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Beijing >>>  Milano



Beijing >>>  Milano



Laxenburg 1977

(after Düsseldorf 1957 – 1975 
and Helsinki, 1975-1977)



Laxenburg >>> Milano   

IFAC headquarters in Laxenburg Brera building in Milano



Laxenburg >>> Milano   

IFAC headquarters in Laxenburg Brera building in Milano

control library



Control library in Laxenburg



Istituto Lombardo –
Milano Academy of Science and Literature 

Library in Brera building in Milano



The IFAC - Khane donation

March 24 2011 
– 18 boxes full of IFAC Proceedings
at Lombardo
- donation of Steve Kahne (pres. 93-96)



The Khane donation to Lombardo



The Khane donation to Lombardo



Visiting Lombardo (IFAC 2011, 1st Sept.)
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Visiting Lombardo (IFAC 2011, 1st Sept.)



Call for books…

missing items

1st World Congress
2nd World Congress
……



Call for books…

missing items

Would you like to complete the collection?



2011

IFAC World 
Congress (Milan)

Moscow  >>> Milano   

1960 

IFAC World Congress 
(Moscow)

Congress (Milan)

3629 papers

7140 authors

73 nations

Website 

ifac2011.org 

active

(page-rank 6) 



2011 – 18th IFAC World Congress – Milan: Historical Session

S. Kahne, R.E. Kalman, M. Thoma, T. Vamos, J. Westcott
(A. Kurzhanski chair)



“In any engineering application the success of control is determined by the “In any engineering application the success of control is determined by the 

accuracy with which the model represents data, accuracy with which the model represents data, 

and this leads to the realm of Identification”and this leads to the realm of Identification”

Rudolph Rudolph KalmanKalman

2011 – 18th IFAC World Congress – Milan: Historical Session



1960 – 1st IFAC World Congress - Moscow

� Paradigm Shift
� Control science & 

technology technology 
becomes 
more and more a 
model based 
discipline



1960 – 1st IFAC World Congress - Moscow

� John Westcott: 
The Parameter 
Estimation ProblemEstimation Problem



1960 – 1st IFAC World Congress - Moscow

� Control Systems

� Parameter estimation

� Identification and control 
cooperating since long time



1960 – 1st IFAC World Congress - Moscow

� Control Systems

� Parameter estimation

� Probing the progresses of 
estimation 
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Parameter estimation in physical models

� Example: Tire

F
δ

F

F

δ

F

δ = steering angle

= lateral force at the tires 



Parameter estimation in physical models

F = D sin {C arctan [Bᾱ −E (Bᾱ − arctan (Bᾱ))]}+ SV

Pacejka’s magic formula

SH = pH1 + pH2fz + pH3γ

SV = Q [(pV 1 + pV 2fz) + (pV 3 + pV 4fz)γ]V V 1 V 2 z V 3 V 4 z

ᾱ = α(δ) + SH

C = pC1

µ = (pD1 + pD2fz)(1− pD3γ
2)

D = µQ

E = (pE1 + pE2fz) [1− (pE3 + pE4γ)sign(ᾱ)]

K = pK1Fz sin [2 arctan(Q/(pK2 · Fz)))(1 − pK3|γ|)]

B = K/(C ·D).
Pacejka’s parameters to be estimated



Parameter estimation in physical models

� Example: Induction motor

� Critical Parameter: rotor resistance

dω
dt

= M
JLr

(ψaib − ψbia) −
Tl
J

dψa
dt

= −Rr
Lr

ψa − ωψb +
Rr

Lr
Mia

Rr

Induction Motor Scheme

Input: , stator voltages
Output:           ,stator currents

Exogenous disturbance:  load torque

dt
= −

Lr
ψa − ωψb + Lr

Mia
dψb
dt

= −Rr
Lr

ψb + ωψa +
Rr

Lr
Mib

dia
dt

= −(Rs
σ
+ M

σLr

Rr
Lr

M )ia +
1

σ
ua +

M
σLr

Rr
Lr

ψa +
M
σLr

ωψb
dib
dt

= −(Rs
σ
+ M

σLr

Rr
Lr

M )ia +
1

σ
ub +

M
σLr

Rr

Lr
ψb −

M
σLr

ωψa

ua, ub
ia, ib

Tl



The parameter estimation problem

�f : R
2N → R

q

�
The estimator is the map 
between available data 

�
u(1), u(2), . . . , u(N )
y(1), y(2), . . . , y(N)

�

P (θ)
u(t) y(t)

e(t)

� →

{u(1), y(1), . . . , u(N), y(N)} → �θ between available data 
and the parameter 
estimate



