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1 In tro duction

1.1 Overview

This report presents an overview of the ongoing research projects during 2002at the Control
SystemsEngineering (CSE) group of the Faculty of Information Technology and Systemsof
Delft University of Technology.

As revealedby the new logo of the group, a number of major changeshave taken place.
Three of thesemajor events will be brie
y discussed.
First, the stronger emphasison a systemsoriented research approach hasmotivated a change
of the name from Control Laboratory into Control SystemsEngineering group.
Second,in September 2001 Prof.dr.ir. M. Verhaegenwas appointed as the new chairman of
the CSE group. With his arrival an impulse was given to strengthen the development of
new methods and techniquesfor identi�cation and fault-tolerant control design. The primary
focus of the programme development is to formulate new research initiativ es and to initiate
research alliances with established Dutch and European research-oriented laboratories and
industry. New research proposalswill be formulated within the four main themes: intelligent
modeling, control and decisionmaking; distributed and hybrid systems;fault-tolerant control;
and analysis, control and identi�cation of nonlinear systems| as depicted by the vertical
columns in Figure 1. The overall focus will remain on complex nonlinear systems, new
application directions, however, may be included, such as adaptive optics which more and
more rely on advancedcontrol techniques. The CSE group is also taking part in new research
programme de�nitions of the Faculty of Information Technology and Systems, such as the
Intelligent SystemsConsortium (iSc) chaired by Prof. P. Dewilde.
Third, the CSE group strivesto strengthen the research and teaching cooperation in the area
of control systemsengineeringwith other leading Systemsand Control Engineeringgroups in
Delft. To accomplishthis goal, the CSE actively supports the creation of a joint Delft Center
on Systemsand Control Engineering.

The research interests of the CSE group are focusedon the following areas:

� In telligen t mo deling, control and decision making :
black-box and gray-box modeling of dynamic systemswith fuzzy logic and neural net-
works, and designof controllers using fuzzy set techniques.

� Distributed and hybrid systems :
analysisand control methods, multi-agent control, hierarchical control, and model pre-
dictiv e control of hybrid systems.

� Fault-toleran t control :
fault detection and isolation with system identi�cation and extendedKalman �ltering,
probabilistic robust control.

� Nonlinear analysis, control and iden ti�cation :
nonlinear predictive control, sliding mode control, iterativ e learning control, nonlinear
dynamic model inversion, Lagrangian and Hamiltonian modeling and control frame-
works (energy based), identi�cation of a composite of numerical local linear state space
models to approximate nonlinear dynamics.

The goal of the CSE group is to develop innovative methodologies in the �elds indicated
above. An important motive in demonstrating their relevance is to cooperate with national
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Figure 1: Overview of the research topics of the Control System Engineering group.

and international research organizationsand industry to validate the real-life potential of the
new methodologies.

The main application �elds are:

� Smart structures : X-by-wire, road tra�c sensors,high performance control using
smart materials, adaptive optics, laboratory-on-a-chip, micro robotics.

� Power engineering : switching networks, power distribution and conversion,condition
monitoring in o�-shore wind turbines.
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� Telecomm unication

� Motion control : autonomousand intelligent mobile systems,mobile robots, container
transport, aircraft and satellite control, tra�c control.

� Biopro cess technology : fermentation processes,waste-water treatment.

The CSE group currently consistsof 27 scienti�c and support sta�: 8 permanent scienti�c
sta�, 10 PhD students, 2 postdoctoral researchers, and 7 support personnel. The research
activities are for a large part �nanced from external sourcesincluding the Dutch National
ScienceFoundation (STW), Delft University of Technology, the European Union, and indus-
try .
Additional information can be found at http://lcewww.et.tudelft.nl/ .

1.2 Address and location

Control SystemsEngineering
Faculty of Information Technology & Systems
Delft University of Technology

Postal address:
P.O. Box 5031
2600GA Delft
The Netherlands

Visiting address:
Mekelweg 4
2628CD Delft
The Netherlands

Phone: +31-15-2785119
Fax: +31-15-2786679
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2 In telligen t mo deling, control & decision making

This research theme focuseson the use of fuzzy logic, neural networks and evolutionary al-
gorithms in the analysisand designof models and controllers for nonlinear dynamic systems.
Fuzzy logic systemso�er a suitable framework for combining knowledge of human experts
with partly known mathematical models and data, while arti�cial neural networks are e�ec-
tiv e black-box function approximators with learning and adaptation capabilities. Evolution-
ary algorithms are randomized optimization techniques useful in searching high-dimensional
spacesand tuning of parametersin fuzzy and neural systems. Thesetechniquesprovide tools
for solving complex designproblems under uncertainty by providing the abilit y to learn from
past experience,perform complexpattern recognition tasksand fuseinformation from various
sources. Application domains include fault-tolerant control, nonlinear system identi�cation,
autonomousand adaptive control, among others.

2.1 A�ordable digital 
y-b y-wire 
igh t control systems for small commer-
cial aircraft

Project members: M.L.J. Oosterom, R. Babu�ska, H.B. Verbruggen

Sponsoredby: European Communit y GROWTH project ADFCS{I I

The objective of this project is to apply the 
y-b y-wire (FBW) technology in 
igh t control
systemsof a smaller categoryof aircraft (seeFigure 2). In FBW digital 
igh t control systems,
there is no direct link betweenthe control stick and pedals,which are operated by the pilot,
and the control surfaces.All measuredsignals,including the pilot inputs, are processedby the

igh t control computer that computes the desired control surface de
ections. This scheme
enablesthe 
igh t control engineer to alter the dynamic characteristics of the bare aircraft
through an appropriate designof the 
igh t control laws. Moreover, important safety features
can be included in the control system, such as 
igh t envelope protection. This increasesthe
safety level comparedto aircraft with mechanical control systems.

Our task in the project is to assessthe bene�ts and to verify the validit y of the soft-
computing techniques in the FBW control system design and sensormanagement. These
novel techniques are combined with standard, well-proven methods of the aircraft industry.

Figure 2: The Galaxy businessjet (left) and validation of the control system through pilot-
in-the-loop simulations at the Research Flight Simulator of the NLR (right).
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The research topics are the design of gain-scheduled control laws, fault detection, isolation
and recon�guration, and an expert systemmonitoring of the overall operational status of both
the pilot and the aircraft. For control design,fault detection and identi�cation system, fuzzy
logic approachesare adopted in order to extend linear designtechniquesto nonlinear systems.
Moreover, a neuro-fuzzy virtual sensorwill be developed in closecooperation with Alenia to
replacehardware sensors.For the pilot-aircraft status monitor a fuzzy expert system will be
developed that has the functionalit y of a warning and advisory/decision aiding system.

2.2 In telligen t adaptiv e control of bioreactors

Project members: R. Babu�ska, M. Damen, S. Me�si�c

Sponsoredby: Senter

The goal of this research is the development and implementation of a robust self-tuning con-
troller for fermentation processes.To ensurean optimal operating conditions, the pH value,
the temperature and the dissolved oxygen concentration in the fermenter must be controlled
within tight bounds. Ideally, the same control unit should be able to ensure the required
performancefor a whole variety of fermentation processes(di�eren t microorganisms),di�er-
ent scales(volume of 1 liter to 10000liters) and throughout the entire processrun. Figure 3
shows an experimental laboratory setup used in this project. The main control challenge is
the fact that the dynamics of the system depend on the particular processtype and scale
and moreover are strongly time-varying, due to gradual changes in the processoperating
conditions.

