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1 Executive Summary

The purpose of this work is to ingest satellite observations of leaf area index (LAI), microwave
vegetation optical depth (VOD), and solar induced fluorescence (SIF) to constrain the
terrestrial biogenic carbon uptake. Numerical experiments performed by 4 modelling
approaches (ISBA, ECLand, ORCHIDEE, SDBM) are compared. ISBA and ECLand use an
LDAS approach to perform a sequential assimilation of satellite observations to analyse model
state variables, ORCHIDEE uses satellite data to optimize the value of model parameters,
SDBM is directly driven by satellite FAPAR. The VOD assimilation is evaluated using ISBA
and ECLand. The consistency of SIF with LAl and gross primary production (GPP) is
evaluated using ISBA. Global FLUXCOM-V2 GPP estimates are used to benchmark models.

2 Introduction

Following the CO, Human Emissions (CHE) project, and the Observation-based system for
monitoring and verification of greenhouse gases (VERIFY) project, CoCO2 aims to create a
prototype anthropogenic CO; emission Monitoring and Verification Support (i.e., the
CO2MVS) systems at global, regional, and local scales in the framework of low-carbon
economy and implemented commitments under the Paris Agreement (Delbeke et al., 2019)
and the European Green Deal (EU Commission, 2021). This effort will support countries with
an independent assessment of their emissions and reduction targets. Moreover, the resulting
information, being consistent and reliable, will provide support to policy- and decision-making
processes both at national and European level.

The global modelling and data assimilation work package 3 (WP3) of CoCO2 is focused on
the development of the CO2MVS at a global scale, building on existing capacity, and will
deliver a system that can provide information of CO, emissions and other surface exchanges
in near-real time, as well as in past reanalysis mode. The European Centre for Medium-range
Weather Forecasts (ECMWF) Integrated Forecasting System (IFS) is at the core of the
CO2MVS with planned developments in several areas, such as data assimilation, tracer
advection, representation of anthropogenic impact on land-surface exchanges, simulations of
biogenic fluxes, among others.

Biogenic fluxes play a fundamental role in the carbon cycle with a key component centred on
the capacity of plants to absorb carbon via photosynthesis. This process is also crucial for the
land-surface water and energy cycles. These three cycles, water/energy/carbon, are coupled
and interact on time-scales ranging from minutes to centuries. Among different aspects of the
processes involved, Land Use and Land Cover (LULC) is extremely relevant in the estimation
of biogenic carbon fluxes (Quaife et al., 2008) and their changes are extensively studied in the
context of climate change. Moreover, the errors found in the models’ representation of LULC
effects on the lower troposphere have also been shown to limit the progress in weather and
climate predictability (e.g. Guo et al., 2011; Orth et al., 2016).

In the current ECMWEF land surface model (ECLand) the LAl is based on a 2000-2008
climatology derived from Moderate Resolution Imaging Spectroradiometer (MODIS) collection
5 (MOD15A2) data and rescaled using a static LAl dataset to guarantee neutral impact on the
ECMWF model (Boussetta et al., 2013). The interannual variability of LAI is not represented.
Therefore, the representation of vegetation in ECLand does not fully benefit from the
developments of remote sensing vegetation data sets during the past 20 years and developing
techniques to integrate such data into ECLand is needed.

CoCO0O2-D3-4 9
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2.2.1 Objectives of this deliverables

This deliverable is integrated in Task 3.3 aiming to improve global simulations of biogenic
fluxes and to integrate land-surface remote sensing observations and ancillary data related to
vegetation carbon exchanges in the IFS prototype.

Key obijectives of this document are to

e assess to what extent vegetation satellite products such as LAI, microwave Vegetation
Optical Depth (VOD), and Solar-Induced Fluorescence (SIF) could be integrated into
ECLand

¢ demonstrate the use of Land Data Assimilation Systems (LDAS) at ECMWF and
Meteo-France

e present a potential observation operator for VOD
e assimilate VOD to analyse LAl

e intercompare Gross Primary Production (GPP) estimates from the different modelling
approaches, with and without the assimilation of vegetation products: ECLand, ISBA,
ORCHIDEE, and SDBM, developed by ECMWF, Meteo-France, LSCE, and
ULund/iLab, respectively.

2.2.2 Work performed in this deliverable

This deliverable was produced through the collaboration between all authors from the different
institutions. This included ECLand offline and online model simulations, ISBA simulations
within the SURFEX modelling platform, ORCHIDEE simulations, SDBM.

ECMWF, Meteo-France and LSCE have assimilated vegetation variables in their data
assimilation system and started exploring the use of new satellite data. ULund and iLab forced
SDBM with satellite FAPAR vegetation data.

Each partner did their own data processing, analysis, evaluation, in their own data processing
environment, and wrote a chapter of this document describing the methods, the data used,
and the results.

Each chapter describes the progress achieved by a given partner within its own modelling
system, with a self-assessment section (pros and cons), and yearly global GPP estimates
derived from their model.

Chapters 3, 4, 5, and 6, correspond to ISBA (Meteo-France), ECLand (ECMWF), ORCHIDEE
(LSCE), and SDBM (ULund and iLab). The FLUXCOM-V2 dataset produced by WP5 was
used in the evaluation. In Chapter 7, pros and cons of data and modelling approaches are
presented, together with a comparison of simulated global yearly GPP with FLUXCOM-V2.

2.2.3 Deviations and counter measures

There were no major deviations from the work plan.

