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Context: Pesticide transfer dynamics

Landscape features speed up or slow down pesticide transfer from the plots to the river.

= The configuration of the catchment influences the water quality.
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Context: PESHMELBA model

) S
.| [pLor f
Llﬁj_ Fhveameraser] R ® not all parameters can be
Gt | measured
(st T ¢ — calibration of
C e parameters through field
Figure: PESHMELBA model, [7]. observations

® process-oriented, physically-based, coupling with
landscape features

® simulates water and pesticide transfers on an agricultural
catchment

e distributed model, numerous parameters to calibrate
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Introduction: Classic calibration
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Introduction: Classic calibration

22
v
'EXK f‘
i»l @ —> M(x, ) %

o f(w,Zz)
4004044

@ > Yobs

Katarina Radisi¢ Rencontres Mexico 5-6 déc. 2024, Villeurbanne 4/22

INRAZ



Introduction: Classic calibration
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Introduction: Classic calibration
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Introduction: Classic calibration
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Introduction: Robust calibration

1. Find x*

robust

2. other definitions of robustness, excursion sets, relative regret [1, 8].

minimizing a Qol: the mean IE, the variance Var, or Pareto of the two [2, 6].

— a thing in common : computationally expensive

® take a non-intrusive approach in the space Q [9, 4]
* estimate a stochastic emulator f(x,w) ~ f;(x,w) over the whole space Dx x Q [3]

— use ?'s(x,w) to estimate different x*, ..
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Methodology: Polynomial chaos expansion (PCE)

fs(x, w) fu(x, w1) ~

v
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Methodology: Polynomial chaos expansion (PCE)
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Methodology: Polynomial chaos expansion (PCE)

fs(x,w) fs(X.,’w'l) ~ flglc)E(X) = Z Cawa(x)

A ) acA
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Polynomial chaos expansion (PCE)

fi(x,w1) = Fige(x) = Y cathal(x)

acA
= ConPoy (X) + Cazwaz(x) + Ca3¢a3(x)
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fi(x,w1) = Fige(x) = Y cathal(x)

acA

= ConPoy (X) + Cazwaz(x) + Ca;%za(")
fi(x,w1) & £ (x) = Y catalx)

acA

= ConPoy (X) + Con¥a, (X) + CosPas (X)

Rencontres Mexico 5-6 déc. 2024, Villeurbanne

6/22



Methodology: Polynomial chaos expansion (PCE)
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Methodology: Polynomial chaos expansion (PCE)
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A

Methodology: Stochastic emulator f;: Fitting

(a) polynomial
chaos
fs(x,w) expansion
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Methodology: Stochastic emulator f;: Fitting

(a) polynomial
chaos Ca, (b) principal

fs(x,w) expansion components
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fs(x,w)
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Methodology: Stochastic emulator f;: Fitting
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Methodology: Stochastic emulator f.: Fitting

(a) polynomial

chaos b) principal

fs(x, w) expansion components
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Methodology: Stochastic emulator f;: Generate new trajectories

(a) polynomial
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fs(x,w) expansion components
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Methodology: Stochastic emulator f;: Generate new trajectories

(a) polynomial o) .
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Methodology: Stochastic emulator f;: Validation vs f;

Averaged normalized Wasserstein distance

Cost function: metamodel and test
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Methodology
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Methodology: Robust calibration with f.
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Methodology: Robust calibration with f.
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Case study: Moisture profiles

(c) PESHMELBA configuration
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Soil column
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Case study: Moisture profiles

(c) PESHMELBA configuration

(b) Parameters to calibrate

Name  Definition

Os.surf.  water content at saturation (surface)

Os.inter.  Water content at saturation (intermediary) é_
Os.deep  Water content at saturation (deep)

Or.geep  residual water content (deep)

mn.geep  Van Genuchten retention curve parameter (deep)
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(b) Parameters to calibrate

Case study: Moisture profiles

(c) PESHMELBA configuration

Soil column
surface

intermediary

Name

Definition

water content at saturation

water content at saturation (intermediary) é——

water content at saturation (deep)
residual water content (deep)

Van Genuchten retention curve parameter (deep)

Cell

Synthetic observation

.