The parameter estimation problem

�f : R
2N → R

q

�
The estimator is the map 
between available data 

�
u(1), u(2), . . . , u(N )
y(1), y(2), . . . , y(N)

�

P (θ)
u(t) y(t)

e(t)

� →

{u(1), y(1), . . . , u(N), y(N)} → �θ between available data 
and the parameter 
estimate

Estimator must be evaluated based on:

1. Consistency: estimate close enough to the actual parameter 
value for all values of      in admissible set

2. Computational effort: time required for returning the parameter 
estimate

θ



Prediction error methods

3.2) Kalman filtering methods 
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System id tools 

� PE
� Prediction error methods (LS, ML, …)



System id tools: PE

� PE - Prediction error methods: 

a) data  
b) class of models  
c) predictive criterion c) predictive criterion 

� basic idea: a model is good if prediction error small

� widely used for black-box modeling, but also for 
parameter estimation in white-box models.



System id tools: PE

� PE - Prediction Error methods

� Back to the origins



System id tools: PE

� 1940 

� Andrej Kolmogorov

� Norbert Wiener

� 1605 
� Galileo Galilei:

la pietra lavagna è la pietra 
del paragone delli ingegni
(the blackboard is 
the test bed of all skills) 



System id tools: PE

� PE - Prediction Error methods

� Back again to the origins



� PE - Prediction Error methods

� 1801, Giuseppe Piazzi, 
astronomer in Palermo (Italy)

System id tools: PE



� PE - Prediction Error methods

� 1 January 1801 
Piazzi sees a new celestial body 
and calls it Ceres 

System id tools: PE

� asteroid (dwarf planet) 
located in the position of the 
“missing planet” 
between Mars and Jupiter

� popular emotional event 



� PE - Prediction Error methods

� after two months Ceres
disappeared 
behind the Sun

System id tools: PE

Sun

Ceres



� PE - Prediction Error methods

� question: 
where had to re-appear ?

� trajectory prediction ?

System id tools: PE

trajectory prediction

Sun
?

?

Ceres



� PE – Prediction Error methods

� trajectory Prediction

� Carl Gauss (23)
solves this 

System id tools: PE

solves this 
prediction problem
via Least Squares 

nice reading 
Mobius ands his band:
Mathematics and Astronomy in Nineteenth-Century Germany 
John Fauvel (ed)



� PE - Prediction Error methods

� Least Squares

concept of prediction error   
enters the realm of science

System id tools: PE

enters the realm of science



� PE - Prediction Error methods

� Least Squares

concept of prediction error   
enters the realm of science

System id tools: PE

enters the realm of science

all models are wrong



� PE - Prediction Error methods

� Least Squares

concept of prediction error   
enters the realm of science

System id tools: PE

enters the realm of science

all models are wrong
some are useful  



Test-bed problem

x1(t+ 1) =
1

2
x1(t) + u(t) + v11(t)

x2(t+ 1) = (1− θ2) sin(50 θ2) · x1(t) − θ · x2(t) +
θ

1 + θ2
· u(t) + v12(t)

y(t) = x2(t) + v2(t)

= uncertain parameter in [-0.9,0.9]θ

u(t) ∼ WGN(0, 1)
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Test-bed problem

x1(t+ 1) =
1

2
x1(t) + u(t) + v11(t)

x2(t+ 1) = (1− θ2) sin(50 θ2) · x1(t) − θ · x2(t) +
θ

1 + θ2
· u(t) + v12(t)

y(t) = x2(t) + v2(t)

= uncertain parameter in [-0.9,0.9]θ

Data:  200 experiments:
200 values for
200 data sequences of length N=1000 for each  

θ

u(t) ∼ WGN(0, 1)

θ



Test-bed problem

x1(t+ 1) =
1

2
x1(t) + u(t) + v11(t)

x2(t+ 1) = (1− θ2) sin(50 θ2) · x1(t) − θ · x2(t) +
θ

1 + θ2
· u(t) + v12(t)

y(t) = x2(t) + v2(t)

= uncertain parameter in [-0.9,0.9]θ

u(t) ∼ WGN(0, 1)

Objective:

�
u(1), u(2), . . . , u(N)
y(1), y(2), . . . , y(N)

�
−→ �θ

Data:  200 experiments:
200 values for
200 data sequences of length N=1000 for each  

θ
θ



�θ = argmin
N�

i=1

(y(i) − �y(i, θ))2

Output predictor based on the plant model: �y(i, θ)

