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OUTLINE I

Open loop system identification
-Data acquisition

-Model complexity

-Parameter estimation

-Validation
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Objective of system identification

(for control)

To extract from experimental data a dynamic model of the
plant which will allow to design a controllerin order to match
the control specifications
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System | dentification M ethodology l

|/0 Data Acquisition
under anExperimental Protocol

v

Model Complexity Estimation
(or Selection)

Choice of the Noise Modd
Parameter Estimation

v

Moded Validation

Control
Design
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|/O Data Acqusition .

/Signal :a P.R.B.Ssequence

Clock frequency : f

KLargest pulse: NpT,

Magnitude : few % of the input operating point
s =@/ D) T, p=1,2,3 (f, = sampling frequency)
Length: (2%*- 1) pT.; N = number of cels, T =1/ f.

~

/

Length : < allowed duration for the experiment
Largest pulse: 3 t. (risetime)
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Spectral density of a P.R.B.S.
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Data pre-processing l

The I/0O data files should be centered

The use of non centered data files can cause serious errors
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Complexity Estimation from 1/O Datal

Objective:
To get agood estimation of the model complexity (n,,n_,d)
directly from noisy data

n=max(n,,n, +d) [ﬁopt:mninCJ :mrgn[J(ﬁ)+S(ﬁ,N)]]

A

minimum

— CIn) complexity
—SEN) - penalty term

- J(M) < ororterm

(should be unbiased)

0 Nopt

To get a good order estimation, J should tend to the value for

noisy freedatawhen N ® ¥ (useof instrumental variables)
9
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Parameter Estimation'

Discretized plant
10 DAC + ye)
" oon [ Plant |~ ADC |+ .
P €
Adjustable Qt)
»| discrete-time
model
Estimated .. Parameter
model  d(t) = estimation [«
parameters algorithm

Parameter estimation alg.: < batch (non recursive)
recursive

It does not exists a unique algorithm providing good resultsin
all the situations encountered in practice
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Plant M odel '

“d 1 d-1p % (-1 u y
[G(q-l):q B(g™) _ g **B* (q) } e

A(g™) A(g™)

Al@)=1+aq +..+a q" =1+q A*(q")
B(9)=hg +..+b g™ =q"B*(q")

[ y(t+D =- A*(q)yt)+B* (g u(t- d)=q'y (t) }

qT :[al,...anA,bl ----- an]

y (1) =[- y(t)...- y(t- n,+1),u(t- d)..u(t- d- n +1)]

11
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Recursive Parameter Estimation M ethods '

Plant Model

y(t+2) =- A*(q7)y(t) +B* (g )u(t- d)=q'y (t)
q - parameter vector;y - measurement vector
Estimated model

§o(t+1) =g (O (1)

q - estimated parameter vector ;f - observation vector
Prediction error (a priori)

" (t+1) = y(t+1)- q' (t)F () = y(t+D)- 9°(t +1)
Parameter adaptation algorithm (P.A.A.)

q(t+21) =q(t) + F{t+)F (t)e°(t +1)
Frt+D)=1,t)F @)+ ,(F (t)F "(t)
O<I|,(t)EL; 0Ll ,(t)<2

F(t)=f[f ()] regressor vector
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Geometric interpretation of the PAA '

d(t+1):d(t)+|i(t+1)f (e’ (t +1) F=al (a>0)

| F> 0 Positive definite matrix

Adaptation gain

f(t)

~Ff (t)et+]); F=al

f (t)e () ;F>o

N

q(t)

One movesin the direction of the « gradient » with a deviation < 90°

13
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Alternative form for the parameter adaptation algorithm l

It can be shown (for F (t) =T (t)) that:

Ft+DF(t)e°(t+1) =F()F (t)1+ F?to)(TtI:_(?)F O =F@{)F (t)e(t+1)
R ySL-Ll) e°(t +1) a posteriori
e(t+) =y(t+1)- q(t+Df (t) :1+ FO FOF D prediction error

a(t+1) =q(t)+FOF (De(t+1)
Fi(t+]) =1 ()F )+ ,()F F () | Used mainly

for analysis
0<l () £1;0£1 () <2
_e(t+])
et = T F O FOFD

For F (t) 1f (t) one gets the same expression, but €°should be replaced
sometimes by a filtered version of the a priori prediction error
14
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Choice of the adaptation gain F(t) '

General form: FiE+D =1 0F @ +1,0f OFf 0
O<Il{t)£1; O£l ,(t)<2 ; F(0)>0

¢ u
Ft+D =-—= L gF(t)_ F(f (F ()" F(t) 3
1(t);) 14(t) O F ) (t)
e I 2(t)