Controllers with �xed parameterscannot ful�ll theserequirements. Self-tuning (adaptive)
control is applied to addressthe time-varying nature of the process. Among the di�eren t
typesof adaptive controllers (model-free,model-based,gain-scheduled,etc.), the model-based
approach is pursued. The model is obtained through a carefully designedlocal identi�cation
experiment. Special attentions is paid to the robustnessof the entire system in order to
ensure safe and stable operation under all circumstances. The main contribution of this
research is the development, implementation and experimental validation of a complete self-
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tuning control system. The robustnessof the system is achieved by combining well-proven
identi�cation and control designmethods with a supervisory fuzzy expert system.

This research is being done a cooperation between Applik on Dependable Instruments
B.V., Schiedam, Faculty of Electrical Engineering, Eindhoven University of Technology and
Faculty of Information Technology and Systemsand Kluyv er Laboratory for Biotechnology,
both at Delft University of Technology.

2.3 Fuzzy control of multiv ariable pro cesses

Project members: R. Babu�ska, S. Mollov, H.B. Verbruggen

Fuzzy control provides e�ectiv e solutions for nonlinear and partially unknown processes,
mainly becauseof its abilit y to combine information form di�eren t sources,such as avail-
able mathematical models, experience of operators, processmeasurements, etc. Extensive
research hasbeendevoted to single-input single-output fuzzy control systems,including mod-
eling and control designaspects, analysis of stabilit y and robustness,adaptive control. Mul-
tivariable fuzzy control, however, have received considerably less attention, despite strong
practical needsfor multiv ariable control solutions, indicated among other �elds from process
industry, (waste)water treatment, or aerospaceengineering. Yet, theoretical foundations and
methodological aspects of multiv ariable control are not well developed.

This research project focuseson the useof fuzzy logic in model-basedcontrol of multiple-
input, multiple-output (MIMO) systems. Recent developments include e�ectiv e optimization
techniquesand robust stabilit y constraints for nonlinear model predictive control. The devel-
oped predictive control methods have beenapplied to the designof an Engine Management
System for the gasolinedirect injection enginebenchmark, developed as a casestudy within
the European research project FAMIMO (seeFigure 4). An extension of the Relative Gain
Array approach hasbeenproposedthat facilitates the analysisof interactions in MIMO fuzzy
models.

2.4 Neuro-fuzzy mo deling in mo del-based fault detection, fault isolation
and controller recon�guration

Project members: M.H.G. Verhaegen,J. Hellendoorn, R. Babu�ska, S. Kanev, A. Ichtev

Sponsoredby: STW

Most fault tolerant control systemsrely on two modules: (model-based)fault detection and
isolation module and controller recon�guration module. The two key elements in designing
these two systems are the development of a mathematical model and a suitable decision
mechanism to localize the failure and to select a new controller con�guration. This project
focuseson the development of a designframework in which the mathematical model and the
corresponding observer are represented as a composition of local models, each describing the
system in a particular operating regime or failure mode. The use of fuzzy Takagi-Sugeno
models for residual generation has been investigated. On the basis of residuals soft fault
detection and isolation and controller recon�guration are performed.

2.5 In telligen t molecular diagnostic systems

Project members: L. Wessels,P.J. van der Veen,J. Hellendoorn
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Sponsoredby: DIOC-5: Intelligent Molecular Diagnostic Systems

It is the goal of the DIOC-5 (DIOC: Delft Interfaculty Research Center) program to produce
an Intel ligent Molecular Diagnostic System(IMDS). The IMDS will consistof two basiccom-
ponents: a measurement deviceand an information processingunit (IPU). The measurement
device is a chemical sensoron a chip, which will be capableof rapidly performing vast num-
bersof measurements simultaneously, consuminga minimal amount of chemical reagents and
sample(seeFigure 5).

Figure 5: A protot ype IMDS chip containing a matrix of 25 pico-liter wells.

The IPU transforms the complex, raw measurements obtained from the sensorinto output
that can be employed as high-level decisionsupport in various application domains. See[41]
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for a possiblerealization of the IPU.
Membersof the Control SystemsEngineeringgroup and the Information and Communica-

tion Theory group are responsible for the realization of the Information ProcessingUnit. Un-
raveling the metabolic processesand the associated regulatory mechanismsof yeast is a very
interesting application area for the DIOC-5 technology. We are focusing on problems associ-
ated with geneand protein levels,and will integrate this information with existing knowledge
about metabolic processesdeveloped at the Kluyv er Laboratory (One of the DIOC-5 part-
ners). More speci�cally , geneexpressiondata and protein concentration measurements are
employed to model the genetic networks, i.e., to postulate possible`geneticwiring diagrams'
basedon the expressiondata (See[40] for somepreliminary results in this area.)

It is envisagedthat at the end of this project, genetic network information, protein func-
tional knowledge and metabolic models can be integrated into a single hierarchical model,
capableof providing metabolic engineerswith greater insight into the yeast metabolism.

For additional information seethe IMDS Web page.1

2.6 Mo del based optimization of fed-batc h biopro cesses

Project members: J.A. Roubos, P. Krabben, R. Babu�ska, J.J. Heijnen, H.B. Verbruggen

Sponsoredby: DIOC-6: Mastering the Moleculesin Manufacturing, DSM Anti Infectives

Many biotechnological production systemsare basedon batch and fed-batch processes.Op-
timization of the product formation currently requires a very expensive and time consuming
experimental program to determine the optima by trial and error. The aim of this project is to
�nd a more e�cien t development path for fed-batch bioprocessesby an optimal combination
of experiments and processmodels. The two main research topics of this project are:

� Developmentof a user friend ly modeling environment for fed-batch processes.The soft-
ware tool must be able to usedi�eren t typesof knowledgecoming from experts, experi-
ments and �rst-principles, i.e., conservation laws. New modeling methods such as fuzzy
logic, neural networks and hybrid models will be used.

� Iterative optimal experiment design. First somebasic experiments can be done to esti-
mate somepreliminary parameters for the system. The idea is to make a rough model
to design the next experiment. First, a stoichiometric model is made and thereafter a
structured biochemical model that will be gradually improved according to the fermen-
tation data. The main objective is to predict the right trends. The actual values are
lessimportant at the initial stages.

Once the model is su�cien t in terms of quantitativ e prediction of the production processfor
a variable external environment, it will be used to determine optimal feeding strategies for
the reactor in order to improve product quality and/or quantit y. Thesefeedingstrategieswill
be applied in an on-line processcontrol environment. Recent developments and publications
can be found at the project Web page2.

1http://www.ph.tn.tudelft.nl/Pro jects/DIOC/Progress.h tml
2http://lcewww.et.tudelft.nl/~roub os/
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Figure 6: Partitioning of the respiratory cycle is obtained automatically by fuzzy clustering.
Each segment represents a characteristic phaseof the respiratory cycle.

2.7 Estimation of respiratory parameters via fuzzy clustering

Project members: R. Babu�ska, M.S. Lourens, A.F.M. Verbraak and J. Bogaard (University
Hospital Rotterdam)

The monitoring of respiratory parametersestimated from 
o w-pressure-volumemeasurements
can be usedto assesspatients' pulmonary condition, to detect poor patient-ventilator interac-
tion and consequently to optimize the ventilator settings. A newmethod hasbeeninvestigated
to obtain detailed information about respiratory parameterswithout interfering with the ven-
tilation. By meansof fuzzy clustering, the available data set is partitioned into fuzzy subsets
that can be well approximated by linear regressionmodelslocally. Parametersof thesemodels
are then estimated by least-squarestechniques. By analyzing the dependenceof these local
parameterson the location of the model in the 
o w-volume-pressurespace,information on the
patients' pulmonary condition can be gained. The e�ectiv enessof the proposedapproaches
has beenstudied by analyzing the dependenceof the expiratory time constant on the volume
in patients with chronic obstructive pulmonary disease(COPD) and patients without COPD.

