NICONET Report 1999-19

___________________________________________________________________________

Benchma rks for Identification 1

Ad van den Boom 2 , Ton Backx 3 and Yucai Zhu 4

Jul y2000

1 This paper presents research results of the European Communit yBR ITE-EURAM III

Thematic Networks Programme N IC ONET (contract number BRRT-CT97-5040) and is distributed bythe Working Group on Software WGS. WGS secretariat: Mrs. Ida Tassens,

ESAT - Katholieke Universiteit Leuven, K. Mercierlaan 94, 3001-Leuven-Heverlee,

BELGIUM. This report is also available b yanon ymous ftp from wgs.esat.kuleuven.ac.be/WGS/REPORTS/nic1999-19.ps.Z

2 Dept. of Electri cal Engineering, Technische Universiteit Eindhoven, POB 513, Eindhoven,

The Netherlands

3 IPCOS Technologyb.v., Bosscheweg 145a, 5282 Boxtel, The Netherlands

4 Dept. of Electrical Engineering, Technische Universiteit Eindhoven, POB 513, Eindhoven,

The Netherlands, also with: Tai Ji Control, Hageheldlaan 62, 5641 GP Eindhoven, The

Netherlands

Abstract

This report describes the preliminaryst eps for setting up a benchmark collection for identification. The identification protocol is described, where aspects as experiment set-up, signal pre-processing, modelling, paramet rization, estimation methods and model validation are reviewed briefl y. The relation of identification and control is stipulated. An anal ysis is given of requirements for good benchmarks for identification and some rel evant organisational issues are addressed.

1. Introduction

In thei r paper, De Moor et al. (1997) point out that there is a need for a publicl yavailable standard collection of test data that can be used in the field of data anal ysis, s yst em identification and signal processing. The yargue that such a collection could contribute to the reproducibility of results obtained byappl ying an identification method. (We will restrict ourselves in this report mainl yto identification of s ystems.) Indeed, a reall yvast amount of identification methods, often with implementations on practical examples from all kinds of application fields, has been presented in the last four decades. Nevertheless (or ma ybe because of this) it is not clear at all at this moment how well all these methods perform when the yare used in the great variet yof practical situations.

If we would like to cl arify the issue of performance of identification methods in practical applications, we should expand this idea of a standard collection of test data to that of a standard collection of benchmarks for identification . Benchmarking is a commonl yaccepted activit yin man ydomains of toda y´s science and technical activities, see e.g. the site http://www.esat.kuleuven.ac.be/sista/daisy/links.html which lists manywebsites with benchmark data in various fi elds.

A benchmark collection for identification can be valuabl e:

· to measure the performance of methods and their related algorithms in the various

(difficult ) circumstances of applications

· to show the state-of-the-art of the identification field (for the method, the related algorithm and the implemented software code)

· to reveal the capabilities and limits of the methods

· to make comparisons of methods and their related algorithms straightforward

· to stimulate collaboration and interaction between researchers

· to compare the cost versus the effectiveness of methods

· to point to real life problems in practical applications that are still unresolved

· to evoke inspiration for developing identification methods that are tailored to industrial and/or practical needs

· to be used as a didactical tool

Looking at the reall yvast literature on identification, it is remarkable that onl ya few attempts have been made to compare identification methods and results based on benchmark processes:

- the so-called Åström process

This is a simulated linear S ISO second-order process, introduced b yÅström in the sixties.

It has served since as the ke yexample process for testing identification methods.

- the test example of the IFAC 1973 Identification Symposium

This test example, see Isermann (1973a and 1973b) and Isermann et al. (1973), consists of three linear S ISO processes: the Åström process, a second-order non-minimum phase process and a third-order low pass dela yprocess. The output of all these processes is corrupted b ynoise which is shaped b ya second-order low pass filter.

- the DAISY collection of test data (1997 )

The Database for Identification of S ystems (DAISY) was introduced b yDe Moor et al.

(1977). The ycreated a publicl yaccessible website

( http://www.esat.kuleuven.ac.be/sista/dais y ), to which authors can submit datasets. Some of these datasets ma yevolve into real benchm arks, which will facilitate a comparison of the perform ance of al gorithms; see Appendices A and B.

Before discussing benchmarks for identification in more detail, it is worthwhile to look at the benchmark activities in control engineering, because of the strong interaction between identification and control.

Benchm arks for robust and adaptive control

1. The ACC 90/91/92 benchmark and the ASCC 94 benchmark.

i) The ACC benchmark, see Wie et al. (1992), is a two-mass/spring s ystem, which is a generic model of an uncertain d ynamical syst em with uncolocated sensor and actuator.

There are four control design problems formulated where the desi gner has the opportunit y to consider additional desi gn trade-offs for a realistic control design, b yincluding the effects of unmodeled hi gh frequenc yd ynamics, actuator/sensor d ynamics, bandwith limit, time delayetc. Several desi gns have been present ed b yvarious authors.

ii) The ASCC benchmark, see Hara et al. (1994), is a model of a three-mass s ystem. There are three position control problems and three velocit ycontrol problems (for each two basic and one advanced). Several desi gns have been presented.

2. The IFAC’93 (or Sydney) benchmark (Graebe, 1994) offers a problem statement with a time-var ying single-input single-output test process in closed loop with a user defined controller, which has to be controlled for three different levels of time variance (stress levels). In this benchmark example, the process structure was unknown to investi gators and the process is onl yaccessible via a computer simulation. This was done intentionall y, as a-priori knowl edge of the pl ant to be controlled imprints a severe bias on the results.

Knowledge of e.g. noise covariances, model structure and parameter vari ations influence the choice of filters, forgetting factors and other desi gn paramet ers. The true process was published afterwards; it was seventh order and contained a var ying non-minimum phase zero, var ying time constants, high frequent resonant poles which were fixed, and var yi ng low frequent resonant poles. Nine different solutions to the benchmark assignment have been reported which span a wide range of approaches such as adaptive (predictive) control, model reference adaptive control, robust pole pl acement, adaptive PI control, adaptive control with supervision, partial state model reference control, H

¥

robust control, and robust stabilit ydegree assignment. Graebe states that "a comparison of the results has highlight ed the interpla ybetween various modern and classical adaptive and robust desi gn strategies, and revealed trade-offs between controller complexit y, estimator complexit y, supervision and performance".

Benchm arks for Computer Aided Control S ystems Design (CACSD) . The Benchmark

Working Group of the IEEE Technical Committee on CACSD has published several benchmark problems in order to evaluate the capabilities of CACSD software with respect to performance and accuracy: a Grumman F-14 aircraft (CACSD benchmark 1), a continuoustime missile autopilot (CACSD benchmark 2), (for both benchmarks see Frederick, 1988), two linear h ybrid multirate s ystems (CACSD benchmark 3), see Huang et al. (1992) .

Benchm arks in process-industr y:

Shell benchmark ; see Shell workshop, see Prett et al. ( 1987). This benchmark deals with a simulation of a heav yoil fractionator, where the process model (first order deadtime) and uncertainties in the gains of the model are given. The control objectives and control constraints as well as five protot ype test cases are specified.

Distillation column model , see Skogestadt et al. (1996) and also the site http://www.kkt.chembio.ntnu.no/research/Process_Control/ ). This simulation of a distillation column can ver ywell be used as a benchmark for process identification. It is implemented in

Matlab/Simulink and enables testing for identification. The simulator quite well reflects main mechanisms of a distillation process, which include multivariable s ystem charact eristics, directionalit yand stiff s ystem behaviour.

First principles based process simulators mayvery well serve as good benchmarks for testing various identification and parameter estimation techniques. The increasing power of the internet and of the computer s ystems connected to it ma ybe applied for developing applications for benchmarking that can be used for webcomputing . This allows testing against a given fixed simulated process with specifi c charact eristics. The conditions applicabl e during testing are in this case equivalent for all tests applied, which makes objective comparison between the results obtained with different techniques easier and more reliable.

2. Identification of processes

The goal of this paper is to establish rules for benchmarks for identification. Therefore we will anal yse those aspects of the identification procedure, whi ch are rel evant for setting up such benchmarks.

The identification protocol consists of three successive phases, as introduced b yLjung (1987), prepara tion , estimation and valid ation . An outer loop is part of the protocol, enabling a reiteration in the phases if the validation phase rej ects the obtained model. The identification procedure is t ypicall yan iterative one, where insi ghts and judgements of the user are mingled with formal calcul ations, extensive data handling and computer algorithms. A wealth of good textbooks is available: Eykhoff (1974), Söderström et al. (1989), Ljung (1987, 1995), Zhu et al. (1993).

