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System identification

Building models from experimental data
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System identification

a simple example

NAVITIMER €
CHRONO-MATIC

l
Gl KD
£ o b
1 A\ S
/| =1l ltl\x'h."-‘

2
7’y /
ff 'f.ﬂ' = &l i A
ST Q£
S rg 0= ?Ezl. EI'I- L =
=

—— e

17/111



The story of Ceres



e
1’«)

P

Piazzi



e
?XJ

P

Piazzi



{J

Piazzi .









System identification

Cost
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Outline

- Introduction
- Intuitive solutions?
- Linear system identification

- Impact nonlinear distortions on the linear framework
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System identification

Noisy data

(/ Cost
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System identification: noise errors dominate

Noisy data
Cost

Model

- noise errors dominate
- Cost set by noise properties --> Maximum Likelihood framework
- model and excitation only weakly coupled

Example: identification of linear systems
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System identification

w data

Cost

Model

- model errors dominate
- model and excitation closely linked

- design of the experiment!

Example: identification of a linear model in the presence of NL distortions
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Example 1
Noise errors dominate

Data
Voltage u(k) = uy(k) + n (k) p -

k=1,..,N
Current i(k) = ig(k) + nk)

Model
ug(k) = Ryio(k)

Noisy data

.no

Cost
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3 different estimators

_ 1 (k)
R ) = 53

S uyich
IS

)
NG

Ris(N) =

Rev(N) =

30/111



R(k) =

u(k)

ik

Example 1
Noise errors dominate

mean value

Estimated R
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Number of measurements
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Example 1
Noise errors dominate

R(k) = L@ 2000
i(k) mean value
1500
S o«
| §®)
u(k) linear regression %1000
-
i(k)
500
00 | “‘HH"I | ““““2 | ““““3 | 4
10 10 10 10 10

Number of measurements
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Example 1
Noise errors dominate

u(k) 2000
R(k) = i(k) mean value
1500
| i®)
u(k) linear regression %1000
:
i(k)
(u(h) — u(k))> >
Vi = Z c2

Z(l(k)—lp(k))2 T S T B

Number of measurements
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3 different estimators
- 1 u(k)
Rsa(N) = NZZle(_k)

LSV ukick)

A N
Ris(N) =
IS
IS
e - SO

2 i
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Asymptotic value of r
- . N . N
Jim o0 = fim (57 i) (3, 7o)
T (g m (k) g + ()
= lim 2/

N —> 1 N . 2
I (g )

Or
lim Ris(N) =
N — ©
- G (k) NLei— A(K) Nzk=1 Sk)yn (k)
Moo 2 1IN 2 2ig~—N
T — (k) + = (k
o Nzkzlnl( ) N k=1nl( )
And finally
- Uyl |
m Ris(N) = 57— = Ry—s—

It converges to the wrong value!!!
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Asymptotic value of r:,

lim Rev(N) =

lim Rev) = 1im (37" ati) /(3 i)

T (g (k)

It converges to the exact value!l!
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Asymptotic value of r

“(k) ug + n,(k) lug—y 1 +n,(k) u,
RSA(N) N Nzk 0 l(k) Nzk 0 lptn (k) N%Zkz o 1+ nk)/i,

The series expansion exist only for small noise distortions

| I_1
m = leo(—l)x for |X|<1

R C;
lim RSA(N) R RO[I + —22)

N —> o lO

The estimator converges to the wrong value!!
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Variance expressions

First order approximation

2
2 2 2 _Ry
c RLS(N) X REV(N) ~o, (N)= w

Rgp

- variance decreasesin 1/N
- variance increases with the noise
- for low noise levels, all estimators have the same uncertainty

---> Experiment design
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Example: noise dominates

Conlusions
- A simple problem
- Many solutions
- How to select a good estimator?

- Can we know the properties in advance?

Need for a general framework !!