2.8 Fuzzy mo del based control with use of a priori knowledge

Project members: R. Babu�ska, J. Abonyi (University of Veszpr�em, Hungary)

E�ectiv e development of nonlinear dynamic processmodels is of great importance in the
application of model-basedcontrol. Typically, one needsto blend information from di�eren t
sources: experience of operators and designers,processdata and �rst principle knowledge
formulated by mathematical equations. To incorporate a priori knowledge into data-driven
identi�cation of dynamic fuzzy modelsof the Takagi-Sugenotype a constrained identi�cation
algorithm hasbeendeveloped, wherethe constrainson the model parametersare basedon the
knowledgeabout the processstabilit y, minimal or maximal gain, and the settling time. The
algorithm has beensuccessfullyapplied to o�-line and on-line adaptation of fuzzy models.
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When no a priori knowledgeabout the local dynamic behavior of the processis available,
information about the steady-state characteristic could be extremely useful. Becauseof the
di�cult analysis of the steady-state behavior of dynamic fuzzy models of the Takagi-Sugeno
type, block-oriented fuzzy models have been developed. In the Fuzzy Hammerstein (FH)
model, a static fuzzy model is connectedin serieswith a linear dynamic model. The obtained
FH model is incorporated in a model-basedpredictive control scheme. Results show that the
proposed FH modeling approach is useful for modular parsimonious modeling and model-
basedcontrol of nonlinear systems.
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3 Distributed and hybrid systems

Hybrid systemstypically arise when a continuous-time system is coupled with a logic con-
troller, or when we have a system in which external inputs or internal events may causea
sudden change in the dynamics of the system. So hybrid systemsexhibit both continuous-
variable and discrete-event behavior. Due to the intrinsic complexity of hybrid systemscontrol
designtechniquesfor hybrid systemswe could either focuson special subclassesof hybrid sys-
tems, or usea distributed or hierarchical approach to decomposethe controller designproblem
into smaller subproblemsthat are easierto solve. In our research we useboth approaches.

3.1 Mo deling and analysis of hybrid systems

Project members: B. De Schutter, W.M.P.H. Heemels(Eindhoven University of Technology),
A. Bemporad (ETH Z•urich)

Hybrid systemsarise from the interaction betweencontinuous-variable systems(i.e., systems
that can be described by a system of di�erence or di�eren tial equations) and discrete-event
systems (i.e., asynchronous systems where the state transitions are initiated by events; in
general the time instants at which these events occur are not equidistant). In general we
could say that a hybrid system can be in one of several modes whereby in each mode the
behavior of the system can be described by a system of di�erence or di�eren tial equations,
and that the system switches from one mode to another due to the occurrenceof an event
(seeFigure 7).

We have shown that several classesof hybrid systems: piecewise-a�ne systems, mixed
logical dynamical systems,complementarit y systemsand max-min-plus-scaling systemsare
equivalent [6, 7, 24, 25]. Someof the equivalencesare establishedunder (rather mild) addi-
tional assumptions. These results are of paramount importance for transferring theoretical
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Figure 7: Schematic representation of a hybrid system.
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properties and tools from one class to another, with the consequencethat for the study of
a particular hybrid system that belongs to any of these classes,one can choose the most
convenient hybrid modeling framework. Related research is described under Project 3.3.

In addition, we have also shown an equivalencebetween two type of mathematical pro-
gramming problems: the linear complementarit y problem (LCP) and the extended linear
complementarit y problem (ELCP) [17]. More speci�cally , we have shown that an ELCP with
a bounded feasibleset can be recast as an LCP. This result allows us to apply existing LCP
algorithms to solve ELCPs [16].

3.2 Mo del predictiv e control for discrete-ev ent systems

Project members: B. De Schutter, T.J.J. van den Boom

Model predictive control (MPC) is a very popular controller design method in the process
industry. An important advantage of MPC is that it allows the inclusion of constraints on
the inputs and outputs. Usually MPC useslinear discrete-time models. In this project we
extend MPC to a classof discrete-event systems. Typical examplesof discrete-event systems
are: 
exible manufacturing systems, telecommunication networks, tra�c control systems,
multipro cessoroperating systems,and logistic systems. In generalmodels that describe the
behavior of a discrete-event system are nonlinear in conventional algebra. However, there is
a classof discrete-event systems{ the max-plus-linear discrete-event systems{ that can be
described by a model that is \linear" in the max-plus algebra.

Wehave further developedour MPC framework for max-plus-linear discrete-event systems
and included the in
uences of noiseand disturbances[33, 34, 35, 36, 37]. In addition, we have
also extendedour results to discrete-event systemsthat can be described by models in which
the operations maximization, minimization, addition and scalar multiplication appear [22],
and to discrete-event systemswith both hard and soft synchronization constraints [19] (see
also Project 3.7).

3.3 Mo del predictiv e control for piece-wise a�ne systems

Project members: B. De Schutter, T.J.J. van den Boom

We have extended our results on model predictive control (MPC) for discrete event systems
(seeProject 3.2) to a classof hybrid systemsthat can be described by a continuouspiecewise-
a�ne state spacemodel. More speci�cally , we have consideredsystemsof the form

x(k) = Px (x(k � 1); u(k))

y(k) = Py(x(k); u(k)) ;

wherex, u and y are respectively, the state, the input and the output vector of the system,and
where the components of Px and Py are continuous piecewise-a�ne (PWA) scalar functions,
i.e., functions that satisfy the following conditions:

1. The domain spaceof f is divided into a �nite number of polyhedral regions;

2. In each region f can be expressedas an a�ne function;

3. f is continuous on any boundary betweentwo regions.

13



We have shown that continuous PWA systems are equivalent to max-min-plus-scaling
systems(i.e., systemsthat can be modeled using maximization, minimization, addition and
scalarmultiplication). Next, wehaveconsideredMPC for thesesystems. In general,this leads
to nonlinear non-convex optimization problems. However, we have developed a method based
on canonical forms for max-min-plus-scaling functions to solve these optimization problems
in a more e�cien t way than by just applying nonlinear optimization as was done in pre-
vious research. More speci�cally , the proposed algorithm consists in solving several linear
programming problems [23].

3.4 Mo del predictiv e control for hybrid systems

Project members: B. De Schutter, G. Pastore, T.J.J. van den Boom

Sponsoredby: STW

Both academia and industry have recently directed a considerableamount of research
e�ort on hybrid systems. Hybrid systemstypically arise when continuous plants are coupled
with controllers that involve discrete logic actions. Although hybrid systemsare encountered
in many practical situations, up to now most controllers for such systemsare designedusing
ad hoc and heuristic procedures.Due to the complex nature of hybrid systems,it is infeasible
to comeup with generally applicable control designmethods.

In this project we will therefore focus on structured control design methods for speci�c
classesof hybrid systemsthat are industrially relevant. Thesemethods will be extensionsof
the model predictivecontrol (MPC) framework for continuoussystems,soasto include hybrid
systems. The MPC schemeis nowadays very popular in the oil re�ning and (petrochemical)
processindustry and has adequately proved its usefulnessin practice. MPC o�ers attractiv e
featuresthat makesthis control approach also interesting and relevant for extensionto hybrid
systems. In this project we will develop high performanceMPC controller designtechniques
for hybrid systems,concentrating on applications in the chemical processindustry (Shell) and
in the brewing industry (Heineken).