Prediction Error methods

Estimator implicitly defined by the 
minimization process

� �

i=1

�



Estimator implicitly defined by the 
minimization process

�θ = argmin
N�

i=1

(y(i) − �y(i, θ))2

Output predictor based on the plant model: �y(i, θ)

Prediction Error Methods

� �

i=1

�

Drawbacks:

1. Computation of gradient not easy (nonlinear, infinite dimensional model)



Estimator implicitly defined by the 
minimization process

�θ = argmin
N�

i=1

(y(i) − �y(i, θ))2

Output predictor based on the plant model: �y(i, θ)
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Estimator implicitly defined by the 
minimization process

�θ = argmin
N�

i=1

(y(i) − �y(i, θ))2

Output predictor based on the plant model: �y(i, θ)

Prediction Error Methods

� �

i=1

�

Drawbacks:

1. Computation of gradient not easy (nonlinear, infinite dimensional model)

2. Minimization is nontrivial
local minima – multiple initializations



Estimator implicitly defined by the 
minimization process

�θ = argmin
N�

i=1

(y(i) − �y(i, θ))2

Output predictor based on the plant model: �y(i, θ)

Prediction Error Methods

� �

i=1

�

Drawbacks:

1. Computation of gradient not easy (nonlinear, infinite dimensional model)

2. Minimization is nontrivial

3. High computational burden required to work out  �θ

local minima – multiple initializations



Test-bed problem – PE

1 initialization at 
random

Computational time:

18.23 seconds
(0.09 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – PE

5 initializations 
at random

Computational time:

94.28 seconds
(0.47 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – PE

10 initializations 
at random

Computational time:

179.14 seconds
(0.89 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



System id tools: KF

� 1960 

� Rudolph R. Kalman

� State space approach:    
estimate the stateestimate the state
from 
input-output data   



Kalman Filtering Methods

� State space models

� unknown parameter transformed into a state variable:

θ(t + 1) = θ(t)

� non-linear realm

θ(t + 1) = θ(t)



Kalman Filtering Methods

� unknown parameter transformed into a state variable:

� non-linear realm

θ(t + 1) = θ(t)

� non-linear realm

EKF
Extended Kalman Filter

UKF
Unscented Kalman Filter

PKF
Particle Kalman Filter



Kalman Filtering Methods

� EKF

� System linearization around the 
last obtained state estimate

� UKF� UKF

� A few representative particles 
(σ-points).

� PKF

� A whole set of particles 
representative of the whole 
state distribution
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� PKF
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representative of the whole 
state distribution



Kalman Filtering Methods

� EKF

� System linearization around the 
last obtained state estimate

� UKF� UKF

� A few representative particles 
(σ-points).

� PKF

� A whole set of particles 
representative of the whole 
state distribution



Kalman Filtering Methods 

θ(t + 1) = θ(t)Additional state variable:

�θ = �θ(N |N)

�θ(t|t) = KF(u(1), y(1), . . . , u(t), y(t))

EKF, UKF, PKF

�θ

EKF, UKF, PKF



Kalman Filtering Methods 

θ(t + 1) = θ(t)Additional state variable:

�θ = �θ(N |N)

�θ(t|t) = KF(u(1), y(1), . . . , u(t), y(t))

EKF, UKF, PKF

Remark:

In practice the parameter equation is: 

question: variance of fake noise ?

question: variance of          ?

EKF, UKF, PKF

)()()1( noisefakett +=+ ϑϑ

)0(ϑ



Kalman Filtering Methods 

θ(t + 1) = θ(t)Additional state variable:

�θ = �θ(N |N)

�θ(t|t) = KF(u(1), y(1), . . . , u(t), y(t))

EKF, UKF, PKF

Drawbacks:

1. Derivation of the filter equations may be not easy (nonlinear, infinite 
dimensional model)

2. Serious convergence problems (EKF & UKF)

3. High computational burden required to work out      (PKF)�θ

EKF, UKF, PKF



Test-bed problem – (cont’d)

x1(t+ 1) =
1

2
x1(t) + u(t) + v11(t)

x2(t+ 1) = (1− θ2) sin(50 θ2) · x1(t) − θ · x2(t) +
θ

1 + θ2
· u(t) + v12(t)

y(t) = x2(t) + v2(t)

= uncertain parameter in [-0.9,0.9]θ

u(t) ∼ WGN(0, 1)

Objective:

�
u(1), u(2), . . . , u(N)
y(1), y(2), . . . , y(N)

�
−→ �θ

Data:  200 experiments:
200 values for
200 data sequences of length N=1000 for each  