Intuition fails
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Example 2: Model errors dominate

-4 2 0 2 4
Input
N0, o=1)

M data

Model
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Example 2: Model errors dominate
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Example 2: Model errors dominate

Input Input
MO, 52=1) MO, 6>=4)
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Identification of linear systems
in the presence of

nonlinear distortions

Noisy data
Cost

Model
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Outline

- Introduction
- Intuitive solutions?
- Linear system identification

- Impact nonlinear distortions on the linear framework
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Linear System Identification

Data

(/ Cost
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Data

D ata Cost

Model

Force
u(t) = uy(?) +n,(0)

Acceleration
Wt = yo(t) + n(2)
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Data

D ata Cost

Model

Force
u(t) = uy(?) +n,(0)

Acceleration
Wt = yo(t) + n(2)

51/100



Data

Data

Model

time-frequency transform
discrete Fourier transform

Force Force

u(t) = ue(t) +n,(0)

Acceleration

Acceleration
Wt = yo(t) + n(2)

U = Uy + N(Q))

Y(Qp) = Yo(€)) + Ny(€2)

"

0.4
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time domain

continuous time

A0 = By

discrete time
A@yo(t) = B(q)u(?)

Data
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Cost



time domain

continuous time

A0 = By

discrete time
A@yo(t) = B(q)u(?)

Model

Data

Model

frequency domain

A(Q)Yy(Q2) = B(Q)Uy(€2)

continuous time:
Q=jo

discrete time:
Q _ ej2nc0 /cos

54/100
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Cost

Y(k) - Y, p(k)Q "

-1
_IF o (k) Giu(k) Y(k) - Y (k)
V6. 2) FZk -1 (U(k) — Uy (k ( )>

ourh) oy | Gl

under the constraint
Ay, O)Y (k) = B(Qy, O)U,(k) k=12 .. F
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Data

Cost

Model

-1
_IoF (Y- | k) o] (YD) — (k)
V6, 2) FZkz 1 (U(k) _ Up(k)> G%]y(k) qu(k) (U(k) _ Up(k)>

under the constraint
Ay, O)Y (k) = B(Qy, O)U,(k) k=12 .. F

Remarks:
completely symmetricin U, Y,

0: n,+n,+ 1 real parameters

U, Y,: 2F complex parameters
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Data

C OSt Cost

Model

I F A(Q,, O)Y(k) - B(Q, O)Uk)|?
O = _
V6D ED, oY R)|A(Qy, O)2 + o (k)| By, O)2 — 2Re(0y (KA, O)B(Q,, 6))

Discussion points
- oK), (), oyik)?
- selection of the model order
- generation of initial estimates
- numerical optimization
- numerical stability

- impact initial conditions >< leakage
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Y- GU?

53
F4i 51+ 63| G|? - 2Re(63,G)

U

—_—

G |—

Y

Cost

1 |IAY — BU|?
"

63]4|? + o3 |B|2 — 2Re(cy,AB)

Data
Cost

Model

¢ly-uP

|
FZ ‘G_l‘zcsi + G%]— 2Re(G§U@_1)

Y

—_—

G

-1

58/100



Time domain - frequency domain identification

IZ Y — GU|?
Fiu s} + 67| G2 - 2Re(o1,G)

Input exactly known: ¢, =

Frequency domain

plant model: parametric
noise model: nonparametric
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Time domain - frequency domain identification

lz Y- GUJ?
Fis’ + 67|G|2 - 2Re(c7,G)

Input exactly known: o = 0

Frequency domain Time domain

=3 |H (= Gu)l?

plant model: parametric
noise model: parametric

2
Gy === |]_[|2

plant model: parametric
noise model: nonparametric
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Time domain - frequency domain identification

lz Y- GUJ?
Fis’ + 67|G|2 - 2Re(c7,G)

Input exactly known: o = 0

Frequency domain Time domain

=3 |H (= Gu)l?

plant model: parametric
noise model: parametric

2
Gy === |]_[|2

plant model: parametric
noise model: nonparametric

SysTEM
IDENTIFICATION

Tlle()rv =
'OR THE *

yser
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Time domain - frequency domain identification

lz Y — GU|?
FZ4u 51+ 63/G|? - 2Re(o7,G)