Currently , we have already obtained some initial results on MPC for special classesof
hybrid systems(seeProjects 3.1, 3.3 and 3.7). In this project we will further extend these
results to more relevant classesof hybrid systems,thoroughly investigate and formalize the
designprocess,improve optimization proceduresto realize real-time implementation, and use
the results for practical problems of the partners from industry.

This project is done in cooperation with dr. W.P.M.H. Heemelsof the Control Systems
group of Eindhoven University of Tehcnology.

3.5 Optimal tra�c control

Project members: B. De Schutter, T. Bellemans(K.U.Leuv en, Belgium)

Sponsoredby: FWO project ICCoS (Identi�cation and Control of Complex Systems)

Congestion and tra�c jams are one of the major socio-economicproblems of today. Since
building new roads is not always a feasibleoption, one of the most e�ectiv e measuresin the
battle against tra�c congestionseemsto be a better control of tra�c. Possibleapproaches
to control tra�c 
o ws are tra�c signals, variable messagesigns, dynamic route information
panels, ramp metering, \green waves", route directives, radio broadcast messages,etc.
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In this project we concentrate optimal ramp metering. In ramp metering a tra�c signal
is put at the on-ramp of the highway. When the signal is green,onecar at the time is allowed
to enter the highway. The switching schemeof the tra�c signal (i.e., the occurrenceof green
periods) should be controlled in a such a way that the additional 
o w coming from the on-
ramp doesnot causethe tra�c 
o w on the highway after the on-ramp to exceedthe critical
density. In this way a smooth 
o w of tra�c is guaranteed and tra�c jams are prevented.
Note however that the waiting time for the vehicleson the on-ramp should alsobe minimized.

The resulting problem can be solved using nonlinear optimization. However, becauseof
its computational complexity this approach is not feasible for on-line adaption of the ramp
metering policy to changesin tra�c patterns. Therefore, we are now using a model predic-
tiv e control (MPC) approach, which provides a balanced trade-o� between computational
complexity and global performance. In addition, we have improved an existing simple �rst-
order model to describe the evolution of tra�c 
o ws in a motorway network [5]. The results
of the computed ramp metering strategy are veri�ed using micro-simulation, in which the
movements of each individual vehicle are simulated (seethe �gure below).

Figure: Screenshotof micro-simulation of ramp metering.

3.6 Adv anced control techniques for optimal adaptiv e tra�c control

Project members: A. Hegyi, B. De Schutter, J. Hellendoorn

Sponsoredby: AVV (Transport Research Centre, Ministry of Transport, Public Works and
Water Management, The Netherlands)

The overall framework of this project is dynamic tra�c management (DTM). We mainly
addresssystemsand control issuesof DTM. More speci�cally , we investigate the possibilities
and advantagesof using advancedcontrol techniques in optimal adaptive tra�c control.
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Tra�c patterns changeduring the day and depend on external in
uences such asweather
conditions, incidents, holidays, and soon. In order to obtain optimalit y, tra�c control policies
should adapt to these changes. Adaptiv e controllers take the changesin the tra�c system
and the external conditions into account and in that way they can deal with the changesin
the tra�c patterns. Therefore, we considermodel predictive control (MPC) tra�c controllers
in this project.

In this project we concentrate on two tra�c control measuresfor motorway tra�c: ramp
metering (seealso Project 3.5 and the �gure below) and variable speedlimits [26, 27]. More
speci�cally , we apply MPC to optimally coordinate variable speedlimits and ramp metering
for highway tra�c 
o w control. The basic idea is that speedlimits can increasethe (density)
range in which ramp metering is useful. For the prediction we usea slightly adapted version
of the METANET tra�c 
o w model that takes the variable speed limits into account. The
optimal control signalsaim at minimizing the total time that vehiclesspend in the network.
The coordinated control results in a network with less congestion, a higher out
o w, and
a lower total time spent. In addition, the receding horizon approach of model predictive
control results in an adaptive, on-line control strategy that can take changesin the system
automatically into account.

Figure: Ramp metering on the A13 highway in Delft-Zuid.

3.7 Optimal transfer coordination for railw ay systems

Project members: B. De Schutter, T.J.J. van den Boom

In this project we extend the model predictive control framework (MPC), which is a very
popular controller design method in the processindustry, to railway systems [18, 20, 21].
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Usually MPC useslinear (or nonlinear) discrete-time models. However, railway networks and
subway networks cannot adequately be described by such models.

First, we have intro duced a modeling framework for railway systemswith both hard and
soft connection constraints. A typical example of a hard connection constraint in a railway
context is when a train should give a guaranteed connection to another train. However, in
somecases(e.g., if there are delays) we could allow a train to depart although not all trains
to which it should give connections according to the schedule have arrived at the station:
if someof these trains have a too large delay, then it is sometimesbetter | from a global
performanceviewpoint | to let the train depart anyway in order to prevent an accumulation
of delays in the network. Of course,missedconnectionslead to a penalty due to dissatis�ed
passengersor due to compensationsthat have to be paid. Synchronization constraints that
may be broken (but at a cost) are called soft connection constraints. We also consider an
extra degreeof freedomfor the control to recover from delays by letting trains run faster than
their nominal speed if necessary. Of course, this control action will also lead to extra costs
(due to increasedenergyconsumption or faster wear of the material).

Next, we have extended the MPC framework to railway systemswhile still retaining the
attractiv e features of conventional MPC. The main aim of the control is to obtain optimal
transfer coordination and/or to recover from delays in an optimal way by breaking connections
and/or letting some trains run faster than usual (both at a cost). In general the MPC
control design problem for railway systems leads to a nonlinear non-convex optimization
problem. We have shown that the optimal MPC strategy can be computed using extended
linear complementarit y problems or integer programming algorithms.

Other examplesof systemswith both hard and soft synchronization constraints for which
this approach can be usedare subway networks and logistic operations.

3.8 Real-time control of smart structures

Project members: M.H.G. Verhaegen,P.R. Fraanje, N. Doelman (TNO)

Smart materials is a notion used for materials that deform when electrically actuated and
vice versaproduce an electrical signal when they are deformed. What makesthesematerials
\smart" is the signal and control processingschemesthat actively controls the interaction
betweenthe material and structure to which the materials are attached.

Thesestructures can at a large scalebe 
exible. In that casethe smart controller design
arti�cially adapts the sti�ness of the structure, or changesits shape in order to optimize the
plant performances. Examples are the active shaping of the using pro�le to maximize the
drag in di�eren t 
igh t phases. At a nano-scale,smart materials are used for high-precision
positioning in, e.g., Atomic Force Microscopes. The research challengesaddressedin the
project are both fundamental:

- Modeling and control of the nonlinear phenomenon such as hysteresis and creep of
pi•ezo-electricmaterial;

- Decentralized control of large scalesystemswith distributed sensorsand actuators;

as well as practically oriented:

- Real-time implementation of Matlab simulink phototyped control schemesmaking use
of real-time Linux.
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FrontSide

Figure 8: Schematic representation of the vibrating plate experimental set-up with collocated
pi•ezo-sensorsand actuators; the loudspeaker is the disturbance source.
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4 Fault-toleran t control

The goal of fault-tolerant control is to prevent that simple faults in a system or its sensors
and actuators develop into seriousfailures. Fault-tolerant control increasesthe availabilit y of
the systemand reducesthe risk of safety hazards. To achieve fault-tolerant control, methods
are needed for on-line fault detection and diagnosis, automatic condition assessment and
calculation of remedial actions or controller recon�guration. In our research we focus on
developing novel fault-tolerant control methods and we apply and test them in practice.

