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assimilation of space-borne SIF retrievals and in situ GPP estimates
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Through photosynthesis, terrestrial vegetation fixes approximately 120 to 170 GtC per year, making it both the largest and most uncertain component of the global carbon cycle. Reducing the uncertainty in
Land Surface Models (LSM) is crucial for improving confidence in projections of global carbon cycle dynamics and their feedback to climate change. Improving LSM parameterization is often undertaken by

assimilating in situ eddy-covariance flux data, but the latter lack spatial representativeness.

The exploitation of space-borne observations of Solar-Induced Chlorophyll Fluorescence (SIF), a by-product of photosynthesis in terrestrial ecosystems, has been the subject of intense research activities in
recent years to improve the spatial and temporal distribution of the Gross Primary Production (GPP). However, despite their denser space-time coverage compared to in situ data, the utilization of SIF
retrievals for LSM calibration remains challenging because of 1) their associated errors, 2) uncertain process-related representations in LSMs, 3) the choice of the parameters to optimize, and their range of

variation, to avoid model overfitting as much as possible.

We assess here the constraints provided by space-borne SIF retrieval, in complement to in situ data, within a 4DVar data assimilation framework, to ultimately help improving the simulation of GPP by the
ORCHIDEE LSM from site to regional scales. A more detailed analysis is conducted on two PFTs: Boreal Evergreen Needleleaf forests (BorENF), Temperate Deciduous Broadleaf forests (TeDBF).

Data

SIF ° Pre-operational ESA-TROPOSIF product (Guanter et al., 2021) processed daily on S5P-PAL data portal: https://data-portal.s5p-pal.com/products/troposif.html

* Use of spatio-temporal binning to reduce retrieval noise: 0.1°/8-day product available on IPSL Data Centre https://thredds-x.ipsl.fr/thredds/catalog/troposif-catalog.html
* Selection of homogeneous pixels, for each biome, for assimilation and for evaluation (20 pixels in each case)

GPP - insitu GPP estimates from eddy-covariance flux towers (FLUXNET) at daily time step
. Data-driven GPP products used for evaluation: FLUXCOM-X-BASE (Nelson et al., 2024), FLUXSAT (Joiner et al., 2018)

Model-Data Fusion framework

ORCHIDEE mechanistic Land Surface Model that simulates the exchanges of carbon,
water, and energy between biosphere and atmosphere, from site to global scales

SIF modelling within ORCHIDEE

. leaf level:
— parametric model of yield of photoprotection fitted on leaf scale fluorescence

data (Bacour et al., 2019)
— emission calculated using the FluorMODIleaf concepts (Pedros et al., 2010)

. canopy level:
— two-stream scheme to calculate top-of-canopy SIF accounting for direct and
diffuse absorbed light (Zhang et al., 2020)

ORCHIDAS 4DVar Data Assimilation framework with iterative minimization of the misfit
function J(x):
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Assimilation protocole
* PFT and multi-pixels (20 homogeneous pixels) / multi-sites based assimilations
 ~10 parameters optimized related to photosynthesis, phenology and SIF
* experiments:
— assimilation of SIF data only
— assimilation of GPP data only and joint assimilation of SIF and GPP (for BOENF)

https://orchidas.Isce.ipsl.fr/

* The assimilation of SIF data (only) improves the agreement between the modelled GPP relative to data-driven
estimates except for two PFTs (Tropical Evergreen Broadleaf forests and Temperate C3 grass). I m FLUXCOM X BASE

* Work in progress to improve the assimilation set-up (choice of the parameters to be optimized and authorized

range of variation).

GPP: RMSD between data-driven estimates and ORCHIDEE
simulations, prior and posterior to SIF data assimilation

data-driven GPP
20 independent pixels (2019-2022) 20 independent pixels (2001-2020)
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L S *  Prior ORCHIDEE GPP simulations already capture the variations of in situ estimates
quite well.

* Assimilating SIF data results in a degradation of the modeled GPP at sites (earlier
senescence compared to in situ data), but an improvement is observed at larger
scales when compared to data-driven GPP estimates.
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* Assimilating SIF data alone improves the simulation of GPP relative to both data-
driven and in situ estimates.
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