Input exactly known: o = 0

Frequency domain Time domain

=3 |H (= Gu)l?

plant model: parametric
noise model: parametric

2
Gy --> |H|?

plant model: parametric
noise model: nonparametric

SYSTEM
lDENTlFIGAT"JN Mastering System

Identification
in 100 Exercises

SYSTEM

IDENTIFICATI 0
Theory mmmmms
tils‘(-l;
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Application
The flexible robot arm

Data from Jan Swevers, KULeuven, PMA
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Displacement of hand

Torque

0.5

Raw data

Output

10

20

30

40 50
Time (s)

Input

60

70

80

10

20

30

40 50
Time (s)

60

70

80

Cloze I
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Displacement of hand

Torque

Segment the record
10 periods

Time, s (N=4096, 10 experiments)

Cloze I
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dB

dB

-20
-30

-50
-60
-70
-80
-90
-100

-20
-30

-50
-60
-70
-80
-90
-100

Variance analysis

Hz

25
frequency

JHz

Output
Signal
1IO 1I5 2IO
Input
Signal
1IO 1I5 2IO

25
frequency

Cloze I
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dB

20

10

-10

Variance analysis
FRF

Magnitudes of frf and Variances

Hz

10 15

20

25
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[ hodelz in set #1

Estimated model

’ hadel Plat in #1

kocdel Plat in #2

j Coupled j

il

=

==

=F

-riterion “MDL j ‘Ilin freg j ||TF Magnitudes + Errors
et #1 Best Model: GG set #1 Model g -
05-Dec-2006 15:54:03 05-Dec-2006 15:54:03

Domain: -1 Domain: =1

Delay: 0 zamples Delay: 0 =amples

Coszt 2205 theor: 1052 Cost: 2205, theor: 1052

MDL: 313 MDL: 313

Akaike: 251 4 Akaike: 251 4

Mean model error; 0.2036 Mean model error; 02036

validate j ‘ Crozs Data

et #2 Model: 414 j
08-Dec-2006 15:53: 48
Camain: -1

Delay: O zamples

Cost: 4965, theor: 107 .4
MOL: B452

Akaike: 5461

Mean model error. 1.267

Cancel

Cloze

Print to pz file done.
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Outline

- Introduction
- Intuitive solutions?

- Linear system identification

- Impact nonlinear distortions on the linear framework

Noisy data

Cost

e
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System Ildentification in a real world

Nonlinear Time-Varying
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Linear Sl versus Nonlinear Sl

Linear Si Nonlinear Sl
- mature field - hot research topic
- well developed tools
- inexpensive - expensive
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Linear Sl versus Nonlinear Sl

Linear Si Nonlinear Sl
- mature field - hot research topic
- well developed tools
- inexpensive - expensive
Questions

- Do we face a nonlinear identification problem?
- Safe to use a linear system identification approach?
- How much to gain with a nonlinear model?
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System Ildentification in a real world

Detection, qualification, quantification NL

Linear identification in the presence of nonlinear distortions

Nonlinear system identification
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Detection, qualification, quantification NL

Goal
characterize nonlinear behaviour

no increase of the measurement time
little user interaction
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Detection, qualification, quantification NL

Goal
characterize nonlinear behaviour

no increase of the measurement time
little user interaction

Tool
periodic excitations

u(t) = %ZLlAkcosanfOtJr(pk)

random multisine

M i
PN

t f
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Behaviour of a nonlinear system

A linear system

T
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Behaviour of a nonlinear system
Basic Idea

u(t) = 2coswt = & —eJ9y, ® = 1

U(w)

L

2 -1 01 2 3 ‘®

w3 = (ejmt _ e—jo)t)(ejwt_ e—jwt)(ejwt_ e—j(ot)

Output: all possible combinations, 3 by 3, of the frequencies -1 and 1

2

3

Q)

1 1 3

1 -1 1

-1 1 1 Y(®)

1 -1 -1

e 1]