2.1. Preparation phase

The first phase in the identification protocol is the preparation phase . The goal of this phase is to produce a reliable dataset as input for the estimation phase. Here we have steps that are indispensable in ever yidenti fication task: definition of the intended use of the model, experiment design and si gnal pre-proc essi ng; see Backx et al. (1989a, 1989b) . Depend ing on the actual approach chosen in subse quent phases of the identifica tion protocol, this preparation phase usuall yincludes in the given order:

i) concise formulation of the intended use of the model. A model is justified solel yb yits intended use. The intended use full ydetermines the t ype of model, its extensiveness and necessar yprecision needed. Oft en a linear model is sought for the operation of a process working about a specific working point. The intended use of a model can be understanding and explanation of the behaviour of the process; then ’white’ models - which are based on ph ysical laws etc.- are appropriate. If the model is meant for controller desi gn, a ’black box’ model -whi ch gives an input-output description of the dynamic behaviour- is a good choice.

ii) recover yof a-priori inform ation from alread yavailable physical modelling, from insight in and experience with the process, and b yinterview of process opera tors.

iii) tests for stationarit yand linearit y(around a cert ai n work ing point) using e.g. staircase signals.

iv) design of primar yexperiments with test signals leading to estimates of general, overall system characteri stics, such as the largest and smallest system time con stants (which deter mine the choi ces of the sampling interval and min imal required data length), the noise characteris tics and the s yst em band width (for desi gn of noise rejection filter).

v) main experiments with pseudo random binar ynoise sequences (PRBNS) or other wellselected test si gnals leading to input and output signals which contain enough information for the estimation of the paramet ers of the dynamic model in the estimation phase.

vi) determination and compensation of dela ys.

vii) data pre-processing of signals obtained from step v): such as scali ng, peak shaving for removal of out liers (spikes), removal of mean value and (seasonal) trends, correction of missing or damaged datapoints, and sample rate reduction.

2.2. Estimation phase

The second phase of the identification protocol is the model esti mation phase , which is the extraction of a mathematical model from the set of pre-processed input-output dat a. Here the essential topics are:

- the choice of the model set ,

- the structure selection for the this model set,

- the choice of the identification criterion

- the resulting estimation method

Three main approaches for the choice of m odel set will be mentioned:

i) non-param etric models. A general model with minimal or no structural informa tion is sought; e.g. an impulse response or a F IR model. As a consequence of the poor structure of the model, the "parametrisation" of this kind of model sets leads to a large number of parame ters. Such a model is in particular useful when little a-priori information on the process is availabl e, and is also suited for a first iteration of an identifica tion proc edure leading to paramet ric models. Then, in subsequent iterations, a transformation to a more compact parametrised model is perf ormed, often followed b ymodel reduction.

ii) parametri c models. A compact param e tric model, with a mini mal or limited number of parameters, such as e.g. (canonical) st ate space models, (canonical) m atrix fraction description (MFD) models, and ARX-models.

iii) subspace models. The models in this approach are characte ri zed b ysubspaces of spaces con structed from input-output data, and a state space model is estimated from these subspaces.

The following issues, related to choice of model sets, should be addressed:

- the uniqueness of the model set, i.e. each member of the model set represents a model with different d ynamics. The minimization method for finding the best member of the set, i.e.

that best fulfils the identification criterion, will otherwise run into problems.

- the generality of the set, i.e. the model set should be rich enough to represent the d ynamics of the class of processes under stud y.

- the numerical conditioning of the parametrisation of the model set. Man ystandard inputoutput model structures seem to be sensitive to numerical errors.

If the model set is chosen, then som e integer indices, representing the structure and order within the model set should be determined. Examples are the orders of the pol ynomials of an

ARX model, or the integers that determine the structure of the [A,B,C,D] matrices of a certain canonical state space representation. This is the structure selection problem, which can be a tough task, especiall yin a multi-input multi-output case. The user should exploit available apriori information and insight into the ph ysical properties of the process. Structure and order tests are available which are based on correl ation anal ysis of input-output data, or on rank determination of signal matrices. If little a-priori knowl edge is availabl e, then a good polic yis to start with models with little structural properties, as e.g. FIR, like in the MPSSM approach, see hereaft er.

The choice of the criterion is full ydominated b ythe intended use of the model. The models that are found as a result of the minimization of the criterion function should be seen as vehicles for achieving the object of the criterion: usuall yprediction or simulation. A one-step-ahead-prediction model will naturall yput more emphasis on the high frequenc yband of the input-output dynamics, in order to produce a good prediction of the next output sample.

Prediction models will usuall yperform well in a prediction t ype of application. However, if the model is used for controller desi gn, the lower frequenc yband cannot be discarded. This strongl ysuggests the use of output error models or frequenc ywei ghted prediction error models for such applications.

Estim ation m ethods:

A widel yused method is the predic tion-error method (PEM), which consists of:

- formulation of a prediction error for a chosen model structure,

- minimisation of an error criterion with respect to the model parameters.

As the PEM is a general method, it can successfullybe used in connection with a great vari et y of model classes; see Ljung (1987).

Another approach is the MPSSM method , where the use of a MPSSM (minimal pol ynomial start sequence Markov param eters) model is essential. This model is based on the propert ythat the Markov parameters largerthanacertainvaluerofafiniteimpulseresponse(FIR) canbe describedas alinear combination (calledtheminimalpol ynomial)of previous Markov parameters. Adetailedoutlineofthemethodis givenin Backx et al. (1989a and 1989b). The estimation of a MPSSM model for MIMO processes consists of the following steps:

i) estimation of a high order FIR mode l using a PEM or output error method, ii) determination of the degree r of the minimal pol ynomial from the estimated Markov parame ters. Note that inform ation on the structure is gained from the estimated FIR parameters.

iii) estimation of the parameters o f an initial MPSSM model from the FIR model.

iv) adjustment of this MPSSM model to the original dataset.

v) model reduction to eliminate irrelevant d ynamics in the model.

The most attractive features of the MPSSM method are:

i) the method has proven to be well suited for modelling MIMO processes.

ii) no a-priori structural information is needed. This is an im portant feature, in particul ar for

MIMO and especiall yfor practical applications, as cumbersome structural tests can be avoided.

iii) as a F IR model is a general parametrisation, the method is suited for modelling a large class of processes.

iv) the method is robust against local minima due to several precautions.

The term Subspace Model Identification (SMI) is used to indicat e a number of rel ated approaches that allow identif ying state space models from input -output data in a non -iterative manner. The m ain propert ythat characterizes these SMI schemes is the calculation of a subspace of spaces defined from the available input -output data records. Exa mples of such subspaces are the extended observabilit ym atrix ,orthestatevector sequences. SMI is suited for large order multivari able s ystems, delivering directl yreduced order state space models without the need of canonical parametrisations, which cause usuall ynum ericall yunreliable results for such processes. These properties of SMI are attractive and in fact compensate for the short comings of PEM. Therefore the SMI is seen as a promising development in identification. There are m an yresearch activities at this moment on SMIschemes; for a review see Viberg (1994).

Besides the subspace identifi cation techniques also orthonormal basis functions based process identification have been developed in the past decade as a new, ver ypromising technique for accurate modelling of relevant process d ynamics (e.g. Heuberger et al., 1995). This technique is based on the use of a set of orthonorm al functions that are used to reconstruct the impulse responses or step responses of the process. The model parameters are the weights that give the contribution of a specifi c basis function to the overall process dynamics. The applied basis functions can be infinite length basis functions or finite length basis functions. If the basis functions are chosen in line with the rel evant process d ynamics onl ya ver yfew basis functions are needed for reconstructing the relevant process d ynamics. This results in compact models that can describe complex process d ynamics with just a ver yfew parameters to be estimated. The methodologyis also ver ywell suited to integrate a-priori knowledge on relevant process d ynamics b yusing this knowledge in the selection of basis functions. This wa yefficient, hi gh performance process identification becomes feasible.

The asymptotic method (AS YM) of identification was developed for model-based controls such as linear robust control and Model Predi ctive Control; see Zhu et al. (1993) and Zhu

(1998). The method makes extensive use of Ljung´s as ymptotic theor y; see Lj ung (1985) and

Zhu (1989). The theor ygives a simple expression for the model errors for high order models.

