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Problem statement

Identify a SISO model of the form:

y (n) = P(y , ẏ , . . . , y (n−1), u)

Under the following constraints:

✘ Unknown model / unknown n.

✘ Open-loop unstable dynamics

✘ Only short damped excitation allowed

✘ Noisy measurements

Use the resulting model in NMPC design.

✓ Physically meaningful parameters

✓ Independence / sampling period

✓ Theoretically less complicated modela

✘ Needs high derivatives to be reconstructed!

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

sampled model is a polynomial of degree 4 × d .

Why Continuous-Time Identification?
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Why Continuous-Time Identification?

Typical short damped excitation instances
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Why Continuous-Time Identification?

pip install ml-derivatives
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The need for parsimony

Identify a SISO model of the form:

y (n) = P(y , ẏ , . . . , y (n−1), u)

Under the following constraints:

✘ Unknown model / unknown n.

✘ Open-loop unstable dynamics

✘ Only short damped excitation allowed

✘ Noisy measurements

Use the resulting model in NMPC design.

The training dataset gathered from the short exper-

iment is only a tiny part of the possible excursion of

the arguments of P.

⇒ We need

– A model’s structure and

– An identification method

that lead to true generalization power!

What are the implication of the constraints?

⇓

Parsimonious identification!
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Parsimony → Generalization power Illustrative example

Identify a relationship:

y ≈ P(x)

- x ∈ R3

- P: 4th order polynomial

- Fit Train models on [−1,+1]3 / Test on [−5,+5]3

Problem

– Three DNN with ̸= complexities

– Dense RidgeCV ◦ PolynomialFeatures

– plars → Sparse polynomial solver

Alternatives

error =
percentile(|y − ŷ|, 95)

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

Train Data | No noise

Train Data | Relative noise 3%

⇒ System’s order n = 3.

Test Data | Relative noise 3% | d = 3

Test Data | Relative noise 3% | d = 1

NOTA: When d = 1,

y (3) Affine in y, ẏ, ÿ

But ẏ and ÿ involve nonlinear

relationships in x .
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But ẏ and ÿ involve nonlinear

relationships in x .

Mazen Alamir IFAC World Congress, Busan, South Korea 2026. 4/8



Data processing, models fitting & evaluation

Train Data | No noise Train Data | Relative noise 3%

⇒ System’s order n = 3.

Test Data | Relative noise 3% | d = 3

Test Data | Relative noise 3% | d = 1

NOTA: When d = 1,

y (3) Affine in y, ẏ, ÿ
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NMPC Design
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NMPC Design
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Closed-loop under NMPC feedback

✓ Sampling period τ = 800µsec

✓ Input blocked over 3 periods

✓ Control saturation ū = 0.15

✓ Real-time implementable.
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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?
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