1 -1 -1 t | f i .
1 1 -1 3 2 -1 0 1 '
1 1 -3
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with

u(t)

Volterra theory in a nut shell

time domain

Volterra )

system

W =3

Y = f u(c))h(t - ,)do,

y2ue) = | f u(c)u(cy)hyt - o\, t— 0,)do, do,
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Volterra theory in a nut shell
multi dimensional frequency domain

u(?) Volterra )
system =

Wt) = Zk= ly“‘]

Define
YR, 1) = j j u(c,)u(0,)hy(t, — 6y, t, — 6,)do, do,
Then

Y2, 0,) = “‘ yL2)¢,, tz)e_jwltle_jwztzdtldtz
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Volterra theory in a nut shell
frequency domain relations

"o, ®,, ...,o,) = H'(0,, ®,, ..., 0,)Uw))...Uw,)

with

H (o, o, ..., ®,) = j j Bty tay ooy £)€7O1 T Otmdy dt, . dt,

Corresponding one-dimensional frequency representation

"o, ©,, ..., 0,) > Y(o,T0,+...+0,)

o, + ®, ... + ®, indicates that contribution results from »n** degree NL
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Volterra theory in a nut shell
frequency domain relations for periodic signals

Yo, 0, ..., »,) = Ho;, ®,, ...,0,)Uo,)...Uow,)

U(w)

-2 -1 01 2 3 /fo
with

2(@) = ro 2@, © — o,)do, »> Y2I(k) = Zym(l,k—l) = ZH[zl(z,k—z)U(/)U(k—Z)
X [ [

similar

YBI(k) = zz LU U U1, - 1)
[

1 12
Conclusion
YBI(k) sum over all combination U(/,)U(l,)U(l;) such that [, +1,+ [, =
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Behaviour of a nonlinear system

Linear system

1l =111l

A Nonlinear system

- %SJ(:P:L
L[23 f l[zl f
1
‘I I L{zg °f
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Detection, Qualification, Quantification NL
Basic Idea

11 Ji/fo n 1 3 5 7 9 11 ?/fo
even
I S S
+ 1 3 5 7 9 11 f/fO
odd
4 t T T $
) 1 3 5 7 9 11 1
output |
[IT‘TTT?TTI>
1 3 5 7 9 11 f/ﬁ)
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Detection, qualification, quantification of
nonlinear distortions
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Detection, qualification, quantification of
nonlinear distortions

u T -+ > : >y»
ms?+ds + k,
ki3 =
20 20 20 20

Magnitude(dB)
A
o

odd NL
b . ; even NL
-100 - % _100 W= 100 W _100 —
0 100 200 0 100 200 0 100 200 0 100 200 .
Frequency(Hz) Frequency(Hz) Frequency(Hz) Frequency(Hz) noise
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Industrial Examples

Linkoping Studies in Science and Technology. Dissertations. No. 1138

Air-Path Control of Clean Diesel Engines
Multivariable Frequency-Domain

Identification of Industrial Robots

for disturbance rejection on NO,, PM and fuel efficiency

Erik Wernholt

Chris Criens

Technische Universiteit
INSTITUTE OF TECHNOLOGY .
e Eindhoven
Linképing 2007 University of Technology
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Ground vibration test on an F16-fighter

WO e ——
t -
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Amplitude (dB)

N

N
o

o

Ground vibration test on an F16-fighter

Frequency (Hz)
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Approximation of nonlinear systems

User choices

- convergence criterion
- approximation method

- excitation
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Approximation of nonlinear systems

convergence criterion

Polynomial approximation of discontinuous function
2 i i i i i

uniform convergence >< point wise convergence
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Approximation of nonlinear systems
Approximation method

atan and its Taylor approximation atan and its LS approximation
2 - 2 - -

—
—

atan Taylor
o

2 0 2 2 0 2
u u

Taylor >< Least Squares
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Uniform Gaussian

Sine

Approximation of nonlinear systems

Approximation

Excitation

Signal Histogram
5 400
200
-5 0
0 500 1000 -4
5 400
200
0
0 500 1000 -4
5 400
0 200
-5 0
0 500 1000 -4
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Class of excitation signals

Gaussian noise

extended Gaussian noise

periodic noise

random multisine

periodic noise

time

MIHI tllin

frequency

random multisine

u(t) = _ZF A, cos(2mkfyt + @)

94/111



Approximation of a nonlinear system by a linear system

Wiener System

U o ;rc Yo

approximation
error

e(?)

