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Abstract-This paper describes recent improvements of the
Automatic Control Telelab (ACT), a remote laboratory of
automatic control developed at the University of Siena. In
particular, it focuses on a new tool which allows students to
perform system identification experiments on remote processes
by means of both classical (statistical) and set-membership
(deterministic) techniques. Through this machinery, students
can identify a suitable dynamic model of a process, design a
controller and then test its behariour remotely. The ACT home
page is: http://www.dii.unisi.iU-controllact.

I. INTRODUCTION
Tele-laboratories are instances of the more general distance
education problems which is attracting a wide attention in the
academic and government communities. Automatic Control
is one of the technical areas which most exploited the new
technologies to develop new tools for distance learning [I].
A thorough treatment about control education hy means of
web technologies has been recently reported in [2].
Webbased laboratories are divided in two classes: virtual
labs and remote labs. The main difference between them
is that virtual labs allow one to remotely run simulations
with possible animations of the controlled system [3], [4],
[5], while remote labs are laboratories where students can
remotely interact with real experiments. In remote labs, users
can change control parameters, run the experiment, see the
results and download data through a web interface. This
is for instance the case of [6], where a remote lab for
testing analog circuits is described. In [7], a remote chemical
control process is implemented and in [SI several laboratory
experiments are available.
The Automatic Control Telelab (ACT) developed at the
University of Siena is an example of remote laboratory and is
attracting the interest of many students fmm our campus and
from other national and international institutions 191, [lo].
The complexity of designing the hardware and software
architectures of the remote laboratory dramatically increases
when remote design of the controller through the Internet
must be embedded in the system. This is for instance the case
of the remote lab developed at the College of Engineering
of Oregon State University [ll], [12]. Another approach
has been investigated in [13], where the user can run an
experiment using a controller which runs not only on the
server but also on the client, compiling and executing it on
the user machine. In this case, some issues about network
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reliability and delays have been addressed. The audio and
video feedback is very important to increase the effect of
telepresence, as shown in [14] where authors implemented a
pan, tilt and zoom control of cameras grabbing the experiments of the remote lab.
Regarding the development system, a remote lab can be
designed using a well-known software environment, such as
LabVIEW [15] or Matlab/Simulii [16], [17], or it can be
implemented through a new and on purpose designed software, as shown in [18] where a flow process is analyzed. One
of the key features of the Automatic Control Telelab (ACT)
is that students can design their own controllers through the
Matlab/Simulink environment. This feature allows a remote
user to synthesize hisher own controller without learning any
special language other than the Matlab/Simulink software.
It is the authors’ opinion that using standard tools like
Matlab/Simulink will dramatically encourage the practice of
control theory through remote labs.
The aim of this paper is to present a new development
of the ACT: the “remote identification” environment. In this
part of the ACT structure, students can perform system
identification experiments on remote processes through the
Internet. Students can choose which input to apply among a
set of predefined inputs, or can design their own input signal
in the Simulink environment in a very easy way. Once the
experiment is performed, by means of a graphical user interface students can choose a model class and estimate the best
model within the class, either in a classical statistical context
[19], [20] or in a set-membership framework [21]. To the
best of our knowledge, no other lab allows users to remotely
identify a dynamic model of the process before controlling it.
Understanding identification is a very important phase of the
control education process and we believe that this new tool
will consistently increase the distance learning capabilities
of the ACT.
The paper is organized as follows. Section 2 illustrates
the main features of the ACT. In Section 3 the new system
identification feature is described, whereas in Section 4
the identification procedure is analyzed in depth. Remote
sessions are reported in Section 5 , while conclusions are
drawn in Section 6.
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11. THEAUTOMATIC CONTROL TELELAB