θ
θ



Test-bed problem – EKF

Initialization

P0 =



0.1 0 0
0 0.1 0
0 0 10−2




Computational time:

11.01 seconds
(0.055 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – EKF

Initialization

P0 =



0.1 0 0
0 0.1 0
0 0 10−2




Computational time:

11.01 seconds
(0.055 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – EKF

Initialization

P0 =



0.1 0 0
0 0.1 0
0 0 0.5




Computational time:

11.01 seconds
(0.055 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – UKF

Initialization

P0 =



0.1 0 0
0 0.1 0
0 0 10−2




Computational time:

200 seconds
(1 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – UKF

Initialization

P0 =



0.1 0 0
0 0.1 0
0 0 0.5




Computational time:

200 seconds
(1 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.



Test-bed problem – PF

1000 particles

Computational time:

4675 seconds
(23.38 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.
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The two stage (TS) method 

with Simone Garatti



Idea: perform intensive simulation trials 
from which reconstruct an explicit expression for the estimator

Simulated
data chart

θ1 {y1(1), u1(1), . . . , y1(N ), u1(N)}
θ2 {y2(1), u2(1), . . . , y2(N ), u2(N)}
...

...

The two-stage (TS) approach

. .
θm {ym(1), um(1), . . . , ym(N), um(N)}



The two-stage (TS) approach

Simulated
data chart

θ1 {y1(1), u1(1), . . . , y1(N ), u1(N)}
θ2 {y2(1), u2(1), . . . , y2(N ), u2(N)}
...

...

Idea: perform intensive simulation trials 
from which reconstruct an explicit expression for the estimator

�f ← min
f∈F

1

m

m�

i=1

			θi − f(yi(1), ui(1), . . . , yi(N), ui(N))
			
2

Goal: reconstruct from the chart the relationship between data 
and parameter:  

. .
θm {ym(1), um(1), . . . , ym(N), um(N)}



Simulated 
data chart

θ1 {y1(1), u1(1), . . . , y1(N ), u1(N)}
θ2 {y2(1), u2(1), . . . , y2(N ), u2(N)}
...

...

The two-stage (TS) approach

Idea: perform intensive simulation trials 
from which reconstruct an explicit expression for the estimator

�f : R2N → R
q

Choice of  the class of functions      is critical:
� (bias vs. variance issue – )

F

�f ← min
f∈F

1

m

m�

i=1

			θi − f(yi(1), ui(1), . . . , yi(N), ui(N))
			
2

Reconstruct from the chart the relationship between data and     :  θi

. .
θm {ym(1), um(1), . . . , ym(N), um(N)}



Simulated 
data chart

θ1 {y1(1), u1(1), . . . , y1(N ), u1(N)}
θ2 {y2(1), u2(1), . . . , y2(N ), u2(N)}
...

...

The two-stage (TS) approach

Idea: perform intensive simulation trials 
from which reconstruct an explicit expression for the estimator

�f : R2N → R
q

Choice of  the class of functions      is critical:
� (bias vs. variance issue – )

F

�f ← min
f∈F

1

m

m�

i=1

			θi − f(yi(1), ui(1), . . . , yi(N), ui(N))
			
2

Reconstruct from the chart the relationship between data and     :  θi

. .
θm {ym(1), um(1), . . . , ym(N), um(N)}



TS Step 1: data compression

yi(t) = αi1y
i(t − 1) + · · ·αinyy

i(t− ny) +

αiny+1u
i(t − 1) + · · ·+ αiny+nuu

i(t − nu),

simple idea: 
I/O data sequence compactly described by an ARX model:

n = ny + nu ≪ 2N




αi1
...
αin


 =

� N�

t=1

ϕi(t)ϕi(t)T

−1

·

N�

t=1

ϕi(t)yi(t)

ϕi(t) = [yi(t− 1) · · ·yi(t− ny) u
i(t− 1) · · ·ui(t − nu)]

T

Parameter found via least squares:



TS Step 1: data compression

θ1 {α11, . . . , α
1
n}

θ2 {α21, . . . , α
2
n}

...
...

simple idea: repeat compression for all the m simulation trials:

Compressed artificial 
data chart

, problem n≪ 2N
θm {αm1 , . . . , αmn }

, problem 
dimensionality reduced

Remark

have no physical meaning

They play a purely instrumental role for reducing the size of the 
complexity

{αi1, . . . , α
i
n}

n≪ 2N



TS Step 2: par. Est. from compressed data 

simple idea: repeat this process for all the m simulation trials:

Compressed artificial 
data chart

, problem n≪ 2N

θ1 {α11, . . . , α
1
n}

θ2 {α21, . . . , α
2
n}

...
...