A.l Decreasinggain: |1(t)=1,=1; |,()=1| t"FOLFH)\_

Minimizederiterion:  J(t) =4 [y(i)- 4(©)'F (i- D]’
| dentification of stationary systems (constant parameters)

15
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Choice of the adaptation gain '

Forgetting factor
A.2 Constant forgetting factor: lq(t) =11 ; 0<l{<1; I5()=1,=1

Typical valuesfor | ;: = O 95.,...,0.99
Minimized criterion:  J(t) = a | (D [y(l) qt)"f @ - 1)]
=1
| dentification of slowly time varyi ng systems

A.3 Variableforgetting factor: | 1(t) =l gl 1(t-D)+1-15 ; O<ly<1

o) =1,=1
Typical values: 1 ,(0)=0.95,..,099 ; |,=0.95,..,0.99
2
Minimized criterion : J@t) = a eOl (- ')ﬂy(') q(t)Tf (i- 1)
i=16j=1

Sincel ,(t) tendstowards 1 for largei, one forget the initial data

Recommended for the identification of stationary systems
Better performancein general than A.1
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Recursive L east Squares.

Plant Model

y(t+1) =- A*(q)yt)+B* (g )u(t- d)=q'y (t)
g - parameter vector;y - measurement vector
Estimated modée

g°(t+D) =q" (O)f (1)

g - estimated parameter vector ;f - observation vector

qT :[al,...anA,bl ..... an]

f @) =y () =[- y@t)...- yt- n,+1),ut- d)..ut- d- n +1)]

Regressor vector @ | Disturbance
—_ _ > P ,
F () =f )=y ) L= 40
Y q' |=—— (O PAA |-
: — /o T
Adjustable

g Predictor

17
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Effect of stochastic disturbances (noise measur ement) l

el dentification algorithms operates at low signal to noise ratio
(in order to disturb as little as possible a plant under operation)

*This often causes an error on estimated parameters called “ bias”
*The reason for the existence of many idendification algorithms

ISthat it does not exist an unique algorithm which gives unbiased
estimatesin all practical situations

18
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Biasin Least Squares Parameter Estimation l

In the presence of measurement noise the estimation of
parametersis “biased’ when using least squares algorithm

Plant output in the presence of noise:  y(t+1) =q'y (t) +w(t) =q'f (t) + w(t)

Bias for the least squares algorithm:

el Tu el
q(N) = q+?N f(t DF(t-1) i BN, f(t 1)W(t)tj

Condition for é . ;

mptotic _€e1'g? J .
ey | lm et 1 - dwou=Eff - dwn} = ¢)
estimation @ i=1 B . .

regressor (observation) vector noise

It is necessary that f (t-1)(the regressor) and w(t) be uncorrelated

For the least squaresthisimplies: w(t) = e(t) (white noise).
For all the other cases the estimated parameterswill be biased
19
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Unbiased estimation in the presence of noisel

Suppose : g =g and we want that the algorithm leaves unchanged this value
§(t+1a) =q’f (t) — e(t+1g)=y(t+D- 9(t+1q) =w(t+1)

Necessary condition for unbiased estimation:

. e et u
(") — limé=qf (t- Lg)e(t.q)a=Eff (t- Lq)e(t,.q)} =0
vovgN :
~ necessar
Todiminatethebias: | E{f t)e(t+1)}=0 for q°q Condition

One modifiesthe LS algorithmin order to obtain:

e(t+1) asawhitenoisefor: q =g
or:
uncorrelated f (t) and e(t+1) for: q =q

20
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Parameter Estimation Methodsl

|- Based on the asymptotic whitening of the prediction error
(Recursive Least Squares, Extended L east Squares, Recursive
Max. Likelihood, O.E. with Extended Prediction Model )

|1- Based on the asymyptotic decorrelation between the prediction
error and the observation vector
(Output Error, Instrumental Variable)

Remark:

One makes assumptions on the “ noise”
and
One constructs the appropriate algorithm

21
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«Plant + Noise » Models l

1

A
u(t) a9 B :(5 y(t) u(t) g9 B + % y(t)
+
+

— > A
A
(Recursive) Least Squares Extended Least Squares
O.E. with Extended Prediction Model

(Recursive) Maximum Likelihood

SL: A(gY) y(t) =g “B(q )u(t) + &(t) S3: A(gY)y(t) =g B(q'l)U(t())+ C(g™)e(t)
e(t
% of use: ~ 2% {0 % of use: ~ 64% é
A