The four probl ems, test signal desi gn for control, model order/structure selection, paramet er estimation and model validation, are solved in a s ystem atic manner:

1. the spectra of test signals can be optimized for use in control. This can be done for both open loop and closed-loop tests.

2. model order is determined b yequalizing the bias error and variance error in the frequenc y domain.

3. in parameter estimation, first a high order ARX model is estimated, and then a frequenc y domain maximum likelihood model reduction is performed.

4. upper error bounds of model frequenc yresponses are estimated and used for model validation. If the model is invalidated, test redesign can be done easil yusing the error bound formulas.

The frequency domain method estimates the transfer function with time delayusing periodic excitation signals. The measured si gnals are transformed to the frequenc ydomain and a maximum likelihood estimator is used to find the coefficients of the transfer function. This leads to a nonlinear l east squares problem. For a surve ysee Pintelon et al. (1994).

A ver yinteresting comparison of estimation methods has been carried out by Zhu et al. (1994) on three of the above mentioned methods: PEM, SMIand ASYM. The authors fix their goal to identification for Model Predictive Control (MPC) and formulate the following evaluation criteria:

- model accuracy , defined as the simulation and prediction accurac yfor the validation data set

- speed (computing time) and robustness (w.r.t. round-off errors, local minima, convergence problems) in model estimation

- model order/structure selection (complexit yof test, robustness against undermodelling and disturbances, possibilit yof automation of test, MIMO versus MISO model structure)

- model uncertainty description

- ability to find optimal input design for control

- possibility of closed loop identification , what about unstable processes

- is recursive estimation provided (for adaptive control)

The three m ethods are used for identification of two industrial processes: a glass tube drawing process and a four effect (stage) evaporator. Their evaluation of the three methods, based on the test data, yi elds a detailed insi ght into the usefulness and the capabilities of these methods.

2.3. Validation phase

The final phase of the identification protocol is the validation phase . As in the preparation phase, there are approach independent tests such as cross model validation, and ap proach dependent tests such as residual whiteness tests, cross correlation tests and the extraction of statistical information about the estim ates. We comment on these tests:

Cross model validation. The input-output data set is split into two parts: one part for estimation and the other part for valid ation. The performance of the estimated model parameters (with respect to predi ction error or output error, measured outputs versus simulated outputs, etc.) when applied to the validation dataset is compared to that of the estimation dataset. Substantial differences yield an indication that the obtained model is strongl ydatadependent and that the results have not converged. This is an appealing and powerful validation method. Weird, suspected parts in the dat aset becom e apparent. A fl exible simulation tool supported with powerful, user-fri endl ygraphics is necessar yfor this test.

Face validation. This is a strai ghtforward test where the process output and the model output are (graphicall y) compared. Too large deviations indicate that the model is of low qualit y.

Residual whiteness test. Coloured residuals (e.g. prediction errors) indicat e that more information of process- or noise d ynamics than explained bythe linear model is present in the data set. In particular the structure of the noise model might be insufficient. Whiteness tests are appro priate for det ecting this.

Cross-covariance between residuals and inputs. A correlation between past inputs and residuals is an indication that there is more d ynamics in the process than has been incorporated in the linear model or that the dat a was collected during closed-loop opera tion. Calcu lation of the cross-covariance between input and residual with the appropriate confidence interval for given N can reveal this.

Akaike’s Information Criterion (AIC ). Akaike has proposed a refined criterion for selecting the order of the model, based on the behaviour of the identification criterion as function of the model order. A straightforward selection criterion for the model order based on the decrease of the identification criterion usuall y yields too high model orders, as this criterion is a continuousl ydecreasing function of the model order.

Model reduction. Model reduction is useful for detecting whether the model found is of unnecess aril yhi gh order, du e to e.g. near pole-zero cancellation pairs in the input-output transfer. ARX models in particular can show this behaviour, which can be explained as additio nal mode lling of the noise d ynamics as an excessive part of the modelling of the process d ynamics. Stan dard model reduc tion schemes, whi ch are part of a good control librar y, can be used.

Statistical properties of the estimates. To judge the value of the obtained model paramet ers or subspaces the knowl edge of the uncert aint yof these quantities is necessar y. Estimates of such uncertaint yregions and graphi call ydispla ying are important.

3. Benchmarking for identification

Process identification techniques are widel yapplied in industr yfor modelling of process dynamics for a wide range of applications. The applications that process identification techniques are predominantl yused for are:

- Model Predictive Control

Model predictive control s ystems essentiall yappl ytwo models for calculating the control actions. The first model usage is for predicting infinite horizon future process output behaviour on the basis of known (past) input signals. The second model application is for the calculation of the best future process input manipulations to optimall ydrive the process to desired operating conditions.

- Inferential prediction of non-measurable variables

Inferential prediction of non-measurable variables involves the estimation of a value of some process vari ables on the basis of the known histor yof process input signals and rel ated variables. The purpose is obtaining the best estimate of the current value of the unknown signal using all information available of these known signals.

- Anal ysis of process d ynamics for engineering purposes

The anal ysis of process dynamics for engineering purposes implies obtaining detailed knowledge of specifi c process transfer characteristics like (damped) oscillatorybehaviour, non-minimum phase behaviour, directionalit yand stiffness of the transfer characteristics, differences in bandwidth between disturbance transfers and process transfers, �

- Process simulation

Model usage for process simulation mayimpl ydifferent requirements on the models. Process simulation for training for example requi res models that can accuratel ypredict current process output signals on the basis of the past behaviour of inputs and disturbances. Simulation for optimization of future process output behaviour on the contrar yrequi res models that give a best prediction of the infinite horizon future output behaviour.

- Plant wide process optimisation

Plant wide optimization requires process models that can predict complete future process output behaviour on the basis of all currentl yknown si gnal histories to optimize some given cost function (e.g. profit over complete future horizon).

Depending upon the application, requirements imposed on the model var y. Man yapplications do not require the model to be a ver yaccurate representation of the process over a ver ybroad operating range. Model inaccuracies are acceptable as long as the ydo not violate the performance of the application of the model. In general models need to be accurate at certain operating conditions or along specific trajectories. Also the accurac yrequirements on the represented frequenc ycharacteristics depend on the application of the model. This also implies that validation of the model has to be done in line with the application of the model .

High perform ance model predictive cont rol for example requi res models that need to be accurate representations of the model d ynamics in the frequenc yrange that is at the cut -off frequenc yof the process. Furthermore the model needs to be accurate at frequencies where the dominant part of the disturbance affect process behaviour.

Process simulators used for operator training in general require models that on the average show dynamic behaviour, which roughl yresembles actual process behaviour. Often it is not necessar yto ver yaccuratel yrepresent trul yobserved process d ynamics. Especi all ystead y state behaviour and non-linearities need to be covered well for these t ypes of applications.

Inferential predictors need to give reliable estimates for inferred properties. Depending upon the use of these estimates additional requirements will be imposed. Frequentl yinferential predictors can be applied as fixed horizon or so-called n-step ahead predictors.

In general various validation criteria need to be developed to judge the model properties for its use. The model applied for predi ction in the model predictive controller can best be validat ed using a Hankel norm t ype criterion, whereas the model applied for cal culation of future control actions can often best be judged on the basis of an output error t ype criterion. The best criterion for validation of the model for control depends on the specifi c controller design specifications. Oft en it is also valuable to have information on the model inaccuracies. This information can be used for finding appropriat e tuning of the control s ystem to give the ri ght balance between robustness and perform ance, see Ninnes et al. (1995).

Comparison of model characteristics obtained with the various identification and parameter estimation methods needs to be done on the criteria appropriat e for the application of these models. A table like the one below m a ydo this job.

Benchmark A Integral Quadratic

Output Error

Integral Quadratic prediction error

Integral absolute output error

�

Method 1

Method 2

Method 3

3.1. Rules for useful benchmarks

Categories of benchmarks:

- model to known model under given conditions (inputs, S/N ratio etc.): estimation part

- identification protocol applied to data of known model

- identification protocol applied to data of unknown model (e.g. with webcomputing)

- identification protocol applied for model based controller (e.g. with webcomputing)

Benchm ark examples need to be select ed to represent the difficulties encountered over the broad range of applications of models. T ypical problems encountered in practice are related to:

- Stiffness of the process both as function of frequenc yas well as in terms of directionalit y

- Multiple operating conditions with different requirements such as high performance control in a specific operating point, transition control between different operating points or start-up/shutdown of processes

- Specific disturbance characteristics of processes

- First or hi gher order integral behaviour of processes.

