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Problem statement
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Identify a SISO model of the form:
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NOTA: SISO assumption is not mandatory:
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Problem statement

Tirflow  Tspring
T_gear
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Identify a SISO model of the form:

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements
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Problem statement

T_airflow  T_spring
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Identify a SISO model of the form:

Ve

Yy =Py, y, .y )

Typical short damped excitation instances

Under the following constraints:

X Unknown model / unknown n.

X Open-loop unstable dynamics

X Only short damped excitation allowed : Time (sec)

X Noisy measurements
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Problem statement

Tirflow  Tspring

=i, | &bk ' y=20
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Identify a SISO model of the form:

Ve

Yy =Py, y, .y )

\

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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Problem statement

Wy CONTINUOUS-TIME IDENTIFICATION?

Tirflow  Tspring

o N T_gear . .
U =14 S —— - l-{ Y= 0 V" Physically meaningful parameters
—D T S~ ﬂ;/| L ) > V" Independence / sampling period
(i e
TN 0 v Theoretically less complicated model?

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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& T 0 V" Theoretically less complicated model?

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

b g NOTA: SISO assumption is not mandatory:

Under the following constraints:
vie{l,...,n},

X Unknown model / unknown n. n/(_")

i K 1 ny
= P (Y Y duedyy )

z,

X Open-loop unstable dynamics

X Only short damped excitation allowed !

X Noisy measurements

Use the resulting model in NMPC design.
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Problem statement

Wy CONTINUOUS-TIME IDENTIFICATION?

T_airflow  T_spring
U =1, A ,en"" ok y==20 v Physically meaningful parameters
—D T s r fvl:( ){ > v Independence / sampling period

o
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X Needs high derivatives to be reconstructed!

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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Problem statement

T_airflow  T_spring
nm\l-{ y=10
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Identify a SISO model of the form:

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.

Mazen Alamir

Wy CONTINUOUS-TIME IDENTIFICATION?

V" Physically meaningful parameters
V' Independence / sampling period
v Theoretically less complicated model?

X Needs high derivatives to be reconstructed!

¥For x = f(x, u) with f polynomial of degree d, the RK4
sampled model is a polynomial of degree 4 X d.
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Problem statement

Wy CONTINUOUS-TIME IDENTIFICATION?

V" Physically meaningful parameters
V' Independence / sampling period
v Theoretically less complicated model?

X Needs high derivatives to be reconstructed!

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( ) sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

Percentiles of reconstruction errors for the 1-derivative

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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Problem statement

Wy CONTINUOUS-TIME IDENTIFICATION?

Tairflow  T_spring

U =1, R Toser ok y==20 V" Physically meaningful parameters
_ | I { { > V' Independence / sampling period
i 4

™ v Theoretically less complicated model?

X Needs high derivatives to be reconstructed!

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )
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Under the following constraints:

X Unknown model / unknown n. ey

WWIWAWAAIMMA
X Open-loop unstable dynamics

MV
V| W

MWWy

X Only short damped excitation allowed

X Noisy measurements

AWAAVANAA S AAAMANA]
Use the resulting model in NMPC design.
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Problem statement

Time series and their estimations / noise std = 5.0% / Bandwidth=1.940 Hz

0-derivative / noise-free and noisy

Tirflow  Tspring

w@n{ y=10

>
0
1-derivative
Identify a SISO model of the form: MWW/\WWW\M
( ) 2-derivative
v = POy ) A WA A
Under the following constraints: 3-derivative

X Unknown model / unknown n. \/\/\/\/\M/\/\/\/\-/\/\/\/\/\/\/\/\/\/”\/\/\/V\/V\/\/\/\/\/\/\/

X Open-loop unstable dynamics

4-derivative

X Only short damped excitation allowed

X Noisy measurements 0 /\/\/V\N\/\/\/\/\/\/\/\/\/\/\/\/\/\/\V\/\/\J\/V\/\/V\/\/\/"\/

Use the resulting model in NMPC design.
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Problem statement

WHY CONTINUOUS-TIME IDENTIFICATION?
T_airflow  T_spring
U =1, Rt o, T o) l-{ Y= 0 V" Physically meaningful parameters
—_— ~ r‘,;_vl:[ > V' Independence / sampling period
T ¥ t V" Theoretically less complicated model?

X Needs high derivatives to be reconstructed!

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( ) sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.