S2: A y(®) =g “B(g)ut) + A(lgw(t)  SA:AQM)y(t) =q ‘B@Hu) +[1/C(gq™)et)

% of use: ~ 33% w(t % of Use: - 104 ¢e(t)
u®) [ qd g ¥ y(® ' 1
A + .
_ u® [ 4d g + % y()
u and w are independent —
A +

Ouput Error(O.E.)
Instrumental Variable... Generalized Least Squares ”
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Structure of recursive identification methods '

* Perturbation

u(t) y(t)

i PROCEDEW q(t+1) =q(t) + F(t +1)F (t)e°(t +1)

5 Ll _
ol YO e F— | PO EhOFO+FOFQ'
- PREDICTEUR(Y) : f 0<l(HEL;0£1,()<2; F(0)>0
~| AJUSTABLE |- — - - F(t-1)

(#)

at)
Characteristic elements:;

* predictor structure

» signalsused for the observation (f) and regressor vectors (F)
« dimension of the vector of estimated parameters ¢ and F

* generation of the prediction error (e)

« all usethe same parmeter adaption algorithm

Types of identification methods
1)  Based on the asymptotic whitening of the prediction error (€)
1)  Based on the asymptotic decorrelationof F and e
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Extended Least Square (ELS) '

|dea : Identification of the plant model and of the disturbance
(ARMAX) in order to obtain a white prediction error

Plant + disturbance (ARMAX):

y(t+1) = - g y(t) + bu(t) + cre(t) + et +1)
Optimal predictor (known parameters)

y(t+1) = - g y(t) + byu(t) + cre(t) wreplaces e(t) par e(t)
Predicition error (known parameters) : e(t+1) =y(t+1)- yt+1) =elt+1)
Adjustable predictor (unknown parameters):
§°(t+1) =- & (1) y® +bOu®) + & 0e® =a@)f ()  (@prior)
a®) =lam.em.cm] 5 O =[ yo.uw).e)
Yt +1) =- &, (t +D) y(t) + by (t +u(t) + &t +Det) =qt +)Tf (t)7 (aposteriori)
Regressor: F(t) =f (t)

I.D. Landau : A course on system identification in closed loop 3/Marie Curie Action TOK 3092
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Extended Least Square (ELS) '

Prediction error (unknown parameters)
e(t+1) = y(t+1)- §°(t+1) e+ =y(t+D)- J(t+D)
PAA: One uses (#)

Rem.: Thesizeof g and F grows with respect to the least squares
General case:

qt)" = [él(t)...énA,ﬁl(t)...BnB (), E1(8).. &, (1)
F)T =[- y(t)..- yt- ny+1),u(t- d)..u(t- d- ng +1),e(t)..e(t- ng +1)]

Properties
* g(t) tends asymptotically towards a white noise (unbiased parameter estimation
if in addition the input is persistently exciting)

.y . ae 0
« Sufficient convergence condition: éC 1_1 - |22: 2> 5,3 max| ,(t)
. :
Can explain the non convergence / ( N ) £ _
for some noise Strictly positive real transfer function (SPR)

See function: rels.sci(.m) on the book web site
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Strictly Positive Real Transfer Function (SRP) '

Aiw Im H

- A
® ==y
Continuous time - R H
S /

ReH<0 ReH>O0

Im H

'y )
J \ jw
Rty
z=e
Discrete time - — R H
1
VR T

zZ=e ReH<0 ReH>0

- asymptotically stable
- ReH(e™)>0 for all|e”|=1, (0<w<p)  (discretecase)

An SPR transfer fct. introduces a phase lag less than 90° at all frequencies

26
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Recursive output error |
Plant Model

y(t+1) =- A*(q")yt)+B* (g )u(t- d)=q'y (t)
g - parameter vector;y - measurement vector
Estimated model

§°(t+1)=- A*(t,q") §(t) + B* (t,q)u(t- d) =q" (t)f (t) aprior

y(t+1) = dT (t+Df (t) aposteriori
g - estimated parameter vector ;f - observation vector

CIT = lal,,_.anA,bl,...,an] qT — lél,...énA,bl,...,anJ
F() =[- 9©)...- 9(t- n_+D,u(t- d).u(t-d- n +1)]
Regressor vector " i Dis‘“rba”i/e(t)
F(t) =f(t) P e
YP(t-1) — (O—=PAA |~

i I
[ Adjusiabie | J® \

—| Predictor

\
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Recursive output error |

Prediction error (unknown parameters)
e’(t+) =y(t+D- y°(t+D i et+)=yt+1)- yt+J
PAA: One uses (#)

