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DynamicDynamic SystemsSystems IdentificationIdentification
Part 1 Part 1 -- LinearLinear systemssystems

Reference:

J. Sjöberg et al. (1995):Non-linear Black-Box Modeling in System Identification: a
Unified Overview, Automatica, Vol. 31, 12, Sections 1 and 3.1.
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IdentificationIdentification ofof dynamicdynamic systemssystems

ll experimentalexperimental modellingmodelling ofof dynamicdynamic systemssystems
ll BasicBasic rulerule::

Do notDo not estimate what you alreadyestimate what you already knowknow!!
ll reresultssults ofof researchresearch andand engineeringengineering practicepractice
ll white box model, grey box modelwhite box model, grey box model,, black box black box 

modelmodel
ll availableavailable literaturliteraturee andand softwaresoftware
ll blackblack boxbox linearlinear modelsmodels: : linearlinear systemssystems

identificationidentification ((LjungLjung, , IsermannIsermann, , etcetc..))
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StatiStatic / c / dynamicdynamic modelmodel

model

input output

•Static model

•Dynamic model
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LinearLinear regressionregression forfor dynamicdynamic
systemssystems

=y

y(k)=y(k)= --aa11y(ky(k--1)1)--aa22y(ky(k--2) . . . 2) . . . --aannyy(k(k--n) +bn) +b11u(ku(k--1) +b1) +b22u(ku(k--2)2)…… ++bbmmuu(k(k--m)m)

y(k)=y(k)= [[--y(ky(k--1) 1) --y(ky(k--2) 2) …… --y(ky(k--n) u(kn) u(k--1) u(k1) u(k--2)2)……u(ku(k--m)m)]] [[a1 a2 a1 a2 …… anan b1 b2b1 b2…… bmbm]]TT
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AutoregressiveAutoregressive model model withwith exogenousexogenous
inputsinputs (ARX)(ARX)

ll filtfilteeriringng
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DDivisionivision ofof identificationidentification methodsmethods

ll classclass ofof mathematicalmathematical modelsmodels
ll nnonparametriconparametric modelsmodels
ll parametriparametricc modelmodelss

ll classclass ofof used used signalssignals
ll continuouscontinuous, , discretediscrete
ll deterministideterministicc, , randomrandom, , 

psepseuudodorandomrandom
ll errorerror betweenbetween thethe systemandsystemand itsits

modelmodel
ll inputinput errorerror
ll outputoutput errorerror
ll generalisedgeneralised errorerror

ll concurrencyconcurrency

ll offlineoffline

ll onlineonline

ll datadata processingprocessing

ll nnonrecursiveonrecursive

ll diredirecctt

ll iterativiterativee

ll rereccururssiveive

ll model model structurestructure

ll linear modellinear modelss

ll nonlinearnonlinear modelmodelss
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NNonparametriconparametric modelmodelss

ll mostlymostly linear modellinear modelss

ll II //OO characteristicscharacteristics as as numericnumeric tablestables or or curvescurves
ll frefrequencyquency responsesresponses (Bode diagram(Bode diagramss))

ll impulseimpulse responseresponse, , step step responseresponse

ll FourierFourier analysisanalysis, anal, analysisysis ofof frequencyfrequency responseresponse, , ccororrrelaelationtion
analysisanalysis, , spespecctraltral analanalysisysis
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ParametriParametricc modelmodelss

ll linear linear andand nnonlinearonlinear modelmodelss

ll modelmodels s withwith explicitexplicit parametersparameters
ll difdiffferenerentialtial eequationsquations

ll difdiffferencerencee eequationsquations

ll transfer transfer functionsfunctions

ll statestate--spacespace functionsfunctions

ll model model structurestructure::
ll systemsystem orderorder

ll regressorsregressors
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Input
signal

Process

Model

Calculation 
of residuals

Optimisation
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OnOn--line model line model fittingfitting
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Data
file

Model

Calculation
of residuals
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Input
signal

Process

Model

Optimisation
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OutputOutput errorerror modelmodel
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InputInput errorerror modelmodel

Data
file

Inverse
model

Optimisation

ûy

u

Time
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EquationEquation errorerror modelmodel

Data
file

Model 1

Optimisation

y

u
Time Model 2

ε
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MetMethodshods forfor parametricparametric modelsmodels
identificationidentification (System Identification Toolbox)(System Identification Toolbox)

ll linear slinear syystemstemss

ll FIR (A=F=D=1,C=0)FIR (A=F=D=1,C=0)
ll ARX (F=C=D=1)ARX (F=C=D=1)

ll OE (A=C=D=1)OE (A=C=D=1) REGRESSORS!REGRESSORS!
ll ARMAX (F=D=1)ARMAX (F=D=1)
ll BJ (A=1)BJ (A=1)
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ll AutoregressiveAutoregressive model model withwith exogenousexogenous inputsinputs (ARX)(ARX)
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ll Autoregressive moving average model with exogenous inputs model Autoregressive moving average model with exogenous inputs model 
(ARMAX)(ARMAX)
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ll OutputOutput errorerror model (OE)model (OE)
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WhatWhat are are wewe doingdoing in in identificationidentification??
ll ExampleExample: : thethe firstfirst orderorder dynamicdynamic systemsystem

ll 1st 1st orderorder
ll RegressorsRegressors: y(k: y(k--1),u(k1),u(k--1)1)
ll y(k)=y(k)= --aa11y(ky(k--1) +b1) +b11u(ku(k--1)1)

ll ��y(2)y(2)�� ��--y(1) u(1) y(1) u(1) �� ��aa1 1 �� y�Ψθθθθ
��y(3)  y(3)  ��=  =  ��--y(2) u(2)  y(2) u(2)  ����bb11 ��

...                 ...          ...                 ...          
ll OrderOrder ofof rowsrows andand columnscolumns cancan bebe changedchanged!!!!
ll OptimalOptimal solutionsolution byby leastleast squaressquares costcost functionfunction

θθθθ��Ψ�Ψ���Ψ��y
ll ParametersParameters are are optimaloptimal forfor oneone--stepstep--aheadahead predictionprediction, , validationvalidation is done is done withwith

simulationsimulation ((multimulti--stepstep--aheadahead predictionprediction).).
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Predstavitve podatkovPredstavitve podatkov
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ModelModel
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