The Automatic Control Telelab is a remote laboratory
mainly intended for educational purpose, and since 1999
it has been used in control systems classes [9], [22]. The
aim of the project was to allow students to put in practice
their theoretical knowledge of control theory in an easy
way and without restrictions due to laboratory opening time
and processes availability. The ACT is accessible 24 hours
a day from any computer connected to the Internet by
means of any common browser, e.g. Netscape Navigator or
Microsoft Internet Explorer. No special sofiware or plugin is required. Users can design new controllers by means
of the Matlah/Simulink environment. However, if Matlah
is not available on the local computer, the user can still
run experiments by choosing among the available predefined
controllers. A live video window is provided for each remote
experiment session.
One of the main features of the ACT is the possibility of
integrating any user-defined controller in the control loop of
the remote process. The controller synthesis is based on the
Matlab/Simulink environment. Since Matlah and Simulink
packages are standard tools in control systems classes, there
are no additional hurdles for a student who wants to design
new controllers. In fact, a controller is just a Sitnulink
model, similar to those commonly used to run simulations
of dynamic systems.
At present, four processes are available for remote control:
a DC motor, a tank for level control, a magnetic levitation
system and a two degrees-of-freedom helicopter. The DC
motor is used to control the angular position and velocity of a
rotating axis. The level control process has been included because, in spite of its simplicity, it shows nonlinear dynamics,
whereas the magnetic levitation process, being nonlinear and
unstable, exhibits very interesting properties to he analyzed
in control theory education. Finally, the two degrees-offreedom helicopter, being a nonlinear and unstable MIMO
system, can be used in graduate control system classes.
One of the problems, common to all the experiments involving hardware devices no matter if they are remote or not,
is that each experiment can be accessed by one user at a time.
To manage the experiment queue, the ACT web page shows
which experiments are available as well as the maximum
waiting time needed to access the busy experiments. The
ACT home page is: http://www.dii.unisi.it/Ncontrol/act.
111. REMOTESYSTEM
IDENTIFICATION

The aim of the remote system identification facility is to
find a suitable model which approximates the real plant.
From the experiment page, the user can choose the Identifcation Experinlent option so that the Identification hzterfnce
appears as shown in Fig. 1 (here reference is made to the DC
motor experiment in Fig. 2).
From this interface the input to the process (i.e. the DC
mofor voltage) can be selected among a set of predefined

Fig. 1.

Fig. 2.
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Picture of the DC motor

inputs (e.g. white noise, pseudo random binary sequences,
sinusoidal and square waves, etc.) or can be designed.
according to the user requirements, by using the Simulink
environment. In this case, it is only necessary to download
a Simulink template model and change the blocks inside the
''ACTJQ"PT' subsystem in a similar way to that discussed
in [9] for user-defined controllers.
After the selection of the input signal, the Identification
Experiment lntelface appears. It is now possible to start the
experiment: the user can see the development of inputloutput
signal and observe the experiment through a webcam (see
Fig. 3). It is also possible to modify on-line the applied input
signal.
At the end of the experiment the Identification Punel is
displayed (Fig. 4). Through this interface, it is possible to
pedorm several operations to compute the identified model.
In the left side of this interface the time plot as well as
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Fig. 3. The Ideritijcntion Operimemi Interface

the pericdogram of the inputloutput signals are shown. At
the bottom, it is possible to download the Matlab workspace
file containing the experiment signals, in order to perform
off-lime analysis. The actual identification interface is on the
right. It allows the user to choose the desired model structure
and the order of its polynomials. Moreover, it is possible
to choose to remove mean and trend as well as to choose
which data are used to perform identification and which for
validation purposes. Once all options are set, it is possible to
perform the identification by pressing the Run Identification
Algorithm button.
At the end of the identification procedure, results are
shown in the ldenrijicaiion Result Inteflace, depicted in Fig. 5
(the figure regards the least-squares identification of an ARX
model). In the left side of this interface it is possible to see the
fitting plot, that is the comparison between the validation data
and the model simulated output, and the frequency response
of the estimated model. In the right side, the coefficients of
the identified model are reported as well as three benchmark
functions (Loss function, FPE and FIT, see [19]). The user
can now decide to quit the identification session or to try a
new model on the same data set.

Iv.

IDENTIFICATION PROCEDURES

The ACT allows the identification of models in both a
statistic and a deterministic context. Regarding the statistic
framework, it is possible to choose among ARX, ARMAX, and
OE model classes (see [19]), while in the set-membership
context ARX models are considered. In the following a brief

Fig. 5. The IdenrificofionRerull lnlerfms

description of ARX models identification is reported for both
methods.
An ARX model is given by

z=1

i=l

where uk is the input, yk is the output and e k is the noise.
The aim of identification is to estimate the parameters a i , bi
on the base of the knowledge of a set of inputloutput data
{ " l > Y I > , , .,UN,YN}.