X Open-loop unstable dynamics

X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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Problem statement

Wy CONTINUOUS-TIME IDENTIFICATION?
T_airflow  T_spring
U =1, R T y==20 V" Physically meaningful parameters
—D T r, ‘TF[ MM " > V' Independence / sampling period
'“L  Theoretically less complicated model?

X Needs high derivatives to be reconstructed!

Identify a SISO model of the form:

¥For x = f(x, u) with f polynomial of degree d, the RK4

( sampled model is a polynomial of degree 4 X d.

Yy =Py, y, .y )

Under the following constraints:

pip install ml-derivatives

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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The need for parsimony

Tirflow  Tspring

=i, | &bk ' y=20
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Identify a SISO model of the form:

Ve

Yy =Py, y, .y )

\

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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The need for parsimony

WHAT ARE THE IMPLICATION OF THE CONSTRAINTS?
Tirflow  Tspring
U =1, AN w:"“" nw Y= ] The training dataset gathered from the short exper-
—D T Y r‘,l‘d:( \ { > iment is only a tiny part of the possible excursion of
- \\“/ “\(' e 0 / the arguments of P.

Identify a SISO model of the form:

Ve

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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The need for parsimony

WHAT ARE THE IMPLICATION OF THE CONSTRAINTS?
Tirflow  Tspring
U =1, AN w:"“" nw Y= ] The training dataset gathered from the short exper-
—D T Y r‘,l‘d:( \ { > iment is only a tiny part of the possible excursion of
- \\“/ “\(' e 0 / the arguments of P.

= We need

— A model’s structure and

Identify a SISO model of the form:

— An identification method
/

that lead to true generalization power!

Yy =Py, y, .y )

Under the following constraints:

X Unknown model / unknown n.
X Open-loop unstable dynamics
X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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The need for parsimony

WHAT ARE THE IMPLICATION OF THE CONSTRAINTS?
Tirflow  Tspring

U=, R ¢ T_gear

AT ey Y= ] The training dataset gathered from the short exper-
—> T o~ F,TJ \ { " iment is only a tiny part of the possible excursion of
(i el 'VI
U LN 4

the arguments of P.

= We need
— A model’s structure and
Identify a SISO model of the form:

— An identification method
/

that lead to true generalization power!

Yy =Py, y, .y )

Under the following constraints: U/

X Unknown model / unknown n.

PARSIMONIOUS IDENTIFICATION!
X Open-loop unstable dynamics

X Only short damped excitation allowed

X Noisy measurements

Use the resulting model in NMPC design.
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Parsimony — Generalization power lllustrative example

Problem
Identify a relationship:
y = P(x)

-x € R?
- P: 4th order polynomial
- Fit Train models on [—1, +1]® / Test on [—5, +5]3
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Parsimony — Generalization power lllustrative example

Problem
Identify a relationship:
y = P(x)

-x € R?
- P: 4th order polynomial
- Fit Train models on [—1, +1]® / Test on [—5, +5]3

Alternatives

— Three DNN with # complexities
— Dense RidgeCV o PolynomialFeatures

— plars — Sparse polynomial solver
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Identify a relationship:
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-x € R?
- P: 4th order polynomial
- Fit Train models on [—1, +1]® / Test on [—5, +5]3

Alternatives

— Three DNN with # complexities
— Dense RidgeCV o PolynomialFeatures

— plars — Sparse polynomial solver
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Parsimony — Generalization power lllustrative example

Problem
Identify a relationship:
y = P(x)

-x € R?
- P: 4th order polynomial
- Fit Train models on [—1, +1]® / Test on [—5, +5]3

Alternatives

— Three DNN with # complexities
— Dense RidgeCV o PolynomialFeatures

— plars — Sparse polynomial solver

Percentiles o the coeficients reconstruction errors
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Identify a relationship:
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- P: 4th order polynomial
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— Three DNN with # complexities
— Dense RidgeCV o PolynomialFeatures

— plars — Sparse polynomial solver

Mazen Alaric

Nonlinear
Control
of Uncertain
Systems

Median of cpu time vs nb of features

Conventionaland Leaming Based
Altematves with Python

0 50000 100000 150000 200000 250000 300000
Number of features

Mazen Alamir IFAC World Congress, Busan, South Korea 2026. 3/8



Parsimony — Generalization power lllustrative example

Problem

Error vs Le norm (RIDGE / PLARS / DNNs) | noise_level=0.025 | reorder=True

Identify a relationship:

= — LR
y = P(x) e

-x€R3 ;.

