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The origins of system identification

¥The early work in system identification was developed by the
statistics and time series communities

¥It has its roots in the work of Gauss (1809) and Fisher
(1912) and the theory of stochastic processes

¥See Deistler (2002) for an excellent survey




The origins of model-based control

1960: KalmanOs key papers - start of the state-space era
(Kalman:1960a,b)

X 41 AX ¢+ + Bu 4
Yt CX¢

¥Development of a model-based theory for prediction,
filtering and control

¥Kalman filter replaces Wiener filter

¥Pole placement and LQG control

¥Applications initially in areas where good models are
available (aerospace, mechanical, electrical systems)

Growing pressure to apply these modern technigues to
areas where models are not available from physics
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ldentification In the engineering world:
The two milestone papers of 1965

¥ Ho and Kalman (1965), "Effective construction of linear state-

variable models from input-output dataORegelungstechnik, Vol.
12, pp. 945-548.

Gave birth to realization theory = subspace identification

¥ Astrsm and Bohlin (1965), "Numerical identification of linear
dynamic systems from normal operating recordsOProc. IFAC
Symp on Self Adaptive Systems, Teddington, UK.

Gave birth to Prediction Error Identification (PEI)




Realization theory

+RZ WR JR IURPpDQWH GH\RAULD YW.\RBP

H(z)= oy Hez'*

WRpPpMLWH GHVFULSWLRQ
H(z)= C(zI'! A) 'B
{Hi,H,Hs,...} =" {AB,C } ZLWX# R™¥" B # R¥™ C # RP¥ "

7ZR DVSHFWYV
bQG WKH OFOLOODBA (6] Udiim AR |
bQG WKH SDUDRHBYHUV RI




Key tool: the Hankel matrix

If the McMillan degree of H(z2) is n, then

1. rank H =n

2. 3A,B,C suchthat H, = CA*~!'B with A e R"*", B € R"X™ ,C € RPX"




Stochastic realization theory (1970-1975)
(Akaike, 1974)

Combines realization theory and innovations theory

*LYHQ WKH FRYDULD hHRY,RT X HOQFIHD |HUR PHDQ VWRFKD
FH\V:} Z KRkW B{y:y;_,} pQG D PLQLPDO ODUNRYLDQ UHS

{yt}
#
= AXi+ K g

Yt = CXi+ g

ZKHYHV D ]JHUR PHDQ ZKLWH QRLVH VHTXHQFH L H pQG
{AK,C } ZLWIK dim (A) PLQLPDO VXFK WKDW WKH FRYDULD(¢
LV H[DRWO\

6ROXWLRQ EDVHG RQ WKH +DQNHO RPWUL[ IRUPHG IURTF

Basis for subspace identification, developed much later




ARMAX, Likelihood function and the
Prediction Error framework

Astrom and Bohlin (1965)

e Input-output formulation : the ARMAX model structure
A(z' Dy =B (z' Huy +XC(z' Ve, {et}:iid.
e Prediction errors {&}: C(z' Vet =A(z' V)y:! B(z' Y)uy

e Likelihood function for a Gaussian p.d.f.:

L(0) = —253(9) N O RN+ constant

PDIL () # P!L%Z $(6) = PLQ (6)
A% =

6= DU J PVR(). N—vN (0)

e # adoptV (0) = %Zl\'zl eZ(0) as a reasonable criterion even in the ab-
sence of a known probability function: Prediction Error framework; origi-
nally suggested by Gauss (1809): see Astrom (1980).
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State of the art around 1975

e Two fundamentally different approaches:

- State-space model: by Hankel matrix factorization. Projection
methods. Easy but not optimal. No need for parametrization.

- 1/0O model : by minimization of PE criterion. Slower but opti-

mal. Requires choice of model structure. Allows characterization of
variance errors through Fisher information matrix.

e After 1975 the parametric (prediction error) approach took over the field.

e Main driving forces behind the success of PE methods: Lennart Ljung, and
software development (with increased computation speed)

e Hankel matrix approach re-emerged after 1990: subspace state-space
methods.
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Prediction Error Identification in one slide

True system S : y; = Go(2)u; + Ho(2)e;

Vi
Model set M : y; = G(z,0)u; + H(z,0)¢;
Model ! predictor: g 1(0) = H' '(2,0)G(z,0)u; + (1" H' (z,0))y;

Prediction error: e (0) =y " i1 1(0)

Criterion Vy (8, ZN ) = = 31L& (0)]]

The parameter estimate: 8y = arg min,- 5, Vy (0, ZN)
Transfer function estimates: G(z,0xn ), H(z, 0\ )

I #0, : G(Z, 00) = G()(Z) and H(Z, 90) = HQ(Z), then:

’ Ny " 60) "% N(0,P)




Prior
information

Objective

&KRLFH RI PF
VW U X WX U H

!