The parameter estimation is performed in different ways,
depending on the assumptions that are made on the noise em.
In the classical statistical setting, noise is assumed to be a
white stochastic process with zero mean, and a suitable norm
of the prediction error associated to the chosen model class
is minimized. Conversely, in the set-membership framework
it is supposed that the noise is unknown-but-bounded this
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leads to the definition of a set of feasible parameter vectors
which represents the parametric uncertainty associated to the
estimated model.

Minimum outer box. This set estimator provides the
minimum box containing the feasible set 8. It requires the
solution of 2n linear programming problems, given by

A. Sfatistical identifiafion
Equation (I) can he rearranged in the regression form
Yk =

6 k 8 + ek

SUP Ri

(2)

whereOk = [-Yk - I , . . . , - Yk-n,ru,k-nr,... ,Uk--nk--nb+lI3
and O = [a,, . .. ,an,, b l , . . . ,bnJ is the parameter vector
to be estimated. Prediction error methods rely on the minimization of a suitable norm of the one-step prediction error
associated to the ARX model, i.e. E& = yk - &e. If the e,
norm is chosen, one has to compute

..
n,

c:

min
a

i = 1,..., N

inf Si

k=l

subject to O E 8, which can be rewritten as

where 31 = [ y ~. ,.. ,YN]‘.

1= [l,. .. , I]’ and

F = [‘$I

42

.. .

$NI’

Central algorithm in e, norm. The central algorithm
in e, norm is defined as the geometric center of the
minimum box containing 8. Therefore, it is the solution of
the optimization problem

which leads to the popular least squares estimate

The properties of this estimate have been widely studied in
the statistical context, and in the more general framework
of quasi-stationary processes (see 1191 for a thorough treatment).
In the ACT Identification Panel, when the “Statistical”
identification type is selected, it is possible to choose the
model structnre ARX and to insert the number of parameters
n,, nbrand the delay nk. The same can be done for other
model structures such as AFWAX and OE. The routines that
the ACT uses to compute the optimal models in the statistical
context are those implemented in [20].

B. Set-membership idenfificm’on
The set-membership or bounded-ermr approach to parametric system identification is by now well settled (see e.g
1231, [21], 1241). The main assumption is that the noise er; is
bounded in some norm. A typical case is that of !,-bounded
noise, i.e.
lek1 < 6
Vk.
(3)
From [2)-[3), one has that the set of all parameter vecton
compatible with the available data and the chosen model
structure is given by the feasible parameter set

O = { R : Iyk-&O1<6,

k=l,

...,N } .

which is a polytope in the parameter space.
In the set-membersbip setting, two types of estimators
are considered: set esriniators, which give approximations
of the feasible set 8, and pointwise estimarors, that select
one parameter vector optimizing some functional related to
0 (see 1211). In the following, a set estimator and two point
estimators are presented, which can be computed by the ACT
Identification Panel.

Projection algorithm in e, norm. An alternative pointwise estimate is given by the e, projection algorithm,
defined as
O p =argmin)Iy-FOII,.
(4)

eee

To compute Op, it is sufficient to solve one linear programming problem, i.e.
Op = argmin

e

y

subject to

[ -$ I:] [ 51 [ ]
y:

Note that the projection estimate Bp requires a much lower
computational effort than Bc. Moreover, it does not depend
on the b u n d 6 in (3). Notice also that the least-squares
estimate B L s corresponds to the e 2 projection algorithm,
which is obtained by using the & norm in (4) instead of
the e, one (see [21] for details).
In the Identijicarion Panel, when the “Set-membership”
identification type is selected, it is possible to indicate the
desired ARX model class and to choose between the two
pointwise identification algorithms outlined above. In particular, when the central estimate Oc is chosen, the ACT returns
also the minimum outer box representing a (conservative)
estimate of the parametric uncertainly associated to b’c.