4.1 Mo del-based fault detection and controller recon�guration for wind
turbines

Project members: V. Verdult, M.H.G. Verhaegen

Sponsoredby: Novem

Figure: Fault-tolerant control of wind turbines.

Failure and degradation of components in o�shore wind turbines lead to the shutdown of
theseturbines for long periods of time. The goal of this study is twofold: to develop methods
that can be used for early detection of degradation and failures, and to develop controller
recon�guration methods such that the impact of failures is minimized.

The fault detection method is model-based. On-line identi�cation techniques are used
to estimate a model of the wind turbine. To detect a fault and to classify this fault, the
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obtained model is compared with a �nite set of models that include the e�ects of di�eren t
faults that can occur. This set of fault models includes faults in components of the wind
turbine and faults in the sensorsand actuators. The information of the faults can be used
for on-line recon�guration of the controller. The essenceof this recon�guration is to take
advantage of redundancy in sensors,actuators and the dynamic behavior of the wind turbine.
The challengein developing thesefault tolerant methods is to deal with the strong nonlinear
behavior of wind turbines.

4.2 Mo del-based fault detection and iden ti�cation of sensor and actuator
faults for small commercial aircraft

Project members: V. Verdult, M.H.G. Verhaegen

Sponsoredby: EU

Methods are investigated to improve the detection and identi�cation of undetected, or dor-
mant fault conditions in sensorsand actuators of small commercial aircraft. The work is
carried out in closecooperation with the Dutch AerospaceLaboratories (NLR). It is part of
the EU project: A�ordable Digital Fly-by-wire Flight Control Systemsfor Small Commercial
Aircraft | PhaseI I (ADF CS-II), project number GRD1-2000-25261,Work package2: Fault
Tolerant Control.

The goalof the ADFCS-II project is the development of a�ordable digital 
y-b y-wire 
igh t
control systemsfor small commercial aircraft. Methods for fault detection and identi�cation
play a crucial role in achieving this goal. Reliable fault identi�cation methods can provide
the information neededto recon�gure the control action to ensureoperabilit y and safety in
caseof failures.

This study focuseson model-basedfault detection and identi�cation. In this approach, the
�rst step is to estimate a model of the faulty systemusing subspaceidenti�cation techniques.
Fault identi�cation is carried out by comparing the identi�ed faulty system with a model of
the fault free system.
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5 Nonlinear analysis, control and iden ti�cation

The nonlinear analysisand control themecoversmainly nonlinear techniquesthat haveseveral
relations with the other three main research themesof the Control SystemsEngineeringgroup.
Nonlinear control methods like sliding mode control, dynamic model inversion and nonlinear
predictive control are included in the projects. Furthermore, analysis, identi�cation and
model reduction techniques,basedon systemrealization methods are present in the projects
at hand. Applications of the methods of the theme are typically found in the processindustry,
car industry and several others.

5.1 System iden ti�cation of bio-tec hnological pro cesses

Project members: M.H.G. Verhaegen,H.H.J. Bloemen (Biotechnology, Delft University of
Technology)

The purposeof metabolic modeling is, in the �rst place, to understand the in vivo kinetics
of the metabolism of a (micro) organism, and in the secondplace, to possibly reprogram
this metabolism. The models often describe the metabolism under the assumption that
the amount of enzymesremains constant, e.g. [29]. Both to reveal the metabolism and to
verify the metabolic models, pulseexperiments are conducted to a steady state culture of the
particular organism. In order to be able to neglect the biosynthesis of new enzymes,the data
should be collectedwithin a time window of a few minutes after the pulse. This motivatesthe
development of rapid sampling techniquesto analyzethe dynamicsof the di�eren t metabolites
in this time window (see,e.g., [32]). Besides,often measurements are available of the oxygen
O2 and carbon dioxide CO2 concentrations in the o�-gas of a fermenter, measuredby a gas
analyzer, and of the dissolved oxygen (DO) concentration in the fermentation broth.

The latter measurement can be used to reconstruct the dynamics of the oxygen uptake
rate (OUR) and carbon dioxide evolution (CER) after the pulse, and in turn can be usedto
analyze the metabolism and to verify the metabolic models. To reconstruct the OUR and
CER �rst a model is required that describesthe dynamic relation betweenthe OUR and CER
(the impulse of the model) and the measuredquantities provided by the gas analyzer and
the DO sensor(the outputs of the model). Using this o�-gas model, the OUR and CER can
be reconstructed from the data (collected during the pulse experiment) by using estimation
techniques.

5.2 Classi�cation of buried ob jects based on ground penetrating radar sig-
nals

Project members: M.H.G. Verhaegen

Ground Penetrating Radar (GPR) is widely used for the non-invasive investigation of the
subsurfaceand man-made structures. Applications include utilit y location, landmine and
unexploded ordinance detection, road inspection, mapping of groundwater contamination,
archeology, etc. Especially for landmine detection the interest in GPR hasgrown signi�cantly
over the last 5 years. This is the result of increasedawarenessabout the severity of the global
landmine problem (see, e.g., http://www.oneworld.org/guides/landmines/index.html )
as well as the advantages that GPR has to o�er over other sensorssuch as metal detectors.
Theseadvantages include the capability to detect both plastic and metallic landmines.
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Currently , an extensive GPR research project is carried out at the International Research
Centre for Telecommunications-Transmission and Radar (IRCTR) in cooperation with the
Control SystemsEngineeringgroup, the sectionof Applied Geophysicsand the Laboratory of
Electromagnetic Research. The project encompassesa variety of research activities aimed at
improving landmine detection with GPR. These include the development of ultra-wideband
GPR systemsand new data processingschemessuch as imaging, inversion and classi�cation,
to name a few. The research in collaboration with the Control SystemsEngineering group
falls into the area of object classi�cation.

5.3 Con trol of a jum bo container crane (JCC pro ject)

Project members: J.B. Klaassens,G. Honderd, H.R. van Nauta Lemke

The Jumbo Container Crane (JCC) project is a part of the FAMAS (First, All Modes, All
Sizes)program, initiated by the Centre of Transport Technology (CTT) in 1996. The goal
of the program is to develop a new generation of container terminals capable to handle all
modalities of all sizeswith an equal service level. This concernsall modalities, including
the within ten years coming Jumbo Container Vessel. Vesselswith a capacity of eight to
ten thousand TEU (Twenty Feet Equivalent). To accomplish the program's goal, a highly
automated terminal will be developed. Handling containers with a throughput of 500.000
TEU a year or more can only be doneeconomicallyand e�cien tly by robotizing stacking and
terminal transport. The goal of the JCC project is to develop container craneswhich can
handle a Jumbo Container Vesselwithin 24 hours (seethe �gure below). The JCC project
has the following participants: NELCON B.V., ECT, SiemensNederland N.V., Transport
Technology group of the Faculty of Mechanical Engineering and Marine Technology of Delft
University of Technology), and the Control SystemsEngineering group.

The Control SystemsEngineeringgroup contributes with the following research activities:

� Development of 2D and 3D mathematical models of the container crane.

� Design and construction of a laboratory scalemodel of the container crane.

� (Time)optimal tra jectory generation. This research provides a tra jectory for the con-
tainer crane load which minimizes the transfer time for the container.

