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Abstract

Artificial Neural Networks (ANNs) methods
have proven to be powerful tools in modelling
nonlinear processes. In this paper it is pre-
sented an analysis of the problem of model-
ling a process in presence of model uncertain-
ties, focusing the attention on its use regard-
ing the optimization of signal control. It will
be shown how the topology of the neural net-
work affects the performance model and it
will be presented a procedure to select the
best parameters to accomplish a typical con-
trol optimization problem. Starting from a
particular case study, the attention will be fo-
cused on the analysis of the process inertia
variations and on the changes in the prediction
horizon. As training algorithm we will use an
algorithm based on an Artificial Life (ALife)
environment.

1 Introduction

In the past years the classical approach in modelling a
dynamical system was based on the study of the
chemical-physical properties of the process itself with
the aim to build an appropriate mathematical represen-
tation, establishing a first principles model. This kind
of methodology fails when the real system is charac-
terized by non linear dynamics with high dependence
on initial conditions, in non stationary environments
and chaotic behavior [Prasad et al., 2003].

For this reasons in the last decades there was a
raised interest in the black box methodologies, in
which the mathematical approach is replaced by an
empirical study based on input-output signals. In this
framework the theory of Artificial Neural Networks
(ANNSs), which are proved to be powerful instruments
to solve complex modelling problems for nonlinear
systems [Nikravesh et al., 1996], is inserted. A de-
tailed comprehensive foundation on neural networks
can be found in [Haykin, 1999]. Two classes of neural

networks which have received considerable attention
in the research area are:

o multilayer feed forward neural networks (FF-
ANN);

e recurrent neural networks (RNN).

From a system point of view, the first one represents
static non linear maps, while the second one is inter-
preted like a nonlinear dynamic feedback system [El-
man , 1990].

In a FF-ANN the inputs to any layer consist only
of outputs of the preceding layers, while in the RNN,
in addiction to these connections, outputs of the fol-
lowing layers are feeded back, with an appropriate
time delay, as inputs of the preceding layers [Tsoi et
al., 1997]. Most ANN applications in dynamic model-
ling have involved the use of feed forward networks to
identify a model in autoregressive form, in which the
inputs of the network are the past values of the system
inputs-outputs, and the network output corresponds to
the current system output; these values identify a time
window of the system inputs and outputs to be chosen
wide enough to capture the essentials of the plant dy-
namics [Narendra et al., 1990]. On the other hand, re-
current networks, due to their internal structure, are
suited to provide a state-space description of the sys-
tem, but their use is limited by the additional degree of
difficulty involved in the training phase and by stabil-
ity problems due to the presence of the feedback loops
[Eaton ef al., 1994].

In modern systems theory, a typical optimal con-
trol problem consists of finding the optimal regulation
to apply to the modelled process that mini-
mize/maximize some certain criteria of optimality (i.e.
optimal tracking, min/max cost function, etc..). In the
case in which the optimization routine needs a model
of the process this dual necessity becomes clear:

e the model has to be as close as possible to the
modeled process, especially for the transient re-
gimes;



e the inputs of the model have to be as close as pos-
sible to the inputs of the modeled process, without
the presence of further external data.

As shown in figure 1, let’s suppose that at the step ¢ the
optimizer gives the neural model optimal regulations. At
the next step #+/ the FF-ANN produces a predic-
tion/estimation of the process output to be used by the
performance evaluator and by the optimization routine.
The performance parameters are then used by the opti-
mizer to understand how good are the optimal regulations
previously suggested, and then find the next optimal
value. If the built model used for optimization has as in-
put not only the regulations of the process, it will be not
so clear which is the contribution of the optimal regula-
tions and that of extra added inputs. This is the case of a
model constructed using a FF-ANN with inputs charac-
terized also by the past values of the output variables. If
the modelled output receives only the regulations sug-
gested by the optimality routine then the performance pa-
rameters will give exact information on the regulations
goodness.

In this way, while in a pure modelling problem the choice
between these two approaches depends on the particular
studying case, when the ANN model to be constructed is
used inside an optimization routine, we have to be careful
on the class of neural network.

In the following paragraphs it is shown how the
topology of the neural network affects the performance
of the model, and it is presented a procedure to deter-
mine the best configuration of the network suitable for
control signal optimization. The shown results are ob-
tained with a training algorithm based on evolutionary
algorithms.