Good benchmarks refl ect difficulties encountered in real life processes well and enable detailed anal ysis of the characteristics and performance of the techniques tested. The benchmark has to reveal weaknesses and strengths of the tested t echniques. The judgement made on tested techniques has to be representative of for the behaviour of these techniques in practical applications. The benchmark needs to support tests at extreme conditions that will be rarel yentered into in practice.

Typical properties of a good benchmark are:

- Actual process difficulties are also covered b ythe benchm ark

- Nast yprocess behaviour that causes modelling difficulties needs to be accessible for detailed anal ysis and needs to be docum ented

- The benchmark should be representative for actual though process behaviour

- Performance demonstrated on a benchmark should be accepted as a realistic demonstration of capabilities of the tools tested

4. O rganisational issues

The organisational issues of the benchmark collection for identification are similar to those of the benchmarks in other chapt ers of S LICOT. These issues were alread ydescribed, see

Mehrmann et.al.(1998). We quote from this report:

"Each topic of the S LICOT benchmark librar yis covered b ya benchm ark routine. These routines are implemented and maintained b ya responsible partner (RP) of the NICONET project. Duties of the RP are the following:

· The RP has to look for benchmark examples. Benchmark examples can be found in publications, in public data bases (e.g. DAISY), etc.

· The RP collects the detect ed examples and those examples submitted bycontributors outside NICONET.

· The RP has to decide which of the collected benchm ark examples will be included in the respective benchmark collection.

· The RP implements the benchmark collection in the form of a benchmark routine.

Moreover, he/she provides a documentation of this routine.

· The RP updates the benchmark collection when new interesting t est problems are found.

He/she provides the routine with release numbers."

5. Conclusions

Starting from an anal ysis of the identification protocol, where issues as experiment set-up, signal pre-processing, modelling, paramet rization, estimation methods and model validation are considered, validation criteria for benchmarks were obt ained, which depend on the intended use of the identified model. Four categories of benchmarks were proposed: model to known model under given conditions, identification protocol applied to data of known model, identification protocol applied to data of unknown model (e.g. with webcomputing), and identification protocol applied for model based controller (e.g. with webcomputing). Rules for good benchmarks, that reflect difficulties encountered in real life processes, were given and some organisational issues were addressed.

References:

T. Backx and A. Damen : "Identification of industrial MIMO processes for fixed controllers;

part 1: General theory and practice" ; Journal A, vol. 30.1, pp. 3-12, 1989a.

T. Backx and A. Damen : "Identification of industrial MIMO processes for fixed controllers;

part 2: Case studies" ; Jour nal A, vol. 30.2, pp. 33-43, 1989b.

P. Eykhoff : "System Identification, Parameter and State Estimation" ;Wiley, London, 1974

D. K. Frederi ck : "Benchmark problems for Computer-Aided Control System Design" ;

Preprints Fourth IFAC Symposium on Computer Aided Design in Control Systems

CADCS’88, Beijing, pp. 1-6, 1988.

S.F. Graebe : "Robust and adaptive control of an unknown plant: a benchmark of new format" ;

Automatica, vol.30, no. 4, pp. 567-575, 1994.

Shinji Hara, Yuichi Chida, Masami Saeki and Kenzo Nonami : "Benchmark problem: position control/velocity control for coupled three mass system" ; Proc. ASCC, Tokyo, pp. 313-

316, 1994.

P.S.C. Heuberger, P.M.J. Van den Hof and O.H. Bosgra : "A generalized orthonormal basis for linear d ynamical s ystems"; IEEE Trans. Aut. Control, vol. 40, pp. 451-465, 1995.

Chien Huang and D.K. Frederi ck : "Solutions to the third benchmark control problem" ; Proc.

ACC 92, pp. 976-977, 1992.

R. Isermann, U. Baur, W. Bamberger P. Kneppo and H. Siebert : "Comparison of six on-line identification and parameter estimation methods" ; Proc. 3 rd IFAC S ymposium

Identification and S ystem Parameter Estimation, pp. 1081-1100, 1973. Also in:

Automatica, vol 10, pp. 81-103.

R. Isermann : "Test-cases for evaluation and comparison of different identification methods and parameter estimation using simulated processes" ; Proc. 3 rd IFAC S ymposium

Identification and S ystem Parameter Estimation, pp. 1101-1102, 1973a.

R. Isermann : "Results for test-case A: comparison of different identification and parameter estimation methods using simulated processes" ; Proc. 3 rd IFAC S ymposium Identification and S ystem Parameter Estimation, pp. 1103-1106, 1973b.

L. Ljung : Asymptotic variance expressions for identified black-box transfer function models ;

IEEE Trans. Aut. Control, vol. 30, pp. 834-844, 1985.

L. Ljung : "System Identification: Theory for the User" ; Pren tice Hall, New York, 1987.

L. Ljung : "System Identification Toolbox, User’s Guide" ; the MathWorks Inc., Natick MA, 4 th ed., 1995.

Volker Mehrm ann and Thilo Penzl : "Benchmark collections in SLICOT" ; SLICOT Working

Note 1998-5; available from: ftp://ftp.esat.kuleuven.ac.be/pub/REPORTS/SLWN1998-

5.ps.Z

Bart De Moor, Peter De Gersem, Bart De Schutter and Wouter Favoreel (1997) : "DAISY : A

Database for Identification of Systems" ; Journal A, vol. 38, no. 3, pp. 4-5, 1997.

Bret Ninness and Graham C. Goodwin : "Estimation of model quality" ; Automatica, vol. 31, no. 12, pp. 1771-1797, 1995.

R. Pintelon, P. Guillaume, Y. Rolain, J.Schoukens and H. Vanhamme : "Parametric identification of transfer functions in the frequency domain-a survey" ; IEEE Trans. Aut.

Control, vol. 39, pp. 2245-2260, 1994.

David Prett and Manfred Morari : "The Shell process control workshop" ; Houston Texas,

December 15-18, 1986; Butterworths, London, 1987

S. Skogestadt and I. Postlethwaite : "Multivariable feedback control" ; Wiley, 1996.

T. Söderström and P. Stoica : "System Identification" ; Prentice Hall, New York, 1989.

M. Viberg : "Subspace-based methods for the identification of linear time-invariant systems" ;

Automatica, vol. 31, no. 12, pp. 1835-1851.

Bong Wie and Dennis Bernst ein : "Benchmark problems for robust control design (1992 ACC version)" ; Proc. ACC 92, pp. 2047-2048, 1992.

Y.C. Zhu : "Black-box identification of MIMO transfer functions: asymptotic properties of prediction error models" ; Int. J. Adaptive Control and Signal Processing, vol. 3, pp. 357-

373, 1989.

Y.C. Zhu and T. Backx : "Identification of Multivariable Industrial Processes for Simulation,

Diagnosis and Control" ; Springer Verlag, Berlin, 1993.

Y.C. Zhu, P. Van Overschee, B. De Moor and L. Ljung : "Comparison of three classes of identification methods" ; Proc. IFAC SYS ID’94, vol.1, pp.175-180, 1994.

Y.C. Zhu : "Multivariable process identification for MPC: the asymptotic method and its applications" ; Journal of Process Control, vol. 8, no. 2, pp. 101-115, 1998.