[N

linear dynamic system

5
L

Vlin

G4 = argmin E {|Y— GU|2}
G
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Behaviour of a nonlinear system

coherent /Y(k) = ZU(k) + ¢,(k)

o= 0 k f
/ Wiener System

i ,V
. —

R
.

-
25

0 vk /

non coherent
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A new paradigm

Gaussian noise

"~ >

Wiener Systems

-

Yo

GBLA

N

5
>

Y(k) = Gpra(jo ) Ulk) + Y(k)

Vs

YBLA Yo
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Example : hardening spring

u + 1

ms?+ds + k,

ki3 =

m
°
()
©
=
%_
Z 4
M‘%Mm
] MM“““W
'20 7 T rrrrr T T
0 50 100 150 200

Frequency (Hz)
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Example: F16-fighter measurements

5 10 15
Frequency (Hz)
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/

7 8
Frequency (Hz)

9
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FRF-measurements in the presence of NL-distortions

Nonlinear System disturbing
Generator 1 noise (k)

/
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FRF-measurements in the presence of NL-distortions

Nonlinear System dis.turbing
Ger}erator — noise G (k)
Su,u,(k) Source
> Linear system % GYS ‘ +
1 Gpralio)
FFT §oR0
processing /\)

leakage o, (k)

>
®

y.(k) + o7 (k) + o3(k)

Su,u,(k)
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FRF-measurements in the presence of NL-distortions (Cont’d)

oy (k) + o3 (k) + o3(k)
oL (k) = —
BLA SUoUo(k)

Avoid dips in Sy, v (k)

deterministic signals >< noise

Amplitude (dB)
|
o

0 100 200 300 400 500
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FRF-measurements in the presence of NL-distortions (Cont’d)

Gy (k) + o7 (k) + o3(k)

Su,u,(k)

G2 (k) =

GBLA

Avoid dips in Sy, ¢ (k)

Amplitude (dB)
|
o

deterministic signals >< noise

0 100 200 300 400

Reduction of the leakage errors 7,

periodic signals

500
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FRF-measurements in the presence of NL-distortions (Cont’d)
o7, (k) tiog (k) + o3(k)

2 (k) = -
oz (k) TS

GBLA

Avoid dips in Sy, v (k)

Amplitude (dB)
|
o

deterministic signals >< noise

0 100 200 300 400 500

Reduction of the leakage errors c%, ﬁh?earT T 1
+ 1 3 5 7 9 11f
periodic signals even
S S T |
L1 3 5 7 9 11f
odd
W\ t TSR I +
1 3 5 7 9 11f

Reduction of the impact of nonlinear distortions o3 =

output
Odd excitations I | ? ‘ p 4 1‘ | Ml
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Amplitude (dB)
A
?

Hair dryer experiment

random

full

odd
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Best Linear Approximation : Parametric modelling

Gy, 0)

Linear identification framework

Consistent estimate

True model retrieved for large data sets

Uncertainty bounds are wrong

Nonlinear induced variance underestimated by factor 7 or more
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Conclusions

- Intuitive solutions?

- Linear system identification

- Impact nonlinear distortions on the linear framework
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Conclusions

- Intuitive solutions? --> Dangerous

- Linear system identification

- Impact nonlinear distortions on the linear framework

109/111



Conclusions

- Intuitive solutions? --> Dangerous

- Linear system identification --> A versatile tool

- Impact nonlinear distortions on the linear framework
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Conclusions

- Intuitive solutions? --> Dangerous

- Linear system identification --> A versatile tool

- Impact nonlinear distortions on the linear framework

--> Bring Sl to the real world
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