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?Nora Liithen, Stefano Marelli, and Bruno Sudret (Mar. 2023). “A
- spectral surrogate model for stochastic simulators computed from
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PCE on each rain realization, then Principal component analysis on the PCE coefficients
® representation of the impact of the variability of the rain on the cost function through a
random variable in the latent space

® the mean and variance are analytically available and independent of the distribution of Z
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Case study: Moisture profile observations, twin experience

Rain and parameter changes on the moisture profile
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Results: Conditional minimization

® PCE constructed conditionally to

each train rain realization.
® Determination coefficients
R? > 0.95
® Minimization BFGS conditionally | | I S
to each rain realization. ol Lo ab J] sl i, W
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Figure: Histogram of conditional minimizers to each
INRAG/ train rain realization.
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Results: Validation of the emulator
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Results: Validation of the emulator

Test vs train set trajectories projected on PCE basis
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Conclusion

® The PCE approximations on each conditioned rains have a determination coefficient
R? > 0.95 and the approximation of the metamodel mean is good.

® The minimizer of the mean has lower cost function on unseen rains than a randomly
chosen conditional minimizer.

® The variance of the metamodel is not a good estimate
What next ?
— work on the estimation of the variance
— study the Pareto-optimal minimizers
— augment rain perturbations
—

minimize mean and variance with Gaussian Process based Efficient Global Optimization,
compare the precision and number of model evaluations needed.

I

observe another output, for example pesticide quantities in the river, interaction will be
added.

up the domain to the catchment scale

1
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Katarina Radisi¢ Lefe-Manu, 20-22 June 2023 11/13



Thank you for your attention !

INRA
w Katarina Radisi¢ Lefe-Manu, 20-22 June 2023 12/13



Context

300

200

300

200

100

INRAZ

Introduction

Methods
(o]
[e]e]

Case study
o

Results

(o]
oo

hgi0 mn10 th10
J i j
| i |
| | |
| i |
| | |
| i |
| i |
| i |
| i |
| h
i |
| |
i |
i
. I 1 il P I [ I_-*..' 1 I I I I 1.
-36 35 -34 0.15 0.20 032 0.36 0.40
the thr10
) | | '
| | | i
| | i
i | | i
i | | ]
| | |
i i
\ ]
IILILIII l"lll | 1 |i (N1 W] =l il 1 .
027 028 029 029 0.30 031 0.32 0.03 0.06 0.09
value

Katarina Radisi¢

Lefe-Manu, 20-22 June 2023

parameter

[ ngio
. mni0
[ mo
[ mis
[ me

[ o

statistics
Conditional
Mean

True

Conclusion
ooe

13/13



	Context
	Introduction
	From classical to robust calibration

	Methods
	Robust estimators
	Stochastic metamodel

	Case study
	Moisture profile observations, twin experience

	Results
	Conditional minimization
	Validation of the emulator

	Conclusion