— ——— ——
.

51 .

———-'—-

.
104 .
.
.
.
.
151 .
.
.
.
.
20 .
.
.
.
.
2 . =
o 030 035

Soil moisture [cm3/cm3)]

® parameters x (prior GSA), 5 params.

® forcing uncertainty €2, rain error

® observation y,ps, moisture profile

® cost function f
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(a) Forcing input

(c) PESHMELBA configuration

Case study: Moisture profiles

1

ermor
104 “

i
Time []

(b) Parameters to calibrate

Name Definition

=

E Soil column
E ‘ — original

=

&

surface

intermediary

Cell

water content at saturation /
water content at saturation (intermediary) é——

water content at saturation (deep)

residual water content (deep)

Van Genuchten retention curve parameter (deep)

® parameters x (prior GSA), 5 params.
® forcing uncertainty €2, rain error
® observation y,ps, moisture profile

® cost function f
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Soil moisture [cm3/cm3)]

(d) Observation:
moisture profile of plot 4
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Results: Overview
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Results: Overview

Cost function
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Results: Overview

Cost function Metamodel Minimization
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Results: Overview

Wy, Model Cost function ~ Metamodel Minimization
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Results: Overview

Wy, Model Cost function ~ Metamodel Minimization
5 (&)
- o 1 1 ~*(1) ]
5 =A@ = ep) 7 d.
A~k g
Observation — (@) — filpep(®) — Taesie — |
el @ S e al, >
obs =
Stochastic
emulator O A*l(r) )
ctassic
fo(@)
INRAZ

Katarina Radisi¢ Rencontres Mexico 5-6 déc. 2024, Villeurbanne 12/22



Results: Overview

Wi, Model Cost function ~ Metamodel Minimization
&) | e
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Wn, — fs (x) fsfch(l") Lelassic ~
- ) 3f(2)(x) s £ (z) — 5*(2) l
Observation s s_PCE classic > |
o ff ) a0
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Observation

Yobs

1. Fit and validate ?5

Results: Overview

Cost function

Metamodel

— @) — fQeple) —

— P (2) —

(2)
s-PCE

(n)

() —

—>f§n)($) —> fs. PCE( )—>

Stochastic
emulator

A

Ji(x)

2. Get robust calibration for different thresholds c.

3. Compare robust calibration to classic approach.
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Results: Overview

of«j_l) N‘[f)‘(‘id Cost function ~ Metamodel Minimization
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G

1. Fit and validate f‘s
2. Get robust calibration for different thresholds c.

3. Compare robust calibration to classic approach.
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Results: Fit and validate IA‘S

PCI (87.2%) | PC2 (98%) PC3 (98.9%) PC4 (99.5%)
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Results: Fit and validate lAcs

PC1 (87.2%) | PC2 (98%) PC3 (98.9%) PC4 (99.5%)
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Results: Fit and validate lAcs

PC1 (87.2%) PC2 (98%) I PC3 (98.9%) PC4 (99.5%)
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Results:

Fit and validate IA‘S
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Results: Fit and validate IA‘S
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Results: Robust calibration with different thresholds ¢
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Results: Robust calibration with different thresholds ¢
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Results: Compare robust calibration with classic approach
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Results: Compare robust calibration with classic approach
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Results: Compare robust calibration with classic approach
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Results: Pesticide concentration at outlet
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® For real (complex) models, the sample size required to fit f; can be very large.

® Especially in the presence of interactions between w and X in the model/cost function.

Possibilities for the future...
® Development and comparison with adaptive methods [2].
® Study and definition of robustness criteria for pesticide concentrations.
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