Appendix A: Overview of the DAISY collection

DAIS Y consists of the following datasets:

Process Industry Systems

D001 Simulation of a ethane-eth ylene distillation column (4 series of 90 samples; 5 inputs, 3 outputs)

D002 Glass furn ace (1247 samples; 3 inputs, 6 outputs)

D003 120 MW power plant (200 samples; 5 inputs, 3 outputs)

D004 Industrial evaporator (6305 samples; 3 inputs, 3 outputs)

D005 Simulation data of a pH neutralization process in a stirring tank (2001 samples; 2 inputs, 1 output)

D006 Step response of a fractional distillation column (250 samples; 3 inputs, 2 outputs)

D007 Industrial dr yer (867 samples; 3 inputs, 3 outputs)

D008 Liquid-saturated steam heat exchanger (4000 samples, 1 input 1 output)

D009 Test setup of an industrial winding process (2500 samples; 5 inputs. 2 outputs)

D010 Continuous stirred tank reactor (7500 samples; 1 input, 2 outputs)

D011 Model of a steam generator (9600 samples; 4 inputs, 4 outputs)

Mechanical Systems

D101 Ball-and-beam setup at SIST A (1000 samples; 1 input, 1 output)

D102 Laborator ysetup acting like a hai r dr yer (1000 samples; 1 input, 1 output)

D103 CD-player arm (2048 samples; 1 input, 1 output)

D104 Wing flutter data (1024 samples; 1 input, 1 output)

D105 Flexible robot arm (1024 samples; 1 input, 1 output)

D106 Experiment on a Steel Subframe Fl exible structure (8523 samples; 2 inputs, 28 outputs)

Biomedical Systems

D201 Cutaneous potential recordings of a pregnant woman (2500 samples; 8 outputs)

D202 Tongue displacement shapes o ccuring in the pronunciation of english vowels

Environmental Systems

D301 Simulation of the western basin of Lake Erie (57 samples; 5 inputs. 2 outputs)

Thermi c Systems

D401 Heat flow densit ythrough a t wo la yer wall (1680 samples; 2 inputs, 1 output)

D402 Heating s yst em (801 samples; 1 input, 1 output)

Simulators

D501 Simulator of in-vivo MRS signals

Time Series

D601 One hour of internet traffic between Lawrence Berkele yLaborator yand the rest of the world (99999 samples; 1 output)

Appendix B: Datafiles of the DAISY collection

D001: Simulation of a ethane-ethylene distillation column (4 series of 90 samples; 5 inputs, 3 outputs) destill.dat file.

1. Contributed by:

Peter Van Overschee

K.U.Leuven - ESAT - SIST A

K. Mercierlaan 94, 3001 Heverlee, Belgium

Peter.Vanoverschee@esat. kuleuven.ac.be

2. Process/Description:

Data of a simulation (not real !) related to the identification of an ethane-ethylene destillationcolumn. T he series consists of 4 series:

U_dest, Y_dest: without noise (original series)

U_dest_n10, Y_dest_n10: 10 percent additive white noise

U_dest_n20, Y_dest_n20: 20 percent additive white noise

U_dest_n30, Y_dest_n30: 30 percent additive white noise

3. Sa mpling time: 15 min.

4. Number of sa mples: 90

5. Inputs:

a. ratio between the reboiler dutyand the feed flo w b. ratio between the reflux rate and the feed flo w c. ratio between the distillate and the feed flo w d. input ethane co mpositio n e. top pressure

6. Outputs:

a. top ethane composition b. bottomethylene co mposition c. top-bottomdifferential pressure.

7. References:

R.P. Guidorzi, M.P. Losito, T . Muratori : "The range error test in the structural identification of linear multivariable systems" ; IEEE Trans. Aut. Co ntrol, Vol 27, pp. 1044-1054, Oct. 1982.

8. Known properties/peculiarities

9. So me M ATLAB-code to retrieve the data

!gunzip destill.dat.Z load destill.dat

U=destill(:,1:20);

Y=destill(:,21:32);

U_dest=U(:,1:5);

U_dest_n10=U(:,6:10);

U_dest_n20=U(:,11:15);

U_dest_n30=U(:,16:20);

Y_dest=Y(:,1:3);

Y_dest_n10=Y(:,4:6);

Y_dest_n20=Y(:,7:9);

Y_dest_n30=Y(:,10:12);

D002: Glass furnace (1247 samples; 3 inputs, 6 outputs)

1. Contributed by:

Peter Van Overschee

K.U.Leuven - ESAT - SIST A

K. Mercierlaan 94, 3001 Heverlee, Belgium

Peter.Vanoverschee@esat. kuleuven.ac.be

2. Process/Description:

Data of a glassfurnace (Philip s)

3. Sa mpling time

4. Number of sa mples: 1247

5. Inputs:

a. heating inp ut b. cooling input c. heating inp ut

6. Outputs:

a. 6 outputs fro mtemperature sensors in a cross sectio n of the furnace

7. References:

P. Van Overschee, B. De Moor : "N4SID : Subspace Algorithms for the Identification of Combined

Deterministic-Stochastic Systems" ; Auto matica, Special Issue o n Statistical Signal Processing and Co ntrol,

Vol. 30, No. 1, 1994, pp. 75-93

P. Van Overschee : "Subspace identification : Theory, Implementation, Application" ; Ph.D. T hesis,

K.U.Leuven, Februar y1995.

8. Known properties/peculiarities

9. So me M ATLAB-code to retrieve the data

!gunzip glassfur nace.dat.Z load glassfur nace.dat

T =glassfurnace(:,1);

U=glassfurnace(:,2:4);

Y=glassfurnace(:,5:10);

D003: 120 MW power plant (200 samples; 5 inputs, 3 outputs)

1. Contributed by:

Peter Van Overschee

K.U.Leuven - ESAT - SIST A

K. Mercierlaan 94, 3001 Heverlee, Belgium

Peter.Vanoverschee@esat. kuleuven.ac.be

2. Process/Description:

data of a power plant (Pont-sur -Sambre (France)) of 120 MW

3. Sa mpling time: 1228.8 sec

4. Number of sa mples: 200 samples

5. Inputs:

1. gas flo w

2. turbine valves opening

3. super heater sprayflow

4. gas dampers

5. air flo w

6. Outputs:

1. steampressure

2. main stem temperature

3. reheat steamtemperature

7. References:

R.P. Guidorzi, P. Rossi : "Identification of a power plant from normal operating records" ; Auto matic control theor yand applications, Canada, vol. 2, pp. 63-67, sept 1974.

M. Moonen, B. De Moor, L. Vandenberghe, J. Vandewalle : "On- and off-line identification of linear statespace models" ; Intern. Journal of Control, vol. 49, Jan. 1989, pp. 219-232

8. Known properties/peculiarities

9. So me M ATLAB-code to retrieve the data

!gunzip po werplant.dat.Z load po werplant.dat

U=powerplant(:,1:5);

Y=powerplant(:,6:8);

Yr=powerplant(:,9:11);

D004: Industrial evaporator (6305 samples; 3 inputs, 3 outputs)

1. Contributed by:

W. Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Process/Description:

A four-stage evaporator to reduce the water content of a product, for example milk

3. Sa mpling time:

4. Number of sa mples: 6305

5. Inputs:

u1: feed flo wto the first evaporator stage u2: vapor flowto the fir st evaporator stage u3: cooling water flo w

6. Outputs:

y1: drymatter content y2: flo w of the outco ming product y3: temperature of the outco ming product

7. References:

Y. Zhu, P. Van Over schee, B. De Moor, L. Ljung : "Comparison of three classes of identification methods" ;

Proc. of SYSID ’94, Vol. 1, 4-6 July, Copenhagen, Denmark, pp. 175-180, 1994.

8. Known properties:

column 1: in p ut u1 column 2: input u2 column 3: input u3 column 4: output y1 column 5: output y2 column 6: output y3

D005: Simulation data of a pH neutralization process in a stirring tank (2001 samples; 2 inputs, 1 output)

1. Contributed by:

Jairo Espinosa

K.U.Leuven ESAT -SIST A

K.Mercierlaan 94, B3001 Heverlee, Belgium

Jairo.Espinosa@esat.kuleuven.ac.be

2. Process/description:

Simulation data of a pH neutralization process in a constant volume stirring tank.

Volume of the tank 1100 liters

Concentration of the acid solutio n (HAC) 0.0032 Mol/l

Concentration of the base solution (NaOH) 0,05 Mol/l

3. Sa mpling time: 10 sec

4. Number of sa mples: 2001

5. Inputs:

u1: acid solution flo w in liters u2: base solution flo w in liters

6. Outputs:

y: pH of the solutio n in the tank

7. References:

T .J. Mc Avo y, E. Hsu and S. Lo wenthal : "Dynamics of pH in controlled stirred tank reactor" ; Ind. Eng.

Chem. Process Des. Develop., vol. 11 (1972), pp. 71-78

8. Known properties:

Highlynon-linear system.

column 1: time-steps column 2: input u1 column 3: input u2 column 4: output y

D006: Step response of a fractional distillation c olumn (250 samples; 3 inputs, 2 outputs)

1. Contributed by:

Jan Maciejowski

Cambridge University, Engineering Department

Trumpington Street, Cambridge, CB2 1PZ, England.

jmm@eng.cam.ac. uk

2. Process/Description:

step response of a fractional distillation column (Simulation data supplied bySAST Ltd)

Steps are applied to each input, one at a time.