Selection of a particular

model by minimization
of a criterion Vy (!1,ZN)

On = arg min Vn(0, ZN)

A4

Validation of a

selected model

Yes
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Key new concept:

identification

as a design problem (1986)

(Gevers&Ljung,1986; Wahlberg&Ljung,1986)

Basic observation:
every model is at best an approximation of the exact system

——> |t contains err

Two aspects:

¥ Model structure anc
application of the moc

OrS

criterion should be tuned towards the
el

¥ Experiment should be tuned towards the criterion

Prediction Error Identification is well suited to this design view




Example

KHQ D V\VWH#P Go(z)uy + vy LV PRGHOHG E\ D PRGHO
yi= G(z,)uy+"t WKH 3(FULWHULRQ PLQLPL]HYV
|

Oy ! argminV (!) = R "|G(ej",!)" Go(e ") |7 ®,($) + <I>V($)#d$

2#

=# ,1| WKH DSSOLFDWLRQ LV WR KDYH D JRRG PRGHO LQ D
D EDQGSDVW @OWHMIKHQ RSHQ ORRS LGHQWLPFDWLRQ ZLV
d,($)= |W(e")]?®,($) ZLOO PHHW WKDW REMHFWLYH




¥Both approaches have been developed:

*~ Parametric Prediction Error approach

1965 - 2011: what have we accomplished?

* Non-parametric state-space (subspace) approach

¥A frequency domain approach has been developed, showing

aC

vantages of periodic excitation

v

"heory Is for the most part well understood

¥Field of applications have been enormously widened

¥Model Predictive Control has become the standard for most
control applications

¥Some progress in nonlinear system identification




Bottlenecks and limitations

¥Modeling and identification is still the most costly part of any
advanced control design

¥Model building accounts for 50% to 75% of total cost in an
advanced control project

¥Major bottleneck: search for the best model structure
¥Prediction error criterion is non-convex: problem of local minima
¥ldentification of MIMO systems is still a difficult task

¥Nonlinear identification is still in its infancy

¥ldentification of structured systems (e.g. distributed and
networked control systems)




Process Systems Engineering Imperial m

London

A framework for multi-parametric
programming & MPC (ristikopoulos 2008, 2009)

Modelling/ ‘High-Fidelity’
Simulation Dynamic Model

Identification/

Approximation :
System ldentification Model Rgduchon
Techniques

‘Approximate Model’

Model-Based Control Multi-Parametric
& Validation Programming (POP)

Extraction of
Parametric Controllers

u=u(xmw)
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Key stumbling block in PE identification:
choice of model structure

Prior info Objective

&KRLFH RI PF
VW UXRAWXU H

!

Selection of a particular
model by minimization
of a criterion Vy (1,ZN)

On = arg min Va(6, ZN)
v

Validation
of the model

Yes

21




lllustration (courtesy Pintelon, Schoukens, Ljung)

7000 data are generated by a CtrueE BJ system:

0.0947 + 0 .2463z' 1 +0 .0947z' 2 1+0 776z' 1 .
1& 0.1584z' 1

Ui +

Yt 718 053762' L+0.73572' 2

Apply the standard procedure of the Matlab Sl toolbox:
¥Split data set into two (estimation and validation data set)
¥Estimate delay: d=0
¥lInitial guess with N4SID: yields state-space model m3 of order 3
¥Compare with state-space models of order 1 and 2: m1 and m2
¥Fits on validated data:

= ml: 57.6 % fit

= m2: 86.1 % fit

= m3: 87.1 % fit




Analysis of model m3:

Correlation function of residuals. Outputyl  Cross corr. function between input u1 and residuals from output y1
1 - - 0.1