� Design of robust controllers with the potential of fully automatizing the process. The
torque patterns of the cat motor and the hoist motor are controlled in such a way that
the container can track the time-optimal tra jectory.

� Stabilizing swing and skew of the container.

� Sensorsfor the position, the swing angleand all other relevant variablesof the payload.

� Control of the hoist and cat motor.
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Figure: Sketch of the jumbo container crane.

5.4 X-b y-wire

Project members: J.B. Klaassens,E. Holweg (SKF)

The objective of this project is to achieve a framework for the intro duction of safety related
fault tolerant electronic systemswithout mechanical backup in vehicles(so-called\x-b y-wire
systems"). The \x" in \x-b y-wire" represents the basis of any safety-related application,
such as steering, braking, power train or suspension control systems. These applications
will greatly increaseoverall vehicle safety by lib erating the driver from routine tasks and
assistingthe driver to �nd solutions in critical situations. Highly sophisticated future vehicle
applications such asdriver assistanceor autonomousdriving needcomputerizedcontrol of the
driving dynamics. This requires that driver requestsbe sensedand interpreted appropriately
so as to take proper account of the current driving conditions and environmental in
uences.
Theserequestshave to be translated into optimum steer, brake, and accelerationmaneuvers.
In the aerospaceindustries the topic of dependable electronics system has been the subject
of intensive investigationsover many years. Other solutions are available in transportation in
general,e.g.military vehicles,ships, trains, aswell as in safety critical industrial applications
like nuclear power plants. Research is done in cooperation with SKF.
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Figure: Steer-by-wire.

5.5 Analysis and design of nonlinear control systems for switc hing net-
works

Project members: D. Jeltsema,J.M.A. Scherpen, J.B. Klaassens

Switching electrical networks are nowadays essential for high-performanceenergycontrol for
a large variety of applications. This varies from simple DC-DC, AC-DC, DC-AC and AC-AC
converter structures for usein commercialelectrical apparatus, to high tech structures for use
in, e.g.,spaceand non-civilian applications. The basicideal con�guration of a power converter
is generally based on the combination of controllable (semiconductor) switches and (�lter)
components in the form of passive components like inductors, capacitors and transformers.

In the last thirt y yearsthis areahasundergonea wealth of practical and theoretical devel-
opments, mainly donein the �eld of power electronics. Thesedevelopments and studieswhere
mainly concernedwith small signal analysis (linearizing) basedon averaging techniques like
pulse-width modulation (PWM), and related, linear PID control techniques, static behavior,
ripple analysis, etc. The aim of this project is to consider the generalstructure of switching
electrical networks. We approach thesesystemsfrom a physical modeling point of view, i.e.,
we usephysical systemtheoretic descriptions (large signal) basedon the interconnection and
energy properties of the system. For that, a general energy-basedmodeling procedure for
(single and multiple) switched-mode electrical networks hasbeendeveloped. The method is a
synergyof the well-known Hamiltonian and Lagrangian formalism together with the Brayton-
Moser equations. This technique is useful for, e.g.,passivity-basedcontrol purposesand large
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Figure 9: Passivity-basedcontrolled AC-to-DC Buck type converter.

signal stabilit y analysis. As casestudies, fundamental single switch DC-to-DC converters
and multi-switc h AC-to-DC recti�ers were used(seeFigure 9). Further research includes the
involvement of several classesof non-ideal physical elements into the framework.

The generalmodeling framework will be usedfor analysispurposes,and for giving speci�c
choicesfor the best physical variables for controller design. These choicesare important to
obtain a better overall performance(in terms of overshoot, disturbance rejection, etc.) of the
closed loop system. The topology of the switching network is decisive for the (in-)stabilit y
of the zero-dynamics, i.e., for being a (non-)minimum phase system. Study of the zero-
dynamics is mainly of importance for the controller design. Furthermore, we study possible
improvements by developing (nonlinear) control schemesthat are basedon the physics and
that are generally applicable to this type of systems. If possible, by the new set-up from
a system and control point of view, new switching network topologies will be developed,
resulting in converter structures that are ful�lling speci�c demandsof high tech applications
like in, e.g., spaceand non-civilian applications.

5.6 Bounding uncertain ty in subspace iden ti�cation

Project members: T.J.J. van den Boom, V. Verdult, B.R.J. Haverkamp

In this project weaim at the estimation of the uncertainty on models, identi�ed usingsubspace
identi�cation methods.

In the recent years, subspacemodel identi�cation (SMI) has becomea popular tool for
the identi�cation of state-spacemodels under the in
uence of disturbances. The fully pa-
rameterized state-spaceis estimated using robust and accuratesubspacemodel identi�cation
methods, such as CVA, MOESP and N4SID. They are being usedin many di�eren t practical
applications.

The uncertainty region is speci�ed in a polytopic description. This description is a pow-
erful and elegant way to describe the parametric uncertainty set in the caseof state-space
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models. For plants in an polytopic uncertainty description, robust controller can be designed
using optimization techniquesbasedon Linear Matrix Inequalities (LMI). For this type of op-
timization problems fast and reliable algorithms exist that solves the problem in polynomial
time.

The key in this method described in [38] and [39] is the calculation of the �rst or higher
order approximation of the relation between the perturbation on the data and the error on
the elements in the identi�ed state-spacematrices. Using this approximation one can �nd
a polytopic description of the uncertainty region of the identi�ed model. In a �nal step,
the dimension of the polytopic description can be reduced. All three mentioned subspace
identi�cation algorithms (MOESP, N4SID and CVA) can be handled by the above method,
sincethe three algorithms are closely related.

5.7 New passivit y prop erties for nonlinear electro-mec hanical systems

Project members: D. Jeltsema, J. Clemente Gallardo, J.B. Klaassens,J.M.A. Scherpen, in
collaboration with R. Ortega, Sup�elec,France

Sponsoredby: Marie Curie Control Training Site (CTS)

It is well-known that the Port-Hamiltonian equationsform a very suitable and natural frame-
work to describe the dynamics of a broad classof nonlinear electrical, mechanical and electro-
mechanical systems. This project is concernedwith the development of a dual formulation
of the dynamics of nonlinear electro-mechanical systemsin terms of the co-energyvariables.
The method is basedon an extensionof the classicalBrayton-Moser equationsrepresented by
the following nonlinear di�eren tial equations parameterizedby the generalizedcon�guration
coordinates q:

d
dt

�
@H �

@_x
(q; x)

�
= �

@P
@_x

(q; x);

in which x is the state (velocity, current and voltage), P(q; x) is the mixed-potential function,
H (q; x) the kinetic co-energyand � = diag(I ; I ; � I ). In the new setting the mixed-potential
function existsof power preservingpotentials, dissipatedpower and the applied power of both
the mechanical and electrical parts of the system. Originally , this framework stemsfrom the
early sixties and is very little known in the systemsand control communit y.

The main advantage of a well-de�ned dual formulation is that essential and important
properties can be translated from one framework to another. One of theseuseful properties
is that the mixed-potential function can be used as a starting point to derive a new family
of energy storage functions. Instead of using the total stored energy as a storage function,
as with Port-Hamiltonian systems,we use the dissipative structure of the system to derive
Lyapunov-lik e functions.