V. EXPERIMENTAL
RESULTS
In this section, experimental results on remote identification of the DC motor are reported. Six different ARX models
have been estimated, in both deterministic and statistic methods. Equation (1) has been rearranged as follows:
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Ay=Bu+e

(5)

where A = [l a1

Y

[ ~ ~k k - 1

. . _ ana], B

a2

... ~k-n.1’~

= [bl bp

= [uk-nb

+

TABLE 11

... bn,] and

BOUNDSON THE PARAMETERS (CENTRAL ESTIMATOR)

. , . ~k-n*-n~+l]’,

e = e k , being k = max{n,,nb}
1,...,N (the first
max{n,, nb} data have been used to initialize the algorithm).
The experiment has been performed using as input a
Pseudo Random Binary Sequence (PRBS) satisfying l u k I 5 5.
The experiment lasted 30 seconds and the sample time was
set to 0.01 second. The first 2000 samples acquired were used
for estimation while the last 1000 were used for validation
of the obtained model. In particular, as validation index, the
FIT on the validation data has been computed (for a deeper
treatment see [19]). The FIT index is given by

FIT = (1

-

-)

,100

Ermr bounds on b;

I 0.13082 I

I 0.069911 I
1

3

10.09634 0.092721
IO.11701 I

1

10.29905 I
10.10384 0.11 33 I
10.15696 1
10.04023 0.053808 1
10.20282 0.221 17 0.22784
10.23269 1

I

TABLE 111
lDENTlFICATlON RESULTS (PROJECTION ESTIMATOR)

(6)
I 1-0.76365 I

where 6 is the estimated output while g is the output sample
mean [20].
Table I shows the parameter vectors obtained by using the
central algorithm in
norm. The noise hound 6 has been
chosen as the smallest integer between 1 and 10 for which the
feasible set turns out to he not empty, i.e. the LP problems
admit a solution. Note that higher values of the noise bound
6 for some models mean that the model is not appropriate to
estimate the system. From Table I it ensues that the model
which appears to be the most appropriate has n, = 2 and
nb = 2.
Table Il reports the hounds relative to the model parameters provided by the central algorithm. For example, the box
containing the parameters for the case n, = 1 and nb = 1 is

II

-0.7594 I
I I -1.234 0.42702

II

e,

1

c

I 0 0.3801 I I

38.841

I0 0.38795 I

62.185 Cn

I0 0.43074 1

51.725 Tc

4.7432 I

TABLE 1V
IDENTIFICATION RESULTS (LEAST SQUARES ESTIMATOR)

I I -0.89271 I
I 14.78973 I
I I-1.408 0.58263 I

I0 0.42607 I

49.357

c

1

72.787 ’R

I O 0.41896 1

80.385 r,

I 0 0.41881

I I 4.72946 I

A=[1 0.39266zkO0.l3082]and B=[O 0.39266f0.299051.
Note that for nD = 2, nb = 2 the resulting estimate
uncertainty box is much smaller.
In Table III, the parameter vectors obtained applying the
e, projection algorithm are reported. Again in this case, the
best model has n, = 2 and nb = 2.
T i e plots regarding the comparison between validation
data and the model simulated output me reported in Fig. 6
for the central algorithm, concerning the case n, = 1,nb = 1
and n, = 2,nb = 2.
Regarding statistical identification, Table IV shows the
estimated parameters vectors and the FIT index provided by
the least-squares algorithm. Note that also in this case the
best model is the one with n, = 2 and nb = 2.
TABLE I
IDENTIFICATION RESULTS (CENTRAL ESTIMATOR)

VI. CONCLUSIONS
The remote identification facility of the Automatic Control
Telelab has been presented. This tool allows students to perform system identification experiments on remote processes
through statistical and deterministic techniques. Comparisons
between the two methods can be made, and the identified
models can he used to remotely design a controller and to test
it on the real plant. It is the authors’ opinion that the remote
identification facility increases the potentiality of the remote
lab of automatic control, which can be used more efficiently
in control system classes. Future efforts a e directed towards
the remote identification of unstable systems (e.g. magnetic
levitation and helicopter simulator), which require closedloop identification methods.
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