0.05¢
0 o %C% %@ﬁﬁ @

AT

0.5¢

0
lag

Poles and zeros of & and M

®




Conclusion of the analysis

¥Common poles and zeros in /O and noise model
¥Eliminate common poles and zeroes and try BJ model of order 2

¥This yields an estimated model with fit 87.2%

0.0902 + 0.24932' ' + 0.0912%' ° 1+ 0.97262' 1
yt — I 1 ) ut _I_ | 1 et
1& 0.53772' 1 4 0.73572' 1& 0.1579z'

Correlation function of residuals. Output y1  Cross corr. function between input ul and residuals from output y1

1¢ ' ' 0.05

¢

I %@M ol
M@éﬁjf -7

(\UOOH(.)(.)UOW(\H(.\I . ~Q % %Jiﬁ

-40 -20 0 20
lag
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Major goal of present research:
reducing the cost of the identification

What Is the cost of modeling and identification ?

1. Man-hour costs

=== Reduce human intervention, particularly expert
Intervention. User-friendly identification.

2. Cost of the experiment

=== Reduce experiment time and performance
degradation during data collection.

Optimal experiment design.
3. Cost of estimating useless system properties
=== (Cost of complexity.
Application-oriented experiment design
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Steps towards user-friendly identification

Main idea:

¥first compute a nonparametric estimate of the
system and noise distribution

¥use these as a starting point for more efficient
parametric PE identification

Two possible strategies:

¥state-space subspace identification
* CVA (Larimore)

* N4SID (Van Overschee and De Moor)
* MOESP (Verhaegen)

¥nonparametric frequency domain identification
(VUB group: Pintelon, Schoukens, Rolain, Vandersteen, et al.)




Key step In the subspace methods

¥An estimate of the Hankel matrix of impulse responses is
obtained from 1/O data.

¥Recall the basic tool y(t)= > 72, Hyx u(t! k)

% %
H, Hs Ha

Hs Hs4 Hs
Hs Hs Hg

¥Perform an SVD of the Hankel matrix
¥Truncate by deleting all singular values below some threshold
¥This fixes the order of the state space system, i.e. size of A

¥A second LS step is needed to compute the remaining matrices




Estimation of the Frequency Response Function G(el')

Time versus frequency domain identification

6\WWHP DQG QRLVH PRGHO

y(t) = Go(z)u(t) + v(t) = Go(z)u(t)+ Ho(z)e(t)

/(LPH GRPDLQ 3( FULWHULRRQ
$ N

e ()= 27N H-L(z Dyt " G(z, )u(t)]

JUHTXHQF\ GRPDLQ 3( FULWHULRQ
L ® _wy H7RHK DY (K) " Gk, UK
ZKHWGKkK, )= G(el?2™/ Ny H(k,1)= H(e?*'N)y DQG

Y7 RIX(t)




Precise frequency domain formulation
JRU D pQLWH IIHFERNG-1

y(t) = Go(q)u(t) + ta(t)+ Ho(a)e(t) + ta(t).

JUHTXHQF\ GRPDLQ IRUPXODWLRQ

Y (K) = Go(! ©)U(k)+ Ta(! &)+ Ho(! ©)E(K)+ Ta(! &)

Go(! xk)U(K)+ Ho(! x)E(k)+ T(! &)
N—_——

OHDNDJH WHUP

JUHTXHQF\ GRPDLQ FULWHULRQ EHFRPHYV

Vn(0)= TN sy (HEHOIY (k) — Gu(0)U (k) — Tu(0)])

ZKHWGBKHEO) ! G(! £,0), He(0)! H( £, 0), Te(0)! T( &)




The Local Polynomial Method (LPM)
(VUB group: Schoukens, Pintelon, BarbZ, Rolain, Vandersteen)

Y (k)= Go(l )U(K)+ Ho(l )E(K)+  T(! k)
N——
OHDNDJH WHUP

2EVHUYDBGWILIIRPDQG(! k) DUH VPRRWK UDWLRQDO IXQF

R
Go(! k+r) " Go(' W)+ D gs(k)rs,

R
To(! ker) " To(l )+ ) ts(k)r®, IRU= =+

'HpQH
[ O 2 [Go(! k) 91(K) ... gr(K); To(! k) ta(k) ... tr(k)]' ]