- P: 4th order polynomial =)

- Fit Train models on [—1, +1]> / Test on [—5, +5] -

! Leo-norm ’ ! :
Alternatives
~ Three DNN with # complexities orrop — Percentile(ly — J|, 95)

median|
— Dense RidgeCV o PolynomialFeatures (D

— plars — Sparse polynomial solver
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Parsimony — Generalization power

Illustrative example

Problem

Error vs Leo norm (RIDGE / PLARS / DNNs) | noise_level=0.025 | reorder=True
Identify a relationship:

. ow5,2)

= e
2 P =
-x€R3 [T
- P: 4th order polynomial =)
- Fit Train models on [—1, +1]% / Test on [—5, +5]
" s . ¥

Alternatives

~ Three DNN with # complexities orrop — Percentile(ly — J|, 95)

. median([y|)
— Dense RidgeCV o PolynomialFeatures

- plars = Sparse p°|ynomla| S°|Ver Error vs Lo norm (RIDGE / PLARS / DNNs) | noise_level=0.025 | reorder=True

. ons,8,2)
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Data processing,

models fitting &

evaluation

Reconstructing
higher derivatives
ml-derivatives

Generate random
damped excitation signal

100 instantiations

u(t) = sn*“( it Zavﬁm (wit + ’L,,))

=1

Noisy
Input/Output
Trajectories

noise

Emulate experiments
by simualtion

System

Relative / std=2.5%

——>

ML-working
dataset
100,000
samples

without shuffle
Test 75%
Test the model Produce
statistics

Train 25%

—> Fit the model

lﬁned model

|

_ percentile(|y —il.q)

median(|y|)
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Data processing, models fitting & evaluation

Train Data | No noise

q n=1 n=2 n=3 n=4

50% 0.36 112 0.01 0.25
80% 0.92 1.77 0.01 0.56
90% 1.75 281 0.03 0.88
95% 3.57 482 0.05 1.54
98% 7.31 8.03 0.08 2.63
99% 9.28 1096 0.10 3.30
100% 18.69 26.92 0.17 7.76

_ percentile(|y —il.q)

e
¢ median(|y|)
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Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%
q n=1 n=2 n=3 n=4 q n=1 n=2 n=3 n=4
50% 0.36 112 0.01 0.25 50% 0.45 1.32 o0.01 0.49
80% 0.92 1.77 0.01 0.56 80% 111 2.01 0.04 1.04
90% 1.75 281 0.03 0.88 90% 1.89 3.26  0.06 1.79
95% 3.57 482 0.05 1.54 95% 3.58 5.52 0.08 2.75
98% 7.31 8.03 0.08 2.63 98% 7.34 899 0.11 4.78
99% 9.28 1096 0.10 3.30 99% 921 1178 0.12 6.16
100% 18.69 26.92 0.17 7.76 100% 18.41 28.33 0.82 37.01

percentile(|y —g|,q)
g =

median(|y|)
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Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%
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50% 0.36 112 0.01 0.25 50% 0.45 1.32 o0.01 0.49
80% 0.92 1.77 0.01 0.56 80% 111 2.01 0.04 1.04
90% 1.75 281 0.03 0.88 90% 1.89 3.26  0.06 1.79
95% 357 482 0.05 1.54 95% 358 552 0.08 275  — System’s order n — 3.
98% 7.31 8.03 0.08 2.63 98% 7.34 899 0.11 4.78
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Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%
q n=1 n=2 n=3 n=4 q n=1 n=2 n=3 n=4
50% 0.36 112 0.01 0.25 50% 0.45 1.32 o0.01 0.49
80% 0.92 1.77 0.01 0.56 80% 111 2.01 0.04 1.04
90% 1.75 281 0.03 0.88 90% 1.89 3.26  0.06 1.79
95% 357 482 0.05 1.54 95% 358 552 0.08 275  — System’s order n — 3.
98% 7.31 8.03 0.08 2.63 98% 7.34 899 0.11 4.78
99% 9.28 1096 0.10 3.30 99% 921 1178 0.12 6.16
100% 18.69 26.92 0.17 7.76 100% 18.41 28.33 0.82 37.01

Test Data | Relative noise 3% | d = 3

q 50% 80% 90% 95% 98%  99%  100%
Error 0.01 0.03 0.04 0.06 0.12 0.22 1.46

percentile(|y —g|,q)
g =

median(|y|)
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Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%
q n=1 n=2 n=3 n=4 q n=1 n=2 n=3 n=4
50% 0.36 112 0.01 0.25 50% 0.45 1.32 o0.01 0.49
80% 0.92 1.77 0.01 0.56 80% 111 2.01 0.04 1.04
90% 1.75 281 0.03 0.88 90% 1.89 3.26  0.06 1.79
95% 357 482 0.05 1.54 95% 358 552 0.08 275  — System’s order n — 3.
98% 7.31 8.03 0.08 2.63 98% 7.34 899 0.11 4.78
99% 9.28 1096 0.10 3.30 99% 921 1178 0.12 6.16
100% 18.69 26.92 0.17 7.76 100% 18.41 28.33 0.82 37.01