2 Evolutionary algorithms

Evolutionary algorithms (EAs) are global, parallel, and
powerful search and optimization methodologies
based on the principles of natural selection. They per-
mit a remarkable level of flexibility with regard to per-
formance assessment and design specification [Flem-
ing et al., 2002].

EAs work by means of a population of hypotheti-
cal solutions; each individual of the population repre-
sents a particular solution to the problem, expressed in
some form of genetic coding. Each individual is char-
acterized by its state, its genotype and by the fitness
value, which is a parameter of the goodness of the car-
ried solution. This index determines also how success-
ful is the individual at propagating its genes to the fol-
lowing generations: better solutions are assigned
higher fitness values than those performing poorly.
Despite the simple concepts involved, evolutionary al-
gorithms may become quite complicated, because of
the lack of a rigorous mathematical analysis and of
many variations proposed to the basis concepts. In our
study, the artificial life approach is used to develop a
new training algorithm to train the Artificial Neural
Networks.

added inputs

FF-ANN Performance
model | evaluator
A modelled outputs
optimal *
regulations performance
parameters
| | OPTIMIZATION

routine

extra inputs

Figure 1. FF-ANN model used in optimization

2.1 EAs to Artificial Neural Networks

Evolutionary Artificial Neural Networks (EANNs)
have been developed in these last years to improve the
performances of the created model in presence of
noises, disturbances and other modelling uncertainties
[Annunziato et al., 2002]. Indeed, in such cases it
seems to be necessary to update the model to the new
variations and to make possible an on-line modelling
task: one approach to reach the goal consist in combin-
ing the neural networks modelisation capabilities with
the adaptation property of evolutionary algorithms. In
an off-line contest EAs may be very useful in tasks
like training connection weights, network design to-
pology, or both of them [Annunziato et al., 2003].
Their usefulness must be principally regarded in
higher robustness, poor probability to get stuck in lo-
cal minima and major simplicity of the resulting to-
pology network with respect to those obtained with
classical training algorithms [Balakrishnan et al.,
1995].

In our study the artificial life approach is used to
build up and train the optimal network to model the
process. Each individual represents a FF-ANN, in
competition with each other to optimize the fitness
function (P, ), which indicates how good the neural
network model is, and which is expressed by this sim-
ple mathematical equation:

Pﬁt :l_Ernme’ (1)

where E,, . is the normalized mean square error, de-
scribed by the following:
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with M, the dataset dimension; y() € [0,
normalized modeled process
y()e (011" < ®M | the neural model output.

The EA [Annunziato ef al., 2002b] utilized is char-
acterized by three principal characteristics: meeting,
reproduction, and competition. At every iteration there
is a meeting probability among individuals depending
on the density of the population and after that it may
happen:

o bisexual reproduction: two new individuals are
added to the population through crossover;

e monosexual reproduction: an individual clone it-
self and mutates, then it is added to the population;

e competition: two individuals meet and fight for
survival, then the loser is expelled from the popu-
lation;

In this way the final population is characterized by a
chaotic dynamics, in which the number of individuals
and their growing rate tends to stabilize towards an
appropriate final region: that’s why we call this algo-
rithm chaotic population.

3 EANN model: a case study

The EANN methodology is therefore used to find a
model of a dynamical process suitable for the previ-
ously described control optimization task.

For this purpose the study was developed starting
from a well know mathematical process, described by
the following linear dynamical system:

{)'c(t) = A(a)x(t)+ Br(t)+ B,d(t) 5

y(t) = Cx(2)

with A(a),B,C e R***, B, e‘RZXl ,x() e R* the sys-
tem state vector, y(:)eR 21 the output vector,
r() e R*! the regulation vector. The couples [4, B]
and [C, A] are, respectively, controllable and observ-
able, the parameters o € R and d(-) € R are used to
vary the inertia and the disturbance of the process (a
acts on state matrix A(e) in a way that it changes the
system modes).

Then we let vary the parameters identifying the
inertia and the disturbance actions, in parallel with the
variation of the EANN topology, in order to find out
the best configuration and to analyze their influence on
the process modelling.