'H FDQ HVWI,PBbWH N ITURP ORFDO PHDVXUHPHQWY\

{U(k! n) U((k+ n);, Y(k! n) Y (k+ n)}

RYHWRFDO IUHTXHQR\ XUZWEIRIR XIQ G

32



Benefits of the Local Polynomial Method (LPM)

t ((FHOOHQW QRQSDUDPHWWLF HVWLPDWH RI

+ 30XV QRQSDUDPHW U TEQH) VONQER M RE|H o( Q)|

+t BHTXLUHV QR H[SHUW XVHU LQWHUYHQWLRQ

+t %RWK DUH YHU\ XVHIXO VWDUWLQJ SRLQWYV IRU SD!
I G(2) JLYHV JRRG LGH®,(R) ORRWY OLNH
| &,(Q%) FDQ EH XVHG WR VLPSOLI\ WKH FUL®(I®U)RQ

ny N Y (K)=G (1)U (k) =T ()]
VN ( )_ Nle:—N?—Fl [ k‘bv (%) k ]

t 5LVN RI ORFDO PLQLPD ZLWK WKH ODWW H U FK R WNHJ
HW DO &'& (&&

t /30 KDV EHHQ IXUWKHU LPSURYHG WDNLQJ DFFRX(
0* 3LOWHORQ 6FKRXNHQV &'& (&&




Noise filter C/D (BJ)

0.2
Frequency

Noise filter C/D (BJ)

Amplitude (dB)

Frequency
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Least costly identification for robust control

Classical design:

Minimize a measure of the
uncertainty subject to constraints

Minimize the identification cost
subject to a required quality

Cheapest cost:

Can be the length of the experiment,
the applied signal energy, or the
perturbation cost.

Bombois, Scorletti, Gevers, Van den Hof, Hildebrand, 2004-2005;
Gevers, 2005




The dual approach to experiment design
lllustration with open loop design

Classical approach:

PLQ,)det(P) or
> subject to f!## "s(wdw" «

PLQ, () f!## Var{G(e " ,0y)}dw )

Dual approach:
( ffWVar{G(ejw,!ﬁN)} " $ or
min- () /7" u(")d" subject to <

T Var{C(G(e“,By)}" $

\




Application to least costly experiment design

e
Disturbance rejection problem 0_‘? Cig _é)_‘é,_,yt

1RUPDO RSHUDWLRQ
+

Ye = Go(zZ)ug+ vy
U= —C(2)y+

_ 1 _
<Yt T T e(2)Go(n) vt T S(z)Ve

'XULQJ LGHQWLPFDWLRQ DQ¢H[VF ID/GRSW
Y¢ = S(z)vgt GO(Z)__S(Z)V;

e = —C(2)S(2)Vve+ S(2)ry

ur

== 3HUIRUPDQFH GHIJUDGDWWRIQBRVW GXH WR
|

N
I 21 !!("y!yr"'"u!ur)d#

N II ]

E Fo

"y1Go(e " )S(e )2+ " yIS(e )Iz#! C(#) d#

VXEMH \A/—W—Rill(z) " #0$ D(Oy . P
mn
FII1+ C(G(0)) G(H)” ! (O 5 B)




But is it all worth the effort ?

lllustration with a typical process control application
(Barenthin, Jansson, Hjalmarsson, 2005)

* Goal of input design: reduce data collection time
* Compare two identification designs:

¥ PRBS input of length 3600 (10 hours)

¥ PRBS of length 300 to estimate an initial model, followed by optimal
input of length 500 based on that model

* Input design problem: min/ $,(! )d!
®,(1) J1

subject to

Go! G(#
T2 ()|" 0.1 #!', ##$ Us
G(#)

Us= {(#! #)TP,'(#! #0) " $(0.95)}




1000 Monte-Carlo runs

Two-step suboptimal design: 2h15 min
One-step with PRBS: 10 hours

to reach the same accuracy on average, i.e. about 96% of models obey the
Go! G(#)
G (#)

robustness constraint T

" 0.1 #!

magnitude (dB)

10° 102

frequency (rad/s)
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Basic concepts
(Hjalmarsson, ECC 09 plenary)

A. Waterbed effect - fundamental limitation 5RMDV :HOVK $JeH

For open loop identification:

N! y#)Var{G(e",$y)}d# =ng &2 J

'LVFXVVLRQ
t (QHUJ\ FRVW IRU RSHQ ORRSY, L /@QMWdbFDWLRQ L

t 5HTXLULQJ ORZ YDULDQFH HYHU\ZKHUH LV H[SHOQ
t &RVW LV SURSRUWLRQDO WR QXPEHU RI SDUDPH
t 7R JWAH{G(e" ,0y)}" L #w UHTXLNEN(t)] % vyneo2.

