Optimisation of
biogeochemical
model parameters
using BGC-ARGO

profiling floats

Quentin Hyvernat
ghyvernat@mercator,




Ocean
Predict

Optimisation of biogeochemical model
parameters using BGC-ARGO profiling floats

* Quentin Hyvernat, Alexandre Mignot*, Elodie Gutknecht,
Giovanni Ruggiero, Coralie Perruche, Guillaume Samson, Hervé
Claustre*, Fabrizio D’ortenzio* *PhD supervisor

N\ _LABORATOIRE
vErcATor LW V Hieme
OCEAN

INTERNATIONAL

= T 2%,

: g %

: unesco (&

= N

3

§ unesco

£ Intergovernmental ted Nations
8 Oceanographic

—  Commissi

2[]21 Unite ns Decade
of Qcean Science
2030 5SS Sevnpren 1



Ocean
Predict

NHSTSS, pCO2

CONTEXT

INn partnership With

NPSPSS, pCO2 NASPSS, pC0O2
50 | | 50 |
B a £ JEDa N
50 | ] -50
JAN APR JUL OCT JAN APR JUL OCT JAN APR JUL OCT JAN APR JUL OCT o

NHSTPS, pCO2

LA

VaNl

"

=

JAN APR JUL OCT JAN APR JUL OCT

'40'.“‘.........“'
JAN APR JUL OCT JAN APR JUL OCT
e I IPE miodels
— pCO2 products
40 40 Bttt el
20 }:\ %\ 1 - 20 | ]
‘T D R =
_20 e Pt 4 =
20 | ]
‘40'|||\|||||||||\\'
JUL OCT JAN APR JUL OCT JAN APR -40

e XL AN | AN
2-20 3/ \'_—:/ \

JUL OCT JAN APR JUL OCT JAN APR
Seasonal Variability of the Surface Ocean Carbon Cycle: A o
Synthesis

Keith B. Rodgers'? (', Jorg Schwinger® (*/, Andrea J. Fassbender® ), Peter Landschiitzer® (-,

Ryohei Yamaguchi® =, Hartmut Frenzel®” =, Karl Stein'? =, Jens Daniel Miiller® =, Nadine Goris® =,
Sahil Sharma'? (), Seth Bushinsky'® (*, Thi-Tuyet-Trang Chau'' (', Marion Gehlen'' ',

M. Angeles Gallego' (0, Lucas Gloege'>'? (), Luke Gregor® (7, Nicolas Gruber® (2, Judith Hauek' ),
Yosuke Tida'* =, Masao Ishii'® =/, Lydia Keppler'? =, Ji-Eun Kim'? ', Sarah Schlunegger'® \=),

Jerry Tjiputra® (', Katsuya Toyama'® (", Pradeebane Vaittinada Ayar™'"' (), and Antén Velo"

Large gap between
observations and
models !
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represent seasonal
variations in pCO2 ?



Pragiet CONTEXT

Biogeochemical models still have many weaknesses &

Biogeochemical processes are described by empirical relationships:
a mathematical formulation involving one or more parameters :

* The values of biogeochemical parameters primarily are mainly
derived from laboratory experiments and are therefore rarely
based on in situ observations (Fennel et al.2019 ).

* A single set of parameters may not be representative of the many

biogeochemical diversities found in the global ocean (Schartau et
al.2017 ).



Ocean

rredicc  IMlaterials : Particle filter

-PISCES model to find

<
O

The aim is to explore the parameter space of the NE

out whether it is able to reproduces the seasonal cycle observed by the floats.
All parameters of a biogeochemical model affect the
behavior of the model, Targely due to complex non-linear We perturb the reference value (REF) of all parameters
interactions between parameters except those related to the Redfield ratio. The

— perturbation range is [REF*0.01,REF*1.99].

A global sensitivity analysis approach for marine biogeochemical modeling
C. Prieur®, L. Viry”, E. Blayo™ , J.-M Brankart”

* Univ. Grenoble Alpes, CNRS, Inrid, Grenoble INP ', LJK, Grenoble 38000, France
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Float trajectory
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Variables mm F

Chla*
POC*

ChIprod Layerl HDCMl CthCM

O IDOCprod. Layer | IDOCmeso
0 OZ prod. Layer | OZ meso | OZ min | HOZ
min
O/NN NO3 Prod. Layer | NO3 meso | Hnitracline
NN Sio32_prod. Layer Sio32_meso
NN DICprod. Layer DICmeso
NN PO4 prod. Layer PO4 meso
NN AII<prod. Layer AII<meso
NN pHprod. Layer pHmeso
NN PCO; surface

(O) : Observed (NN) : Neural Network
*Assimilated variables

Bittig et al,, 2018, Mignot et al, 2023
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Percentage At the end of the 1D optimisation process, we

Percentage improvement )
(Best selected the 10 ensemble members with the
(ensemble

member/Reference) (%) | eragesreference) (%) TNV REINES

improvement

The average of the
metrics in the -49.42 -52.15 « We have used these ten separate parameter

productive layer. sets to generate a set of ten 3D NEMO-
Average of all P 211 PISCES simulations in the IBIl region,
assimilated metrics ' ' covering three years from 2021 to 2023.
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Perspective and conclusion

To summarize :

Development of an ensemble method for parameter optimization of biogeochemical
model.

The optimized 1D simulation achieves a 35% improvement in representing the observerd
seasonal cycle compared to the reference simulation.

The implementation of optimized parameters in the NEMO-PISCES 3D model leads to
better regional results compared to the NEMO-PISCES 3D simulation using reference
values. It can also correctly simulate seasonal variations in pCO, and estimate uncertainties.

Perspective :

Use other sets of observations to optimise the continental shelf too.

We will apply this method to multiple BGC-Argo observations in different bio-regions to
produce an optimised global biogeochemical model.

13
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The red color indicates that the member
performs worse in predicting Chlorophyll
compared to the reference simulation
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boundary
conditions
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Validation against independent BGC-Argo float
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m— Median of 10 members with Goad pcO2
m— Median of 10 members with Bad pCO2
REF

Par conséquent, 'augmentation de la P-I slope et de la
constante de demi-saturation a permis d'augmenter le
rapport en la production primaire et la prédation.

a permis d'accroitre la production primaire. Ces effets ont
pour conséquence de diminuer la concentration de DIC.
Rodgers et al., 2023 montre d‘ailleurs que la variabilité
saisonniere produite par les modeles est trop faible, ce
qui cause la mauvaise représentation de la pCO..
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