The process is simulated by applying typical regu-
lation signals taken from a real plant and the corre-
sponding dynamics are then utilized to construct the
training and testing data set.

Network topology

The network we used is an FF-ANN, trained with the
EA described before, which works in parallel with the
process. Some topology characteristics (hidden neu-
rons and layers, activation functions) have been de-
fined using off-line procedures based on instruments

of classical data analysis (correlation, variance, etc...),
as well as the number of inputs of the EANN in addic-
tion to the process regulation (as shown in figure 2).
To properly model the system dynamics, espe-
cially transients and rapid signal variation, the feed
forward approach needs to learn more about the state
of the process, receiving on its inputs appropriate val-
ues of its past history [Nikravesh et al., 1996]. For this
reason the network topology is increased by § input
neurons which receive the regulations and the deriva-
tives of various order of the process outputs to model.
The input vector is so defined:
[t~y ye~h) yi-h-7) y(r—h—(é—l)(rjs

where i e N* (prediction horizon) represents the fu-
ture temporal starting point to predict the process out-
put; e N (time delay) is the appropriate temporal
step to use (i.e. the order of derivatives); 5 e N* (time
history) identifies the minimum number of elements of
the past signal which is adequate to characterize the
state of the process.

The attention has been therefore focused on study-
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Figure 2. Inputs to EANN model

ing the effects of these parameters on the modelling
properties of the EANN. The chaotic data analysis
[Abarbanel, 1996] helps us to define the right value of
the time delay and the time history, leaving the / pa-
rameter varying to fit the best solution.

Figure 3 shows how the use of extra inputs permits to
increment the modelling performance in presence of
dynamics; the reported results are obtained using a
prediction horizon equals to one, a time delay of two
steps, and a time history of dimension three.

Variation of inertia parameter

To test the EANN modelling capabilities, we consider
modelling uncertainties and disturbance actions. To
satisfy this aim, the « parameter of eq. (3) is varied
through its stability range in such a way that it emu-
lates some process dynamics variations. In fact, its
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Figure 3. Comparison of different EANN topologies

variations correspond to same variations of system
modes, which may be used as inertia indicators. As-
suming the process affected by step-size regulations
and taking as reference the time (calculated as per-
centage of time step) that the modeled signal takes to
achieve its regime state, it is possible to study the
EANN modelling capabilities when inertia parameter
is varying. Many simulations have been carried out
taking in consideration four different cases of inertia
percentage (30%, 50%, 90%, and 150% of step size
time), studying the EANN having as inputs only regu-
lations, regulations plus dynamics, and only dynamics.
Three different runs for each case have been done in
order to produce statistical relevant results.

In figure 4 it is shown a graph summarizing the
results, which may be summed into the following con-
siderations:

e using only regulations as network inputs, the
EANN modelling capabilities strongly decreases as
inertia increases. In fact, when inertia grows up the
past state of the process takes a lot of importance,
increasing the dynamical effects not easily under-
stood by the defined network;

e using dynamical extra inputs, the modelling per-
formance is increased. However it makes the net-
work less sensible to inertia variations, as shown
by the asymptotic curve in figure 4;

e for low values of inertia it seems better to use an
EANN with no extra dynamical inputs, decreasing
in this way the computational time.

In figure 4 it is also shown the variation of RMSE
as inertia increases when the EANN is trained using
only dynamical inputs without information on regula-
tions. In fact, it is important to understand which is the
weight of the last ones with respect to the first ones in
order to build a good model. Looking at the curves it
seems clear that the past states become preponderant
with respect to the current regulations as the inertia of
the process increases. Under the optimization point of
view this aspect assumes great importance leaving
room for further analysis.

4 EANN modelling for optimization

The exposed considerations left out the influence of
the prediction horizon (4 term) (eq. 4) in performance
modelling. In the situation where 4 =1 we are suppos-
ing to predict the process state at the immediately next
time step. This supposition becomes in reality a re-
striction when the intent is to study the EANN model-
ling capabilities in presence of inertia variation in the
context of control optimization.