.. 02
P VXSVar{G(e" ,0)} % oo

! 'R QRW ZDVWH \RXU HQHUJ\ DW I UHTXHQFLHYV Z




B. Performance degradation and acceptable models
(Gevers & Ljung, 1986; Hjalmarsson, 2009)

t /HW EH WKH TXDQWLW\ RI LOQWHUHVW IRU WKH DS
fLWK WUXH WBWHR L WK IF(MP®R)G HSOV W XOH H S,

+t 3HUIRUPDQFH GHJUDGDWLRQLPHBWXM K W L D E O
Vapp(0) = [|[T(M (8)) — T(So)|| VXFK WILRH®) =0 .
f 6HW RI DFFHSWDERUPRIGHOSSOLFDWLRQ

! ;
[Dappé 0 : Vapp(0) < = v DFFXUD}\

Example 1: step response application
With true $; :

Ve (8) = 20N 1 (S0) %y ($)]2

Example 2: steady-state gain for FIR(n) system
# Vapp (1) = [0 1R X k]?




C. ldentification uncertainty set

f'"HPpQH LGHQWLpFDWLRQ FULWHULRQ DQG DVV
FVia (1) ! 2{E["(1)]? — #2} 1 R/ Wo) HO W K D
FVa (1) = =19)T1(g)(! —=!9) GHPQHYVY HOOLSVRLG

f:LWK SUREBBE{OGL®\ LGHQWLpPFDWLRQ XQFHUYV

[Did = {1 :NVig(!) <#20¢(n-)} ZKHWH= SDUDPH}\/Hl

1% (n) = (&+ 4/n)? = O(n)

D. Identification with minimal cost

In open loop: PLQ ~ NLu(#)d# VXFK WKDWD ap,

N, !y ( |




, OQWHUSURHVWIIWITRE R

Let V,,p(0) be three times differentiable. Then:

P 7V

Dapp " 0 : 4(8! 60)TV, (60)(6! 6)$ 1

(

N
Dia " 0: —— (0! 0)T1(6:)(0! 6y) $ 1
osx5,(Ne)

Therefore:

Dig " Dapp # [%}L&(ﬁg&%’wf@xi(ne)-‘é;p (6o) j

identification effort:
data length x information matrix




Application-oriented experiment design

Dig " Dapp #b [#r_é(gg&% '7°0'§°X(21(n9)°‘/;;)p (6o) J
7

identification effort:
data length x information matrix

If Va!:op (0p) is singular, of rank m<n -, then | (6y) can be singular

and x? (n-) replaced by x7 (m) = = identification cost is reduced.

Example: estimation of steady state gain of FIR(n) system

_ n! 1
Fyt = 2o 'kUp k + €

t 8RPSDUH ZKLWH QRINVWK §OMVIQWHK FRQVWDQ@W L QS

f:LWK FRQVWDQW LQSXW VDPH SUHFLW.IRRHYVOREW
HQHUJ\ H[ UHTXLUHG GDWIPIOWHYPIR QMU

6HH DOWRWHQVVRQ DQG +MnOP




Application-oriented experiment design

Dig " Dapp #b [ #f_é()zg&% 7-U§°X<2x(n9)°‘/a”pp (HO)J

Acceptable performance
set

~(2~ (D

|dentification uncertainty
set

Optimal experiment: make N.I (1) = " #2.$2(n-).V, (!o)

The two ellipsoids coincide.
Not always possible !




Conclusions

» System identification in engineering started 45 years ago
» Enormous progress has been accomplished
» It Is still the major task in any advanced control project
“* Major challenge today: reduce the cost of identification
¥ Make it more user friendly and data-driven
¥ Optimize the experiment: less time, less energy

¥ Tune the experiment towards the application: donOt waste !

“* Many research challenges remain, new ones have appeared:
¥ Structured systems
¥ Large distributed and network controlled systems
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