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Problem statement

ẋ = f (x,u, p) | y = h(x,u,p)

Class of Systems

→ f , h known.
→ p, uncertain | known statistics P .
→ y measurement vector including u

z = T(x,u,p)

Partial observation target

→ T known.
→ Example: Control law: z = k(x, p)

MA. Partial Extended Observability Certification and Optimal Design
of Moving Horizon Estimators. IEEE Transactions on Automatic
Control, Volume 67, Issue 7, pages 3663-3669, July 2022.

Options

Extend the state→ Ext-MHE→ x̂, p̂→ ẑ
cpu-expensive | full estimation | non
observability

Stochastic MHE→ x̂:=argminEP (·)
cpu-expensive | full estimation

This contribution

Design O such that:

ẑk ≈ O(y(−)

k )

O must take into account:

1) The statistics P ,
2) The noise level

where y(−)

k :=


yk

yk−m
...

yk−Nm

 ∈
[
Rny

]N+1
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ẑk ≈ O(y(−)

k )

O must take into account:

1) The statistics P ,
2) The noise level

where y(−)

k :=


yk

yk−m
...

yk−Nm

 ∈
[
Rny

]N+1

Mazen Alamir IFAC World Congress, Busan, South Korea 2026. 1/6



Problem statement

ẋ = f (x,u, p) | y = h(x,u,p)

Class of Systems

→ f , h known.
→ p, uncertain | known statistics P .
→ y measurement vector including u

z = T(x,u, p)

Partial observation target

→ T known.
→ Example: Control law: z = k(x, p)

MA. Partial Extended Observability Certification and Optimal Design
of Moving Horizon Estimators. IEEE Transactions on Automatic
Control, Volume 67, Issue 7, pages 3663-3669, July 2022.

Options

Extend the state→ Ext-MHE→ x̂, p̂→ ẑ
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ẋ = f (x,u, p) | y = h(x,u,p)

Class of Systems

→ f , h known.
→ p, uncertain | known statistics P .
→ y measurement vector including u

z = T(x,u, p)

Partial observation target

→ T known.
→ Example: Control law: z = k(x, p)

MA. Partial Extended Observability Certification and Optimal Design
of Moving Horizon Estimators. IEEE Transactions on Automatic
Control, Volume 67, Issue 7, pages 3663-3669, July 2022.

Options

Extend the state→ Ext-MHE→ x̂, p̂→ ẑ
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The rationale

The past measurement might retrieve the necessary information to
reconstruct z = T(x,u, p) ∈ R but not necessarily (x̂, p̂) ∈ Rnx+np .
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Building the map O : y(−)k → ẑk and evaluate performance

X Choose noise|uncertainty levels (ν, δp)

X Simulate nsc scenarios (p sampled usingP)

s := (x0, u, p) ∈ X× UN × P(δp)

X Collect the working data:

D(ν, δp) :=
{(
y(−)

k (s) + νε, zk(s)
)}

s,k

X Fit a model O(ν, δp) using D(ν, δp).

MA. Scalable Sparse Identification of Nonlinear
Relationships. In Nonlinear control of Uncertain Systems.
Springer Nature 2026.

Compare the performance on unseen new
scenarios between:

• Random Forest

• XG-Boost

• K-Nearest-Neighbors

• Deep Neural Network

• Plars: Sparse polynomial (this contribution).
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X Choose noise|uncertainty levels (ν, δp)

X Simulate nsc scenarios (p sampled usingP)

s := (x0, u, p) ∈ X× UN × P(δp)

X Collect the working data:

D(ν, δp) :=
{(
y(−)

k (s) + νε, zk(s)
)}

s,k

X Fit a model O(ν, δp) using D(ν, δp).

MA. Scalable Sparse Identification of Nonlinear
Relationships. In Nonlinear control of Uncertain Systems.
Springer Nature 2026.

Compare the performance on unseen new
scenarios between:

• Random Forest

• XG-Boost

• K-Nearest-Neighbors

• Deep Neural Network

• Plars: Sparse polynomial (this contribution).

Mazen Alamir IFAC World Congress, Busan, South Korea 2026. 3/6



Building the map O : y(−)k → ẑk and evaluate performance
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ETC

y(−)

k ∈ R30 | y = x1 | z ∈ {x2, x3}

6800 samples← training

136000 samples← test

Lorentz

y(−)

k ∈ R5 | y = x1 | z ∈ {x2, x3}

2200 samples← training

44000 samples← test
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Compare the performance on unseen new
scenarios between:

• Random Forest

• XG-Boost

• K-Nearest-Neighbors

• Deep Neural Network

• Plars: Sparse polynomial (this contribution).

For all competing solutions (except Plars),
sets of hyper-parameters settings have been
spanned and the ones leading to the best
performance (on test dataset) have been
used in the displayed performance results.

Unfair comparison
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Results

Presentation of the performance results
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Results

Dataset available @:
MA. Dataset for nonlinear state estimator design.
10.34740/KAGGLE/DSV/10016280

Full details available @:
MA. Partial state estimator design for Nonlinear Uncertain
System. In Nonlinear control of Uncertain Systems.
Springer Nature 2026.
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Take-Home Messages

Learning might be a way to explicitly
build partial stochastic estimator in
the presence of uncertainties with
known dispersion.

Sparse models derivation is crucial
for learning with limited data.

Since, successful extension of the the
current investigation to piece-wise
polynomial relationships.

Questions?
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