to assess on the one hand the feasibility of a practical
online training by means of an extended Kalman filter and on the other hand to stress
the crucial importance of this mechanism when the system’s dynamics is changing.



The neural network used for identification purposes has the form of that depicted in
figure 1. Both the input layer and the output layer have one neuron whereas the hidden
layer contains 3 neurons.

The neural network training algorithms were implemented in Matlab, being used a
common PC to run the software and chosen for sampling period 0.2 second.

Concerning the offline identification stage the heating system response to an input
sequence consisting in steps of 25 samples was first collected and used subsequently as
a training data set. In this experiment the air damper position was set as Q =30° and
the sensor element placed in the intermediate location (I1).

The neural state-space model parameters were then tuned by applying the Levenberg-
Marquardt algorithm to the minimisation of the prediction error. As can be seen from
figure 3.a the neural predictor performs quite well in the case of no changes in the
system’s dynamics. However, when the system undergoes a structural modification
resulting in a different dynamics it is evident, as expected, the neural predictor is no
longer able of emulating this new behaviour. This evidence was confirmed in a
experiment where the position of the air damper changed from Q =30° to Q =20° at
the instant 20 seconds and the results plotted in figure 3.b.
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Figure 3. Neural state-space predictor — batch training.

In order to enable the neural model to reflect changes in the system’s dynamics the
training procedure must be carried out in real-time as well, that is, as soon as new data
from the plant becomes available. For this purposes an EKF has been incorporated in
the learning stage. As can clearly be observed from figure 4 the online weights adjust
enables the neural predictor to cope with the structural changes affecting the system.
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Figure 4. Neural predictor with online weights adaptation.



4. Conclusions

In this paper the application of a state-space neural network as a mean for modelling
dynamic systems together with an extended Kalman filter to adjust in real-time the
weights have been presented. Given the simplicity of this network topology along with
the fast training provided by the online learning algorithm it is a viable alternative for
real-time system identification, as proved by the experiments conducted on the
laboratory plant. In this context, given the adaptive features revealed by the state-space
neural network as well as their ability for modelling non-linearities of time-variant
plants they bring an added-value to the control field and particularly to those strategies
using an explicit model of the plant to be controlled such as the model based predictive
control.
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