Input (a) is a step of amplitude 1.0

Input (b) is a step of amplitude 1.0

Input (c) is a step of amplitude 1.0

3. Sa mpling time: 10 sec

4. Number of sa mples: 250 samples

5. Inputs:

a. input cooling temperature b. reboiling temperature c. pressure

6. Outputs:

a. top product flo w rate b. C4 concentration

7. References:

J.M. Maciejowski : "Parameter estimation of multivariable systems using balanced realizations" ; in:

Bittanti,S. (ed), Identification, Adaptation, and Learning, Springer (NAT O ASI Series), 1996.

C.T . Chou, J.M. Maciejo wski : "System Identification Using Balanced Parametrizations" ; IEEET rans. Aut.

Control, vol. 42, no. 7, July1997, pp. 956-974.

8. Known properties/peculiarities:

9. So me M ATLAB-code to retrieve the data

!gunzip distill_col.dat.Z load distill_col.dat u1y1=distill_col(:,2); % step on input 1, response on output 1 u1y2=distill_col(:,3); % step on input 1, response on output 2 u2y1=distill_col(:,4); % etc u2y2=distill_col(:,5);

u3y1=distill_col(:,6);

u3y2=distill_col(:,7);

D007: Industrial dryer (867 samples; 3 inputs, 3 outputs)

1. Contributed by:

Jan Maciejowski

Cambridge University, Engineering Department

Trumpington Street, Cambridge, CB2 1PZ, England.

jmm@eng.cam.ac. uk

2. Process/Description:

Data froman industrial dr yer (b yCambrid ge Control Ltd)

3. Sa mpling time: 10 sec

4. Number of sa mples: 867 samples

5. Inputs:

a. fuel flo wrate b. hot gas exhaust fan speed c. rate of flo wof raw material

6. Outputs:

a. drybulb temperature b. wet b ulb temperature c. moisture content of raw material

7. References:

J.M. Maciejowski : "Parameter estimation of multivariable systems using balanced realizations" ; in:

Bittanti, S. (ed), Identification, Adaptation, and Learning, Springer (NAT O ASI Series), 1996.

C.T . Chou, J.M. Maciejo wski : "System Identification Using Balanced Parametrizations" ; IEEET rans. Aut.

Control, vol. 42, no. 7, July1997, pp. 956-974.

8. Known properties/peculiarities:

9. So me M ATLAB-code to retrieve the data

!gunzip dryer.dat.Z load dryer.dat

U=dryer(:,2:4);

Y=dryer(:,5:7);

D008: Liquid-saturated steam heat exchanger (4000 samples, 1 input 1 output)

1. Contributed by:

Sergio Bittanti

Politecnico di Milano

Dipartimento di Elettronica e Infor mazione,

Piazza Leonardo da Vinci 32, 20133 MILANO (Italy) bittanti@elet.polimi.it

2. Process/Description:

T he process is a liquid -satured steamheat exchanger, where water is heated bypressurized saturated steam through a copper tube. T he output variable is the outlet liquid temperature. T he input variables are the liquid flo w rate, the steamtemperature, and the inlet liquid temperature. In this experiment the steam temperature and the inlet liquid temperature are kept constant to their no minal values.

3. Sa mpling time: 1 s

4. Number of sa mples: 4000

5. Inputs:

q: liquid flo w rate

6. Outputs:

th: outlet liquid temperature

7. References:

S. Bittanti and L. Piroddi : "Nonlinear identification and control of a heat exchanger: a neural network approach" ; Journal of the Franklin Institute, 1996.

L. Piroddi : "Neural Networks for Nonlinear Predictive Control" ; Ph.D. T hesis, Politecnico di Milano (in

Italian), 1995.

8. Known properties/peculiarities:

T he heat exchanger process is a significant benchmark for nonlinear control design purposes, since it is characterized bya non minimum phase behavio ur. In the references cited above the control problemof regulating the output temperature of the liq uid-satured steam heat exchanger b yacting o n the liq uid flo w rate is addressed, and both direct and inverse identifications of the data are perfor med.

column 1: time-steps column 2: inp ut q column 3: output th

D009: Test setup of an industrial winding process (2500 samples; 5 inputs. 2 outputs)

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Process/description:

T he process is a test setup of an ind ustrial winding process. T he main part of the plant is composed of a plastic web that is unwinded fromfirst reel (unwinding reel), goes over the tractio n reel and is finally rewinded on the the rewinding reel. Reel 1 and 3 are coupled with a DC-mo tor that is controlled with input setpoint currents I1 *and I3*. T he angular speed of each reel (S1, S2 and S3) and the tensio ns in the web between reel 1 and 2 (T1) and between reel 2 and 3 (T 3) are measured byd ynamo tacho meters and tensio n meters.

We thank T h. Bastogne fro m the University of Nancyfor providing us with these data. We are grateful to

T hierryBastogne of the Universite Henri Point Care, who provided us with these data.

3. Sa mpling time: 0.1 Sec

4. Number of sa mples: 2500

5. Inputs:

u1: angular speed of reel 1 (S1) u2: angular speed of reel 2 (S2) u3: angular speed of reel 3 (S3) u4: setpoint current at motor 1 (I1*) u5: setpoint current at motor 2 (I3*)

6. Outputs:

y1: tension in the web between reel 1 and 2 (T 1) y2: tension in the web between reel 2 and 3 (T 3)

7. References:

T . Bastogne : "Identification des systemes multivariables par les methodes des sous-espaces. Application a un systeme d’entrainement de bande" ; Ph.D. thesis. T hese de doctorat de l’Universite Henri Poincare, Nancy

1.

T . Bastogne, H. Noura, A. Richard, J.M. Hittinger : "Application of subspace methods to the identification of a winding process" ; Proc. of the 4th European Control Conference, Vol. 5, Brussels.

8. Kno wn properties:

column 1: input u1 column 2: input u2 column 3: input u3 column 4: input u4 column 5: input u5 column 6: output y1 column 7: output y2

D010: Continuous stirred t ank reactor (7500 samples; 1 input, 2 outputs)

1. Contributed by:

Jairo ESPINOSA

ESAT -SIST A KULE UVEN

Kardinaal Mercierlaan 94, B-3001 Heverlee, Belgium espinosa@esat. kuleuven.ac.be

2. Description:

T he Process is a model of a Continuous Stirring T ank Reactor, where the reaction is exother mic and the concentratio n is controlled b yregulating the coolant flo w.

3. Sa mpling: 0.1 min

4. Number of sa mples: 7500

5. Inputs:

q: coolant Flo wl/min

6. Outputs:

Ca: concentration mol/l

T : temperature Kelvin degrees

7. References:

J.D. Morningred, B.E.Paden, D.E. Seborg, D.A. Mellichamp : "An adaptive nonlinear predictive controller" ;

Proc. of the A.C.C. vol.2 1990,pp. 1614-1619

G.Lightbody, G.W.Ir win : "Nonlinear Control Structures Based on Embedded Neural System Models" ;

IEEE T rans. on Neural Networks, vol.8, no.3, pp. 553-567

J.Espinosa, J. Vandewalle : "Predictive Control Using Fuzzy Models" ; 3rd. On-Line World Conf. on So ft

Co mputing in Engineering Design and Manufacturing.

8. Known properties:

column 1: time-steps column 2: input q column 3: output Ca column 4: output T

D011: Model of a steam generator (9600 samples; 4 inputs, 4 outputs)

1. Contributed by:

Jairo Espinosa

ESAT -SIST A KULE UVEN

Kardinaal Mercierlaan 94, B-3001 Heverlee, Belgium jairo.espinosa@esat.kuleuven.ac.be

2. Description:

T he data comes fro ma model of a SteamGenerator at Abbott Po wer Plant in Champaign I L.

T he model is described in the paper of Pellegrineti [1].