Test Data | Relative noise 3% | d = 3

q 50% 80% 90% 95% 98%  99%  100%
Error 0.01 0.03 0.04 0.06 0.12 0.22 1.46

Test Data | Relative noise 3% | d =1
q 50% 80% 90% 95% 98% 99% 100%
Error 0.03 0.07 009 013 024 0.36 1.82

percentile(|y —g|,q)
g =

median(|y|)
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Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%
q n=1 n=2 n=3 n=4 q n=1 n=2 n=3 n=4
50% 0.36 112 0.01 0.25 50% 0.45 1.32 o0.01 0.49
80% 0.92 1.77 0.01 0.56 80% 111 2.01 0.04 1.04
90% 1.75 281 0.03 0.88 90% 1.89 3.26  0.06 1.79
95% 3.57 482 0.05 1.54 95% 3.58 5.52 0.08 2.75 = System’s order n = 3.
98% 7.31 8.03 0.08 263 98% 7.34 899 0.11 4.78
99% 9.28 10.96 0.10 3.30 99% 9.21 11.78 0.12 6.16
100% 18.69 26.92 0.17 7.76 100% 18.41 28.33 0.82 37.01
Test Data | Relative noise 3% | d = 3 )
NOTA: When d = 1,
q 50% 80% 90% 95% 98%  99%  100%

3) . -
Error  0.01 0.03 0.04 0.06 0.12 0.22 1.46 v+ Affinein y, 7.

But y and y involve nonlinear
relationships in x.

Test Data | Relative noise 3% | d =1
q 50% 80% 90% 95% 98% 99% 100%
Error 0.03 0.07 009 013 024 0.36 1.82

_ percentile(|y —il.q)

e
¢ median(|y|)
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NMPC Design

Tdentified polynomial model
[ v =PO,....y" )
Observer

9™ =PE?,....6" " u) + Ly~ §)

(w,9)
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NMPC Design

@ Identified polynomial model
{ ™ =P,y )

observer | )

- Yy

(w,y) | A e . é= |
: 9 =PE O, 5"V, 0) + Ly - 5) Y

5o
(0, ) k
i ~(0
At each sampling instant k V(0,e) | _ 0=
Solve in the unknown a & R (0, )
(00, @) Yref
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NMPC Design

/

p ) Identified polynomial model
¥ =PEO,...,y" )
Observer

(@) - [om
u,y ) ) e N £= |9
P g =P, )+ Ly - 90— 50
w007 U]
At each sampling instant k b0,0) | _ |5V | & ??(k”)’*
Solve in the unknown o € R* U(0,a) @}f) Yref,
U(o0,a) Yret Yref

Solve the optimization
problem in v

MPC Control

u* (élﬁ yref) = arg glglr? ‘\IJ(S) (07 O‘(ék, yref)) - 'P(ék» U)| u’(ék’ Yrer))
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Closed-loop under NMPC feedback

v' Sampling period 7 = 800usec
v Input blocked over 3 periods
v' Control saturation i = 0.15

v' Real-time implementable.

Mazen Alamir

Theta (rad)

theta
1 —-— theta_ref
u

0 5 10
Time (sec)
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Conclusion

Despite many advantages, CT-identification was abandoned because of
the difficulty of reconstructing high derivatives from noisy measurement.



Conclusion

Recent algorithmic advances (derivation, sparse polynomial identification) make CT-
identification again a reasonable alternative.



Conclusion

This paper provides a Proof-Of-Concept of using CT-polynomial sparse
identification in identifying and controlling totally unknown, open-loop
unstable system, using a set of few safe & short damped excitations.
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Conclusion

Despite many advantages, CT-identification was abandoned because of
the difficulty of reconstructing high derivatives from noisy measurement.

Recent algorithmic advances (derivation, sparse polynomial identification) make CT-
identification again a reasonable alternative.

This paper provides a Proof-Of-Concept of using CT-polynomial sparse

identification in identifying and controlling totally unknown, open-loop
unstable system, using a set of few safe & short damped excitations.
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Question?

Any Questions?
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