Interestingly enough,a storage function basedon the dissipation in the system de�nes a
passive port with respect to the port variables _x and the applied forces,i.e., the accelerations
and external sources.The results of this research canbeusedto, e.g.,overcomethe dissipation
obstacle in electro-mechanical systems that cannot be stabilized by the energy-balancing
technique as recently proposedin the literature At a more general level, the objective of this
project is to put forth the dissipative structure of a systemasa new building block for analysis
and controller design.
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5.8 Relating Lagrangian and Hamiltonian descriptions of electrical circuits

Project members: J. Clemente Gallardo, J.M.A. Scherpen, D. Jeltsema

In the last years, an evident interest for the Lagrangian and Hamiltonian description of
electrical circuits has arisen in the literature. A recent Lagrangian description [30, 31] leads
to a successfulpicture of RLC circuit dynamics and provides a step-by-step construction for
the description of the components, the de�nition of the Lagrangian, and the corresponding
Euler-Lagrange dynamics. Kirc hho� 's current law de�nes a set of holonomic constraints for
the corresponding Lagrangian system,while the corresponding voltage law de�nes the Euler-
Lagrangeequationsfor the system. Regardingthe Hamiltonian description of the dynamicsof
electrical circuits, a recent and successfulapproach is basedon the conceptof Dirac structures
and port-controlled Hamiltonian systems. This approach also provides a suitable description
of the dynamics of the system.

It seemsquite natural to compare both approaches and to try to relate the solutions of
both methods for electrical circuits. Since dissipative elements and sourcescan be viewed
as external elements, we only consider electrical LC circuits here. The formulation of both
frameworks is donein Rn and hencethe canonicalprocedurewould suggestto usethe Legendre
transform to go from dynamics given by the Lagrangian formalism into dynamics given by
the Hamiltonian formalism, and vice versa. The problem in this caseis that the Lagrangian
formalism proposed in [30, 31] yields a singular Lagrangian description, which makes the
Legendretransform ill-de�ned and thus no straightforward Hamiltonian formulation can be
related. We complement the original Lagrangian picture proposedin [30, 31] with a procedure
that transforms the singular Lagrangian system into a regular Lagrangian system. Then
the Lagrangian system can be related with a Hamiltonian system by using a well de�ned
Legendre transform. The main new ingredient of the approach is the use of Lie algebroids
in the description. A Lie algebroid is a geometrical object which generalizesthe concept of
tangent bundles (which is the natural framework of usual Lagrangian mechanics) such that a
Lagrangian formulation on them is still possible. Essentially , we just needoneof the simplest
examplesof the Lie algebroid, namely an integrable subbundle of a tangent bundle, which
in the caseof electrical LC circuits is even a vector space. For the caseof networks without
switches, this approach is equivalent to use the integrated version of Kirc hho� current law.
This implies the use of the condition of charge conservation, to de�ne a regular Lagrangian
description by using only the inductancesof the system.

The future research includes the extensionof the new framework to more generalcircuits,
including switched networks, and to mergethis approach with the extensionof Brayton-Moser
equations intro duced in Project 5.7.

5.9 Discrete-time sliding mo de control

Project members: G. Monsees,J.M.A. Scherpen

Sliding mode control is a well known robust control algorithm for linear- as well as nonlinear
systems. Continuous-time sliding mode control has been extensively studied and has been
used in various applications. Much less is known of discrete-time sliding mode controllers.
In practice it is often assumedthat the sampling frequency is su�cien tly high to assume
that the closed-loop system is continuous-time. Another possibility is to design the sliding

27



mode controller in discrete-time, basedon a discrete-time model of the sampledsystemunder
control.

State-based,discrete-time, sliding mode control has received quite some attention over
the last decade. The main problem encountered in discrete-time sliding mode control, as
opposed to continuous-time sliding mode control, is the limited switching speed. Where
the switching frequency in continuous-time is assumedto be in�nite, in discrete-time it is
limited by the sampling frequency. Therefore (perfect) sliding mode can not be attained in
discrete-time. Instead, the best achievable result is to steer the closed-loop system within a
small boundary region around the switching surfacecalled the quasi sliding mode band. As
opposedto discrete-time state-basedsliding mode control, discrete-time output-based sliding
mode has received little attention. Research in this area has been focused on a transfer
function approach so far.

Our research hasbeenfocusedon the designof an output-based discrete-time sliding mode
controller basedon a linear state-spacerepresentation of the system. Using this method, the
designof the output-based controller can be applied easily to MIMO (multiple input multiple
output) as well. Further improvements are made by the use of disturbance estimation and
reduced order state observation. It is also shown that the derived controller can be applied
to the problem of target tracking, possibly in conjunction with a feedforward controller.
Simulation studies demonstrate the applicabilit y of the developed control theory.

5.10 Nonlinear control systems analysis

Project members: J.M.A. Scherpen, W.S. Gray (Virginia, USA), K. Fujimoto (Ky oto, Japan)

Sponsoredby: NWO

This research focuseson extensionsof linear realization theory to nonlinear control systems.
The relation between input-output systems,Hankel operators, state-spacerealizations, min-
imalit y, and balanced realizations is considered. These considerationsare important for ap-
plications to model and controller reduction, numerical e�ciency , nonlinear black box identi-
�cation and order estimation, sensorand actuator placements, etc. A sequenceof papers in
this direction has beenpublished.

The study towards the relation of Hankel operators, its factorization in an observabilit y
and controllabilit y part, and their state-spacerealizations, has given rise to a generalization
of the notion of Hilb ert adjoint systems to the nonlinear case. This topic uses concepts
from physical systems,namely, Hamiltonian systemsand their extensions,Legendre trans-
formations, etc. Basedon these methods, a procedure towards a new balancing method for
nonlinear system is de�ned, resulting in a procedure for model reduction that is part of the
on-going research. So far, a constructive algorithm is part of the procedure, which aims at
the development of implementation tools.

5.11 Mo del and controller reduction for nonlinear systems

Project members: R. Lopez Lena, J.M.A. Scherpen

Sponsoredby: Instituto Mexicano del Petr�oleo

In almost all branches of engineering | e.g., mechanical, electrical, electronic, control and
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chemical | there has beena strong tendency to increasethe complexity of the systemsand
the mathematical models. This has improved the precision on the prediction capacity of
the models but also has made it more di�cult to analyze them. With this, the study of
methods to synthesize a compact model that concentrates on the essential properties of a
bigger one, is becoming more important. This is known as "model reduction". Most of the
time, model reduction has beenaccomplishedbasedon the physical intuition of the analyst
and her/his knowledge of the system's physical behavior. This usually results in a non-
systematic, sometimesuncertain reduction procedure. A procedure to approximate a high
order model by a lower order model should cope with the following issues.

1. The reducedorder model has to capture the more important properties neededfor the
analysis. This propertiesmay be time or frequencybehavior, energycontribution, closed
loop stabilit y, etc.

2. It has to have a quanti�able small error estimate between the full order and the re-
duced order models, and admit di�eren t degreesof model reduction depending on the
admissibleerror bound.

3. It has to be implementable in an (e�cien t) algorithm.

The study of systematic tools for model reduction of dynamic systemshas beenan early
topic of interest in the systemsand control �elds. In the analysisof linear systemsKalman's
minimal realization theory has shown to be an important tool to understand the system's
structure, but for application purposesa lot of additional considerationsare necessarydue to
its high sensitivity to parameter variations. On the other hand, optimal model approximation
basedon the Hankel norm and the balancing method have shown to be useful tools for model
reduction. Today, singular-value-basedbalancing, LQG balancing, coprime factorization and
H-in�nit y balancing are important practical tools for linear model reduction. For this reason
the study of model reduction for linear systemscan be considereda mature topic.