Therefore it is analyzed the performance of the
EANN when varying the prediction horizon in eq. 4 in
an appropriate temporal range (/4 €[1,20lc N*). The
aim is to perform a methodology able to assure the
best configuration of the network in presence of a spe-
cific inertia value and for an adequate choice of the &
term. The simulation results are reported in figures 5,
6, and 7, in which it is underlined the minimum value
of the RMSE index (eq. 2) to be used to build the best

RMS error modelling when inertia parameter changes

= Only regulations
=9~ Regulations and extra inputs
=0 Extra inputs without
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Figure 4. RMSE with inertia changes

model for the control optimization task for a specific
value of inertia. In figure 5 it is also shown the com-
parison of the RMSE value between the EANN model-
ling with or without extra dynamical inputs. The re-
ported graphs show the following important results:

e when varying the prediction horizon, using an evo-
lutionary FF-ANN with only regulations as net-
work inputs, the modelling error has a minimum
which shifts forward along the time horizon axes
as the inertia value increases (see figure 6). This
fact stresses the EANN dependence on the / term,
moreover it gives us the instruments to build an al-
gorithm which let us find the optimal value of the
horizon, supposing known the inertia value, or the
process percentage inertia, with a simple iterative
procedure described later;

e using dynamical extra inputs, the RMS error in eq.
(2) grows up as the prediction horizon increases
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and the inertia parameter decreases (see figure 7).
This is understandable because for low inertia val-
ues the process stands a lot of time in its steady
state regime and the use of past terms of the signals
as inputs may confuse the EANN and produce a
lower modelling performance (these terms have a
low correlation with the present process state);

from the optimization point of view, in which
EANN is used to give the optimal set point to a
controller, it is important to make the right choice
of 4 in eq. (4) as the best compromise between the
lowest value of RMSE (to assure the best model-
ling) and the high influence of regulations. It is not
possible to choose the network with the lowest
RMSE in eq (2) (usually the one with extra dy-
namical inputs and low value of % ), since it is
clearly poorly sensible to changes in regulations.
Looking at figure 5 it is possible to point out that,
when the EANN with only regulations has a mini-
mum in its RMSE value, there is an error gap,
identified with A .., between the neural model

RMS error respect to changes on prediction horizon and inertia, only regulations
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Figure 6. RMSE minimum with only regulations

with only dynamics and the one with dynamics
plus regulations. Near this value the neural net-
work is mainly affected by the influence of regula-
tion signals. In this range of values there’s the ap-
propriate choice of the optimal value of the predic-
tion horizon.
All these results underline that for low inertia values it is
more desirable to feed the EANN with only the regula-
tions of the process. On the other way, as the inertia in-
creases, it might be useful to try reducing the RMS error
in eqg. (2) and choosing a neural network with extra dy-
namical inputs (being careful to choose the working area
which guarantees the highest value for A g6 gap).

5 Finding inertia via EANN
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Figure 7. RMSE variations with extra inputs

As pointed out in the previous section, the use of the
prediction horizon permits to identify an algorithm to
find a first inertia estimation of an unknown process.
Let’s define:
e T,, the permanence average time of the signal on
the reference step signal;

e T;, the permanence average time of the signal in
transient regime;

e h.,, the prediction horizon value in presence of
the first RMSE minimum,;

e y=f(T,,T;), the tuning parameter depending on
the process in study;

The algorithm uses a FF-ANN with only regulations as
inputs, trained with a training procedure in parallel
with the variation of the prediction horizon. It stops
when the term h,,;, is reached (see figure 8). Then it
is possible to have a first process estimation by the fol-
lowing formula:

T, 'hmin +7

rTo=-¢ T 5
i 10 (%)
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Figure 8. Inertia estimation algorithm

6 Conclusion

In this paper it is shown the ability of EANN to model
a dynamical system in transient regimes. When the
modelling capabilities of the EANN are used in a con-
trol optimization task, the presence of extra inputs in
addition to regulations may pauperize the optimal rou-
tine. From this point of view, the main achievement is
the procedure which permits to find the best neural
network in control optimization problems in order to
assure the highest regulations influence. Moreover, it
is analysed the influence of the process inertia and the
prediction horizon providing the optimal one which
gives the best neural network modelling capabilities.
Finally, it is shown how this approach permits to find,
via a simple iterative algorithm, a first estimation of
the modelled process.

Future work will concern the study of robustness of
the described procedure when the system is affected by
noise on the measured variables.
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