


complex to be satisfactorily identifled from ex-
perimental data and too detailed to be suitable
for control needs. At the other extreme, sim-
ple low order input-output \black box" models
are derived only processing available data with
no or little use of a priori knowledge on the in-
volved process. The choice is therefore between
highly detailed models, that reduce the uncer-
tainty in the system representation to a min-
imum, and \simple" models suitable for con-
trol purposes that however imply higher un-
certainty in the system representation. Draw-
backs of, and alternatives to such approaches
are nicely discussed in a recent paper by Young
and Chotai [2001].

It is well accepted that models to be used in
control applications need to be simple and ro-
bust to uncertainties, nevertheless the possibil-
ity to incorporate some knowledge on the in-
volved process in the model construction is a
desirable feature. Also, the possibility to state
a correspondence between the model behavior,
its parameters and the physical nature of the
real system is often seen as a great advantage.

Most environmental and agricultural processes
are intrinsically distributed parameter systems,
and their behavior should therefore be described
using partial difierential equations (PDE) that,
besides being function of time, depend also on
spatial coordinates. Possible examples are given
by processes in which mass or energy transport
phenomena occur. The resulting models are in-
finite dimensional state models that, in general,
are di—cult to be identifled and managed even
in the simple linear case.

Indeed, applying flnite-difierences techniques
it is possible to approximate such models by
equivalent flnite state models driven by ordi-
nary difierential equations in which the inflnite
number of states is replaced by a \large hum-
ber of states”. Such models are usually pre-
sented in discrete-time form to be implemented
on digital computers and their large number of
states increases for increasing required accuracy
in approximating the original inflnite dimen-
sional system. The resulting model is therefore
suitable for simulations but is far too complex
for control purposes, although it has moderate
uncertainty.

In control engineering practice high dimensional
systems are commonly approximated with lower
order linear time-invariant (LTI) models. The

case of distributed parameter systems regarded
as systems with a \large number of states™ is not
an exception. Hence, low order approximating
models can be derived for distributed param-
eter systems. It is also possible to add some
physical interpretation to the difierent param-
eters and features of the approximated model.
For example, some of its time constants could
be regarded as difiusion constants or transport
time constants between the input and the out-
put of the distributed parameter real system.
Simplifled time-invariant linear parameter mod-
els however lose any information about the spa-
tial structure of the original system and cannot
account for it although they can be satisfactory
from an input-output point of view.

In practice, there are cases in which some infor-
mation about the spatial structure of the system
should be maintained in the simplifled model so
that results derived for particular settings with
respect to the spatial positions of inputs and
outputs can be used also when difierent input-
output conditions are of interest.

Hence, some simplifled model structure that
still preserves some information about the spa-
tial structure of the system is needed. Such
structure can be provided by Linear Parame-
ter Varying (LPV) models consisting of a lin-
ear lumped parameter model in which the pa-
rameters are not constant, but are functions
of an extra, possibly vector valued, variable x
that can be regarded as an input determining
the \operating condition” of the model [Rugh
and Shamma [2000], Leith and Leithead [2000],
Shamma and Xiong [1999]]. By selecting the x
operating condition to be the spatial coordinate
of the inputs and/or outputs of the system some
information about the spatial structure is in-
cluded in the simplifled model and can be used
to derive results valid throughout the system
volume.

Remark that this kind of model remains ba-
sically a simplifled input-output model. It is
therefore not suited for replacing the inflnite
dimensional model driven by partial derivative
equations (or its flnite element approximation)
when simulating the internal behavior of the dis-
tributed parameter system.

In this paper, we discuss the use of LPV mod-
els for describing distributed parameter systems
when information about the spatial structure of
the system is needed. In Section 2, the notation



and the main ideas of this approach are devel-
oped. In Section 3, a simulated example relative
to the determination of the temperature in a bar
plunged at its extreme in two uids at difier-
ent temperatures is reported. In Section 4, the
real case of soil cooling after forced steam heat-
ing during a disinfestation process is discussed
and the proposed techniques are applied to real
data. Finally in Section 5 some conclusions are
drawn.

2 LPV APPROXIMATION OF DIS-
TRIBUTED PARAMETER SYS-
TEMS

Consider a distributed parameter system sub-
ject to an input signal u. We are interested
in the prediction of the forced response of a
distributed variable y(t; x) to the input signal
u(t) for any time t and spatial coordinate X.
To this extent we introduce am approximating
model which is constituted by the cascade of
a delay and an LPV model. Both the delay
and the LPV parameters are function of x. For
the study of such LPV systems with parameter-
dependent delays, both for analysis and con-
trol, the interested reader is referred to Wu and
Grigoriadis [2001]. Moreover continuous time
representations are in general replaced with dis-
crete time models.

The resulting model is reported in Figure 1. It
follows that the delay block, taking into account
transport delays in the process, is deflned as
follows

t(k) = 7 “*u(k) M

where Kk is (discrete) time, ¢(x) is an unknown
function to be estimated and qi! is the usual
unit-delay operator.

The LPV model is based on an autoregressive
dynamic structure with exogenous input (ARX)
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where e(k) takes into account measurement and
modeling errors and the regressors A(qit; x)
and B(qi?; x) are deflned as
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This model is referred to as ARX(na; nb). The

of the parameter x and are to be estimated.

A two step identiflcation approach can then be
performed.

kFirst: A set of n. difierent values of X,

X1; Xg; i Xp is chosen. Forcing x to
assume each one of the n values, n input-output
sets of data are collected. Consequently, n dif-
ferent LTI ARX models with the same structure
are identifled.

Second: The aj(x), i = 1;:::;na, and bj(x),
i = 0;:::;nb, parameter functions of the LPV
model are derived interpolating the correspond-
ing parameters of the n LTI models. Suitable
interpolation can be performed using splines or
polynomials.

With the resulting LPV model forecast and con-
trol of the output y(k; xX) can then be performed
for any value of x, even difierent from those used
in the identiflcation stage.
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Figure 1. LPV approximating model for single
input distributed parameter systems .

3 LPV APPROXIMATION: A SIMU-
LATED CASE

In this section we present the simple problem
of non-steady conduction in one space dimen-
sion. We consider the case of a one dimensional
aluminium bar of length | = 100cm plunged at
its extremes into two separated uids at difier-
ent temperatures. We assume the temperature
y(t; X), x 2 [0;1], to be the output and the tem-
perature Te1(t) of the flrst uid to be the input.
The temperature Tg,(t) of the second uid is
assumed to be constant.