For nonlinear systems,there hasbeenimportant progresswith the nonlinear extensionsof
the systematic methods of balancing (singular-value-based,LQG and H-in�nit y) and coprime
factorizations, mainly basedon energy functions. Thesemethods yield adequateprocedures
for nonlinear model reduction, but needto becomemore e�cien t and applicable.

Thus, the main purposeof this research consistsin the development and re�ning of new
tools for model reduction for nonlinear systemsbasedon the state of the art nonlinear bal-
ancing theory. This research may have somecloseconnectionswith discrete-time nonlinear
systemsand its identi�cation procedures.

The results derived of this research should be extremely useful in a wide variety of appli-
cations in engineering.

5.12 Robust and predictiv e control using neural net works

Project members: T.J.J. van den Boom, M. Ayala Botto

The aim of the project is to investigate the possibilities of the application of neural networks
to the robust predictive control of dynamical systems. It contains two sub-projects.

In the �rst sub-project we aim to establish a link betweenaccuracy of function approxi-
mation with a neural network and the stabilit y of the system,leading to a robust model-based
control schemeusing a nonlinear (neural network) model [4, 3, 1]. Of particular importance
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is that when bounds can be given on the modeling error, robust control schemesfor such
systemsmust be developed which lead to a guaranteed stable control system. The project
speci�cally investigatesthe relationship betweenboundson the network error and stabilit y of
the system. If this is achieved, neural control can be applied to real-world applications with
guaranteed robustnessproperties [2].

In the secondsub-project investigate the useof neural networks in the designof analytic
constrained predictive controllers for linear systemsthat combines constraint handling with
speedand is applicable to control problemswith many constraints. The solution to the model
predictive control problem is a continuousfunction of the state, the referencesignal, the noise
and the disturbancesand hencecanbeapproximated arbitrarily closeby a feed-forward neural
network. This leadsto an analytic constrained predictive controller that combines constraint
handling with speed and is applicable to fast systems and complex control problems with
many constraints [28].

This project is done in co-operation with the IST group of the University of Lisbon.

5.13 The standard predictiv e control problem

Project members: T.J.J. van den Boom, R.A.J. de Vries, A.C.P.M. Backx (Eindhoven Uni-
versity of Technology)

In this project the standard predictive control problem (SPCP) is studied. The SPCP consists
of one extended processdescription with a feedback uncertainty block. The most important
�nite and in�nite horizon predictivecontrol problemscanbeseenasspecial realizations of this
SPCP. The SPCP and its solution are given in state-space. The objective of the controller
is nominal performance subject to signal constraints and robust stabilit y with respect to
bounded model uncertainty.

Stabilit y and feasibility are studied for the �nite and in�nite prediction horizon casewith
structured input signalsdescriptionsand level and rate constraints on input, state and output
signals.

This project is done in co-operation with the Control Systemsgroup of Eindhoven Uni-
versity of Technology.

5.14 Predictiv e control of nonlinear systems in the pro cess industry

Project members: H.H.J. Bloemen,T.J.J. van den Boom, J.M.A. Scherpen, M.H.G. Verhae-
gen, V. Verdult, H. Oku, H.B. Verbruggen

Sponsoredby: STW

The project aims at the development of methods that enableto transfer the high investment
return of currently usedModel-basedPredictive Controller (MPC) schemesfor linear systems
to important classesof nonlinear systemsin the processindustry.

* The �rst classcontains systemswhich can, from an input-output point of view, accu-
rately be described by a linear dynamical model when the operating rangeof the system
is limited. Though, the present generation of MPCs are designedfor this limited op-
erating range, the tendency to produce more client oriented, will causethe processes
to frequently make a transition from one limited operating range to the next. Using
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- LTI - NL -u v y

Figure 10: Block diagram of a Wiener model.

existing MPC technology these transient e�ects are not taken into account, possibly
leading to non-smooth transitions and therefore economicallosses.

* The secondclasscontains processesthat even for a limited operating rangedemonstrate
a nonlinear behavior.

An example is a high purit y distillation column which for a particular operating range
can accurately be described by a seriesconnection of a linear time-invariant (LTI) dynamic
model followed by a static output nonlinearity (NL), a so-calledWiener model (seeFigure
10).

The special way in which the nonlinearity enters the Wiener model can be exploited by
transforming it into uncertainty. The result will be an uncertain linear model, which enables
to use robust linear MPC techniques. A similar approach can be applied for Hammerstein
systems, in which casea linear dynamic block is precededby a static input nonlinearity.
This Hammerstein-Wiener MPC algorithm [11] extends the linear MPC algorithm described
in [14]. A casestudy, concerning the distillation column benchmark, has demonstrated the
e�ectiv enessof the proposedWiener MPC algorithm and is presented in [10].

Also discrete-time bilinear models may be useful for black-box identi�cation of nonlinear
processes. In bilinear models the nonlinearity enters the dynamic part of the model, i.e.
the state equation contains a product term betweenthe current state and the current input.
This property can be exploited for solving a "classical" �nite horizon MPC problem [12]. An
application of bilinear MPC to a polymerization reactor is presented in [15]. Extensionsto an
in�nite-horizon bilinear MPC algorithm can be found in [8] and [13]. Extensions to bilinear
MPC algorithms that aim at a low computational demand for the on-line computations are
reported in [9, 8].

This project is part of STW project DEL 55.3891.

5.15 Iden ti�cation of nonlinear state-space systems

Project members: V. Verdult, M.H.G. Verhaegen

Over the years considerableattention has been given to the identi�cation of linear systems.
Linear systemshave proven their usefulnessin numerousengineeringapplications, and many
theoretical results have beenderived for the identi�cation and control of thesesystems.How-
ever, most real-life systemsinherently show nonlinear dynamic behavior. Consequently , the
useof linear models has its limitations. When performancerequirements are high, the linear
model is no longer accurate enough, and nonlinear models have to be used. This motivates
the development of identi�cation methods for nonlinear systems.

In this project, new systemidenti�cation methods are developed for nonlinear state-space
systems. Special attention is given to three particular types of nonlinear systems: linear
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parameter-varying state-spacesystems,bilinear state-spacesystems,and local linear state-
spacesystems. Although most work on nonlinear system identi�cation deals with nonlinear
input-output descriptions, state-spacesystems are considered, becausethey are especially
suitable for dealingwith multiple inputs and outputs, and they usually require lessparameters
to describe a systemthan input-output descriptionsdo. Equally important, the starting point
of many nonlinear control methods is a state-spacemodel of the system to be controlled.

5.16 Dev elopmen t of computationally e�cien t and numerically robust sys-
tem iden ti�cation soft ware

Project members: V. Verdult, M.H.G. Verhaegen,N. Bergboer

Over the years several methods for system identi�cation of multiv ariable linear state-space
systems have been developed. To make these methods available to a large communit y of
scientist and engineersin both industry and academics,a reliable and e�cien t implementation
of these methods is needed. The goal of this work is to develop a software package that
provides computationally e�cien t and numerically robust implementations of several system
identi�cation methods for multiv ariable linear state-spacesystems.The software is developed
for use with Matlab and is partly written in the C programming language. It makes use of
numerical linear algebra routines from BLAS, LAPACK, and SLICOT.

The software development focuseson the following identi�cation methods: 1) time and
frequencydomain subspacemethods, 2) state-spacesystemidenti�cation basedon minimizing
the prediction error, and 3) state-spacesystem identi�cation by �tting frequency response
functions.

The work is carried out in closecooperation with the Systemsand Control Engineering
group of the Faculty of Applied Physics of the University of Twente.
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