3. Sa mplingtime: 3 sec

4. Number of sa mples: 9600

5. Inputs:

u1: fuel, scaled 0-1 u2: air, scaled 0-1 u3: reference level, inches u4: disturbance defined by the load level

6. Outputs:

y1: drumpressure, PSI y2: excess oxygen in exhaust gases, % y3: level of water in the drum y4: steamflo w, Kg./s

7. References:

G. Pellegrinetti, J. Benstman : "Nonlinear Control Oriented Boiler Modeling -A Benchmark Problem for

Controller Design" ; IEEE T rans. Control Systems T ech., vol.4, no.1, Jan.1996

J. Espinosa, J. Vandewalle : "Predictive Control Using Fuzzy Models Applied to a Steam Generating Unit" ;

FLINS 98 3rd. International Workshop on Fuzzy Logic Systems and Intelligent T echnologies for Nuclear

Science and Industr y

8. Known properties:

T o make possible the open loop identificatio n the water level was stabilized b yappliying to the water flo w input a feedfor ward action proportional to the steamflo wwith value 0.0403 and a PI action with values

Kp=0.258 T i=1.1026e-4 the reference of this controller is the inp ut u3.

column 1: time-steps column 2: inp ut fuel column 3: input air column 4: input level ref.

column 5: input disturbance column 6: output drum pressure column 7: output excess o xygen column 8: output water level column 9: output steamflo w

D101: Ball-and-beam setup at SISTA (1000 samples; 1 input, 1 output)

1. Contributed by:

Peter Van Overschee

K.U.Leuven - ESAT - SIST A

K. Mercierlaan 94, 3001 Heverlee, Belgium

Peter.Vanoverschee@esat. kuleuven.ac.be

2. Process/Description:

Data of a the ball and beampracticum at ESAT -SIST A.

3. Sa mpling time: 0.1 sec.

4. Number of sa mples: 1000

5. Inputs:

a. angle of the beam

6. Outputs:

a. position of the ball

7. References:

P. Van Overschee : "Subspace identification: Theory, Implementation, Application" ; Ph. D. Thesis,

K.U.Leuven, Februar y1995, pp. 200-206

8. Known properties/peculiarities

9. So me M ATLAB-code to retrieve the data

!gunzip ballbeam.dat.Z load ballbeam.dat

U=ballbeam(:,1);

Y=ballbeam(:,2);

D102: Laboratory setup acting like a hair dryer (1000 samples; 1 input, 1 output )

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Description:

Laboratorysetup acting like a hair dryer. Air is fanned through a tube and heated at the inlet. T he air temperature is measured b ya ther mocouple at the output. T he input is the voltage over the heating device (a mesh o f resistor wires).

3. Sa mpling time:

4. Number of sa mples: 1000

5. Inputs:

u: voltage of the heating device

6.Outputs:

y: output air temperature

7. References:

L. Ljung : "System identification - Theory for the User" ; Prentice Hall, Engle wood Cliffs, NJ, 1987.

L. Ljung : "System Identification Toolbox. For Use with Matlab" ; T he Mathwor ks Inc., Mass., USA., 1991.

8. Known properties:

column 1: inp ut u column 2: output y

D103: CD-player arm (2048 samples; 1 input, 1 output)

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Description:

Data fro mthe mechanical construction of a CD player ar m. T he inputs are the forces of the mechanical actuators while the o utputs are related to the tracking accuracy o f the ar m. T he data was measured in closed loop, and then through a two -step procedure converted to open loop equivalent data

T he inputs are highlycolored.

We are grateful to R. de Callafon o f the Mechanical Engineering Systems and Co ntrol group of Delft, who provided us with these data.

3. Sa mpling time:

4. Number of sa mples: 2048

5. Inputs:

u: forces of the mechanical actuators

6. Outputs:

y: tracking accuracyo f the ar m

7. References:

P. Van Den Hof, R.J.P. Schrama : "An Indirect Method for Transfer Function Estimation From Closed Loop

Data" ; Auto matica, vol. 29, no. 6, pp. 1523-1527, 1993.

8. Known properties:

column 1: inp ut u1 column 2: input u2 column 1: output y1 column 2: output y2

D104: Wing flutter dat a (1024 samples; 1 input, 1 output)

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Description:

Wing flutter data. Due to industrial secrecy agreements we are not allo wed to reveal more details. I mportant to kno w is that the inp ut is highlycolored.

3. Sa mpling time:

4. Number of sa mples: 1024

5. Inputs:

u:

6. Outputs:

y:

7. References:

E. Feron, M. Brenner, J. Paduano, A. T urevskiy : "Time-frequency analysis for transfer function estimation and application to flutter clearance" ; AIAA J. on Guidance, Control & Dynamics, vol. 21, no. 3, pp. 375-

382, May-June, 1998.

8. Known properties:

column 1: inp ut u column 2: output y

D105: Flexible robot arm (1024 samples; 1 input, 1 output)

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Description:

Data fro ma flexible robot arm. T he armis installed on an electrical motor. We have modeled the transfer functio n fro mthe measured reaction torque of the structure on the ground to the acceleration of the flexible ar m. T he applied input is a periodic sine sweep.

We are grateful to Hendrik Van Brussel and Jan Swever s of the laboratoryof Production Manufacturing and

Auto mation of the Katholieke Universiteit Leuven, who provided us with these data, which were obtained in the framewor k of the Belgian Programme on Inter university Attraction Poles (IUAP-nr.50) initiated b y the Belgian State - Prime Minister’s Office - Science PolicyProgramming.

3. Sa mpling time:

4. Number of sa mples: 1024

5. Inputs:

u: reaction torque of the structure

6. Outputs:

y: accelaration of the flexible ar m

7. References:

8. Known Properties:

column 1: input u column 2: output y

D106: Experiment on a Steel Subframe Flexible structure (8523 samples; 2 inputs, 28 outputs)

1. Contributed by:

Maher ABDELGHANI

IRISA-INRI A

Campus de Beaulieu

35042 Rennes cedex, FRANCE

Maher.Abdelghani@irisa. fr

2. Description:

Experiment o n a Steel Subframe Flexible str ucture perfor med at LMS-Internatio nal, Leuven-Belgium.

- Structure suspended with flexible rubber bands.

- 2 shakers at 2 locations were used for force input signals.

- 28 accelerometers around the str ucture were used for measurements.

-T he 30 channels were simultaneouslymeasured using the LMS-CadaX Data Acq uisition Module.

3. Sa mpling time: 1/1024 s

4. Number of sa mples: 8523 samples/channel

5. Inputs:

u1= white noise force u2= white noise force.

6. Outputs:

28 outputs: accelerations

7. References:

M.Abdelghani, M.Basseville, A.Benveniste : "In-Operation Damage Monitoring and Diagnosis of Vibrating

Structures, with Application to Offshore Structures and Rotating Machinery" ; IMAC-XV Feb.3-6, 1997, Fl.

USA.

M.Abdelghani, C.T .Chou, M. Verhaegen : "Using Subspace Methods for the Identification and Modal

Analysis of Structures" ; IMAC-XV, Feb.3-6, 1997, Fl. USA.

8 Known properties:

frequencyrange: 10-512 Hz.

column1= inp ut1 (u1) column2=inp ut2 (u2) columns3 --30: outputs 1 -28

D201: Cutaneous potential recor dings of a pregnant woman (2500 samples; 8 outputs)

1. Contributed by:

Lieven De Lathauwer

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium lieven.delathau wer@esat.kuleuven.ac.be

2. Description:

cutaneous potential recordings of a pregnant wo man (8 channels)

3. Sa mpling time: 5 sec

4. Number of sa mples: 2500 x 8

5. Inputs:

6. Outputs:

1-5: abdominal

6,7,8: thoracic

7. References:

Dirk Callaerts : "Signal Separation Methods based on Singular Value Decomposition and their Application to the Real-Time Extraction of the Fetal Electrocardiogram from Cutaneous Recordings" ; Ph.D. T hesis,

K.U.Leuven - E.E. Dept., Dec. 1989.

L. De Lathauwer, B. De Moor,J. Vandewalle : "Fetal Electrocardiogram Extraction by Source Subspace

Separation" ; Proc. IEEE SP / AT HOS Workshop on HOS, June 12-14, 1995, Girona, Spain, pp. 134-138.