Properties

» Unbiased estimation of the plant parameterswithout identifiyng the noise
model (useful for non gaussian noise)

» Sufficient convergence condition: e 1l 1,

eA(z") 2
/

Strictly positive real transfer function (SPR)

O . 251 3 maxl (1)
¢

~0)

Remark:
The SPR condition can be relaxed by filtering the prediciton error or the regressor

See function oloe.sci (.m) on the web site of the book

28
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Output error with filtered observations (OEFO) I

Adjustable predictor (output error):
§°(t+1) =q(t)'f (t)
dT =[31,--@A’61,---’6%J f (@) =[- §(t)...- 9t- n +1),u(t- d)..u(t- d- n +1)]
Jt+D=qt+)f ()P YO =q@®)'f (t- 1)
Prediction error:
e’(t+1) = y(t+D- y°(t+J : e(t+D)=y(t+1)- y(t+1)

Filtering the observations:
—An estimation of the polynomial A(g-1)

Filter: L(gH =AY
1
Regressor:  F(t) =f ; (t) = ———f (1)
AQ™)
PAA: One uses (#) with : F (t) =f ; (1)
~ 1 ”
 Sufficient convergence condition : ?(Z 1)- |22$ . 2>1 5,3 max| 5(t)
Az7), 2¢
Strictly positivé real transfer function (SPR)
See function foloe.sci(.m) on the book web site 29
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Output error with adaptivefiltered observations (OEAFO) '

Uses an adaptive filter on the observations instead of afixed filter
(takes advantage of the improvement of the estimation of A astimes goes)

Filtering the observations:
——Estimation of polynomial A(g1) provided

o Iy _ Ag ol
Filtre: L(t,q ) = Alt,q" ") by the algorithm itself
1
F@O=1¢@{)=——7T
At,q™)
Initialization:
A0, Y = Ay (g or:  AWO,qg)=1 (simpler and more efficient)

Remove in most of the case the problems related to the SPR condition

See function: afoloe.sci(.m) on the book web site

30
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Validation of Identified Models'

Statistical Validation

— | Plant
u |l Y e  Whiteness
q 1|« |
L A
y
—PIModel
-1 |
AU

~

el

\ Output Error Predictor

Y

%

Uncorrelation

Test

/

2175,
N

[RN\'( £
|

Normalized number
autocorrelations of data
or crosscorelations

1

A N
217

N

-

97%

N =256 ® |RN(i)|£0.136

pratical value :

[|RN(i) £0.15 |
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«Whiteness » test .

{e(t)} : centered sequence of residual prediction errors

One computes.
_18 o R(0)
R(O)—Na_e t ; RN(O)—@—
_1) | RO . _ioa
R() = ale(t)e(t 1) ; RN() RO) 1 =1,2,3..0 g

Theoretical values: RN(i) =0; 1 = 1, 2..1

| _  Finite number of data
Real situation:  « Residual structural errors ( orders, nonlinearities noise)
« Objective: to obtain « good » simple models

Validation criterion (N = number of data):

£217
JN

I.D. Landau : A course on system identification in closed loop 3/Marie Curie Action TOK 3092

‘RN( )‘ i31 ‘RN(I)‘ £0.15; 1 =1...,i nax
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« Uncorrelation » test I

{e (t)},{ ?(t)} . centered sequencesof residual prediction errors and predictions
Output error predictor;:  A(Q 1) yt)=q d B(g 1)u('[)
One computeS'

R(I)——a e(t)y(t-i) ; i =012...,in . max =MaX(Ny, Ng +d)
t=1

RN(I)— R() . 1=012..i . | Remark:RN(Q)? 1

o ”~

\1/2
a yz(t)*?—a e (t)m
@SN M

Theoretical values: RN(i) =0; 1 = 1, 2..1

e Finite number of data
» Residual structural errors ( orders, nonlinearities noise)
« Objective: to obtain « good » simple models

Validation criterion (N = number of data):

Real situation:

‘RN()‘EZTIJ iaq or: |RN() £0.15; i =1,...,i1ng
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33




Open loop system identification - references l

More details can befound in :

|.D. Landau System identification and control design, Prentice Hall,NJ, 1990

|.D. Landau: Commande des systemes — conception, identification, mise en
cavre, Hermes, 2002, Paris. Chapters 5,6 (translation available) and 7
and

http://landau-bookic.lag.ensieg.inpg.fr

Free routines (matlab, scilab) and slides can be downloaded

General references.
T. Soderstrom, P. Stoica : System identification, Prentice Hall, UK, 1989

L. Ljung: System identification — Theory for the user, Prentice Hall, NJ,
2nd edition, 2002
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