�h← min
h∈H

1

m

m�

i=1

			θi − h(αi1, . . . , α
i
n)
			
2

Choice of  is no more critical: �h : Rn → R
qH

, problem 
dimensionality reduced
n≪ 2N

Reconstruct from the artificial chart the relationship 
between compressed data                     and     :  θi{αi1, . . . , α

i
n}

θm {αm1 , . . . , αmn }



TS Step 2: choice of HH

h =




c1,1 · · · c1,n
...

. . .
...

cq,1 · · · cq,n


 ·




αi1
...
αin




Linear regressions of {αi1, . . . , α
i
n}

Neural Networks

αi1
...
αin

�θ
...

... ...
...

h



The whole TS estimator

Original 
data

Artificial 
data

�θ
�hleast 

squares

�f
�f : {u(1), y(1), . . . , u(N ), y(N )} → �θ

�f = �h
�
� N�

t=1

ϕ(t)ϕ(t)T

−1

·

N�

t=1

ϕ(t)y(t)

�
ϕ(t) =




y(t − 1)
. . .

y(t − ny)
u(t− 1)

. . .
u(t− nu)




�f



TS estimator training

� Extract  many values for      in the feasible range

� For each    , generate I/O data sequence via simulation

� Construct  simulated data chart 

� Fit a simple model to each data sequence  

� Construct compressed artificial data chart

θ
θ

� Solve opt problem: compressed artificial data sequence

� Work out the overall mapping: 
original data sequence     
as a composition of mappings of the two steps

θ

θ



TS estimator at work

Original 
data

Artificial 
data

�θ
�h

least 
squares

�f
� Estimation: 

once a new I/O data sequence is provided, 
the corresponding 
is immediately found from the composition of the two steps

θ

�f



Test-bed problem – (cont’d)

x1(t+ 1) =
1

2
x1(t) + u(t) + v11(t)

x2(t+ 1) = (1− θ2) sin(50 θ2) · x1(t) − θ · x2(t) +
θ

1 + θ2
· u(t) + v12(t)

y(t) = x2(t) + v2(t)

= uncertain parameter in [-0.9,0.9]θ

θ

u(t) ∼ WGN(0, 1)

θ

Objective:

�
u(1), u(2), . . . , u(N)
y(1), y(2), . . . , y(N)

�
−→ �θ

Data:  200 experiments:
200 values for
200 data sequences of length N=1000 for each  

θ
θ



Test-bed problem – training TS estimator

� 1500 new values for     extracted uniformly from 
the interval

� For each    , 1000 input/output samples obtained 
via simulation

θ
[−0.9, 0.9]

θ

Simulated
data chart

�h
� Compressed artificial data via ARX(5,5)

� obtained via neural network

(10 inputs, 1 outputs, 10 neurons in the 1st layer, 1 linear 
neuron in the output layer)

Models order 
obtained by trials

(training phase is 
entirely off-line)



Test-bed problem – validating TS estimator

Validation of the obtained estimator over the same 
200 sequences used for PEM, EKF, UKF, and PKF.

Note that the testing sequences are 
different
from those used in the training phase (cross-validation)from those used in the training phase (cross-validation)



Test-bed problem – TS

Computational time:

1.95 seconds
(0.0097 seconds per 
estimate)

Matlab, standard 2.40 GHz
dual-processor computer.
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Control  science 1960 >> 2012

locations 
and 
events



� System id
and 
control  

System id and control 1960 >> 2012

control  

two 
collaborative 
friends 



Development of id methods: IFAC SYSID’s story

IFAC Symposium on System Identification (SYSID)

The long story of system identification congresses:

� Copenhagen, Denmark (1994)

� Fukuoka, Japan (1997)

� Prague, The Check Republic 
(1970)

� Fukuoka, Japan (1997)

� Santa Barbara, USA (2000)

� Rotterdam, The Netherlands 
(2003)

� Newcastle, Australia (2006)

� St. Malo, France (2009)

� Brussels, Belgium (2012)

� Beijing, China (2015)

(1970)

� Hague/Delft, The Netherlands 
(1973)

� Tblisi, URSS (1976)

� Darmstadt, Germany (1979)

� Arlington, USA (1982)

� York, UK (1985)

� Beijing, China (1988)

� Budapest, Hungary (1991)

yet most interesting problems are open 
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� Control
� Identification

the most exiting 
research area 
in the planet

for 50 years 
more (at least)

控制科学是在行星中最好的研究区。

any questions or comments:  bittanti@elet.polimi.it