Jean-Francois Cardoso : "Multidimensional independent component analysis" ; Proc. ICASSP ’98. Seattle,

1998. Available on the net: ftp://sig.enst. fr/pub/jfc/Papers/icassp98.ps More details:

http://sig.enst. fr/~cardoso/RRicassp98.html Ho mepage author: http://sig.enst. fr/~cardoso/stuff.html

8. Known properties:

column 1: time-steps column 2-9: observations

D202: Tongue displacement shapes occuring in the pronunciation of english vowels

1. Contributed by:

Lieven De Lathauwer

K.U.Leuven, E.E. Dept.- ESAT

K. Mercierlaan 94, B-3001 Leuven (Heverlee), Belgium

Lieven.DeLathau wer@esat.kuleuven.ac.be

2. Description:

T he dataset is a real-valued (5x10x13)-array; basically, it was obtained as follo ws. High-quality audio recordings and cine-fluorograms were made of five E nglish-speaking test persons while saying sentences o f the for m‘‘Sayh({\emvo wel})d again’’ (substitution: ‘‘heed, hid, hayed, head, had, hod, hawed, hoed, hood, who ’d’’). For each of these 10 vo wels an acoustic reference mo ment was defined and the corresponding 5

(corresponding to the different speakers) frames in the film located. Next, speaker -dependent reference grids, taking into account the anato myo f each test person, were defined and superimposed on the remaining x-ray images. T he grids consisted of 13 equidistant lines, in the regio n fro mepiglottis to tongue tip, more or less perpendicular to the midline of the vocal tract. T he arrayentries no wco nsist of the distance along the grid lines between the surface of the tongue and the harder upper surface of the vocal tract. T he values are given in centimeters and have been measured to the nearest 0.5 mm. For a more extensive description of the experiment, we refer to [1].

3. Sa mpling time:

4. Number of sa mples:

5. Inputs:

6. Outputs:

x: speakers y: vo wels z: positions

7. References:

R. Harshman, P. Ladefoged, L. Goldstein : "Factor Analysis of Tongue Shapes’’ ; J. Acoust. Soc. Am., Vol.

62, No. 3, Sept. 1977, pp. 693-707.

L. De Lathauwer : "Signal Processing based on Multilinear Algebra" ; Ph.D. T hesis, K.U.Leuven, E.E.

Dept., Sept. 1997.

8. Properties:

column 1: (speaker number - 1) x 10 + vo wel number columns 2-14: displacement values

D301: Simulation of the western basin of Lake Erie (57 samples; 5 inputs. 2 outputs)

1. Contributed by:

Peter Van Overschee

K.U.Leuven - ESAT - SIST A

K. Mercierlaan 94, 3001 Heverlee, Belgium

Peter.Vanoverschee@esat. kuleuven.ac.be

2. Process/Description:

Data of a simulation (not real !) related to the related to the identification of the wester n basin of Lake Erie.

T he series consists of 4 series:

U_erie, Y_erie: witho ut noise (original series)

U_erie_n10, Y_erie_n10: 10 percent additive white noise

U_erie_n20, Y_erie_n20: 20 percent additive white noise

U_erie_n30, Y_erie_n30: 30 percent additive white noise

3. Sa mpling time: 1 month

4. Number of sa mples: 57 samples

5. Inputs:

a. water temperature b. water cond uctivity c. water alkalinity d. NO3 e. total hardness

6. Outputs:

a. dissolved oxigen b. algae

7. References:

R.P. Guidorzi, M.P. Losito, T . Muratori : "On the last eigenvalue test in the structural identification of linear multivariable systems" ; Proc. Vth European Meeting on Cybernetics and Systems Research, Vienna, April

1980.

8. Known properties/peculiarities

T he considered period runs fro mmarch 1968 till november 1972.

9. So me M ATLAB-code to retrieve the data

!guzip erie.dat.Z load erie.dat

U=erie(:,1:20);

Y=erie(:,21:28);

U_erie=U(:,1:5);

U_erie_n10=U(:,6:10);

U_erie_n20=U(:,11:15);

U_erie_n30=U(:,16:20);

Y_erie=Y(:,1:2);

Y_erie_n10=Y(:,3:4);

Y_erie_n20=Y(:,5:6);

Y_erie_n30=Y(:,7:8);

D401: Heat flow density through a two layer wall (1680 samples; 2 inputs, 1 output)

1. Contributed by:

Wouter Favoreel

KULeuven

Departement Electrotechniek ESAT /SIST A

Kardinaal Mercierlaan 94, B-3001 Leuven, Belgium

2. Description:

Heat flo w densitythrough a two layer wall (brick and insulatio n layer). T he inputs are the internal and external temperature of the wall. T he output is the heat flo wdensity through the wall.

3. Sa mpling time:

4. Number of sa mples: 1680

5. Inputs:

u1: internal wall temperature u2: external wall temperature

6. Outputs:

y: heat flo w densitythrough the wall

7. References:

SystemIdentification Co mpetition, Benchmar k tests for estimatio n methods of ther mal characteristics of buildings and building co mponents. Organization: J. Bloem, Joint Research Centre, Ispra, Italy, 1994.

8. Properties:

column 1: input u1 column 2: input u2 column 3: output y

D402: Heating system (801 samples; 1 input, 1 output)

1. Contributed by:

Ro ySmith

Dept. of Electrical & Comp uter Engineering

Universityo f California,

Santa Barbara, CA 93106, U.S.A.

roy@ece.ucsb.edu

2. Process/Description:

T he experiment is a simp le SISO heating system. T he inp ut drives a 300 Watt Halogen lamp, suspended several inches above a thin steel plate. T he output is a ther mocouple measurement taken fro mthe back o f the plate.

3. Sa mpling interval: 2.0 seconds

4. Number of sa mples: 801

5. Inputs:

u: inp ut drive voltage

6. Outputs:

y: temperature (deg. C)

7. References:

Geir Dullerud & Ro ySmith : "Sampled Data Model Validation: an Algorithm and Experimental

Application" ; Intern. Journal of Robust and Nonlinear Control, vol. 6, no. 9-10, pp. 1065-1078, 1996.

8. Known properties/peculiarities

T he data (and nominal model) is the above paper have the output expressed in 10’s deg. C. T his has been rescaled to the original units of deg. C. in the DaISy data set. T here is also a -1 volt offset in u in the data sho wn plotted in the original paper. T his has been remo ved in the DaISydataset. T he data sho ws evidence of discrepancies. One of the issues studied in the above paper is the size o f these discrepancies - measured in this case in ter ms of the normo f the smallest perturbation required to account for the difference between the no minal model and the data. T he steadystate input (prior to the start of the experiment) is u = 6.0 Volts.

D501: Simulator of in-vivo MRS signals

1. Contributed by:

L. Vanhamme

KUL, ESAT /SIST A

Kard. Mercierlaan 94, 3001 Heverlee, Belgie leentje.vanhamme@esat.kuleuven.ac.be

2. Process/Description:

T his simulation signal is derived fro ma typical in-vivo 31P spectrum measured in the human brain and consists of 11 exponentials. T he 31P peaks fro mbrain tissue, phosp ho mo noesters, inorganic p hosphate, phosphodiesters, phosphocreatine, Gamma-AT P, Alpha-AT P and Beta-AT P are present in this simulatio n signal.

3. Sa mpling time: 0.333 msec.

4. Number of sa mples ; the user can choose. T ypical values ho wever range fro m256 to 1024.

5. Inputs:

6. Outputs:

7. References:

L. Vanhamme, A. van den Boogaart, S. Van Huffel : "Fast and accurate parameter estimation of noisy complex exponentials with use of prior knowledge" ; Proc. EUSIPCO-96, Sept. 10-13, 1996, T rieste, Italy.

L. Vanhamme, A. van den Boogaart, S. Van Huffel : "Improved Method for Accurate and Efficient

Quantification of MRS Data with Use of Prior Knowledge" ; Januar y1997, Journal of Magnetic Reso nance;

also ESAT /SIST A report 97-02.

8. Known properties

9. So me M ATLAB-code to retrieve the data

T he user can of course change the number of data point used to constr uct the data. He can als add noise with anydesired standard deviation as described in the . mfile.

D601: One hour of internet traffic between Lawrence Berkeley Laboratory and the rest of the world (99999 samples; 1 output)

1. Contributed by:

Katrien De Cock

K.U.Leuven, ESAT -SIST A

Kardinaal Mercierlaan 94, 3001 Heverlee, Belgium decock@esat. kuleuven.ac.be

2. Description:

one hour of internet traffic between the Lawrence Berkeley Laboratoryand the r est of the world

3. Sa mpling time:

4. Number of sa mples : 99999

5. Inputs:

6. Output: number of packets per time unit

7. References:

Katrien De Cock, Bart De Moor : "Identification of the first order parameters of a circulant modulated

Poisson process" ; Proc. of the Intern. Conf. on T elecommunication (ICT ’98)

V. Paxson, S. Flo yd : "Wide-area traffic: The failure of Poisson modeling" ; IEEE/ACM T rans. on

Networ king, 1995

8. Known properties:

column 1: time-steps column 2: output y