CoCO0O2-D3-4 10
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3 ISBA

At the Meteorological Research Division of Meteo-France, CNRM (Centre National de
Recherches Météorologiques), LDAS-Monde (Albergel et al., 2017) has been developed as
an offline LDAS capable of sequentially and simultaneously assimilating LAI and surface soil
moisture (SSM) into the ISBA (Interactions between Soil-Biosphere-Atmosphere) land surface
model (Noilhan and Mahfouf, 1996; Calvet et al., 1998, 2004; Gibelin et al., 2006; Barbu et al.,
2014). LDAS-Monde has the ability to integrate satellite data into ISBA at global and regional
scales and can be used to monitor and predict the state of land surface variables (Albergel et
al., 2017, 2019, 2020; Tall et al., 2019; Bonan et al., 2020; Mucia et al., 2022). Knowing the
strong positive influence of LAI assimilation on the simulation, and also recognising the
weakness of assimilating these observations only every 10 d, Mucia et al. (2022) investigated
the assimilation of seasonally linearly rescaled VOD as a proxy for LAI over contiguous United
States (CONUS). In addition, the consistency between simulated and analysed LAl and GPP
was assessed over the Euro-Mediterranean (EUMED) region using S5-P TROPOMI SIF data.

The LDAS-Monde tool uses a version of ISBA capable of simulating plant growth together with
the diffusion of water and heat into the soil. A parsimonious approach is used to represent
plant growth and leaf phenology (Calvet et al. 1998, Gibelin et al. 2006). The simulated leaf
phenology is entirely driven by photosynthesis and depends on only two static parameters:
the maximum leaf span time, which ranges from 150 d for low vegetation to 365 d for
evergreen trees, and the minimum LAI, which ranges from 0.3 m?m2 for low vegetation to 1.0
m?m- for evergreen trees. The resulting simulated LAl is flexible and can be analysed at any
time when an observation is available. This allows for a sequential assimilation of LAl (Barbu
et al. 2014). In addition to LAl analysis, LAl assimilation provides an analysis of root-zone soill
moisture. Note that LDAS-Monde does not guarantee conservation of mass.

3.1.1 Offline simplified extended Kalman filter (SEKF)

Within the SURFEX (Surface Externalisée Version 8.1) modelling platform (Masson et al.,
2013) developed by CNRM (http://www.umr-cnrm.fr/surfex), a package allows the offline
assimilation of satellite-derived products into the ISBA land surface model using the LDAS-
Monde data assimilation system. In the LDAS-Monde system (Albergel et al., 2017), observed
satellite LAl and SSM data are assimilated into the ISBA LSM using a simplified extended
Kalman filter (SEKF) data assimilation technique (Mahfouf et al., 2009). The SEKF technique
uses finite differences to compute the flow dependency between the assimilated observations,
SSM and LAl, and the control variables (soil moisture from soil layers 2 to 8 (0.01 to 1.00 m)
and LAI). The eight control variables are updated directly by the observed variables according
to their sensitivity as given by the SEKF Jacobian matrices (Barbu et al., 2014). Other model
variables are updated indirectly through feedbacks and other biophysical processes as related
to the control variables.

3.1.2 Rescaling

A seasonal linear rescaling technique is used to (1) fit assimilated SSM observations to the
soil characteristics used in the ISBA model, (2) use VOD as a proxy for LAI, (3) use THEIA
AVHRR LAl as a proxy for CGLS LAI. Assimilated LAI is not rescaled to fit the model LAI.

3.1.3 Experiment setup

Meteo-France carried out 8 numerical experiments, listed in Table 1.

CoCO0O2-D3-4 11
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Table 1: Numerical experiments using ISBA and the offline LDAS-Monde tool*

Experiment Assimilated
(time period) satellite M.odel Mode! control Atmospheric
(area) observations equivalent variables forcing
OL_GLOBE ERA5
(2002-2019) n/a n/a n/a re-interpolated at 0.25°
(global)
SEKF_LAI_SSM_GLOBE | GEOV2 CGLS LAI LAI, LA ERA5
(2002-2019) and WG2 WG2 to ’WGB re-interpolated at 0.25°
(global) ESA-CCI v6.1 SSM (0.01-0.04 m) (0.01-1 m)
(rescaled) ]
OL_CONUS ERA5
(2003-2018) n/a n/a n/a re-interpolated at 0.25°
(20-55 N, 130W-60W)
SEKF_LAI_CONUS LAI, ERA5
(2003-2018) GEOV2 CGLS LAI LAI WG2 to WG8 | re-interpolated at 0.25°
(20-55 N, 130W-60W) (0.01-1 m)
SEKF_VOD_CONUS LAI, ERA5
(2003-2018) VOD(E:Z ;(C;’ZZ? VoD LAl WG2 to WG8 | re-interpolated at 0.25°
(20-55 N, 130W-60W) (0.01-1 m)
OL_EUMED HRES
(2018-2020) n/a n/a n/a re-interpolated at 0.10°
(30-72 N, 25W-45E)
SEKF_LAI_EUMED LAI, HRES
(2018-2019) GEOV1 CGLS LAl LAI WG2 to WG8 | re-interpolated at 0.10°
(30-72 N, 25W-45E) (0.01-1 m)
SEKF_LAI_EUMED THEIA AVHRR LAl LAI, HRES
(2020) (rescaled to match LAI WG2 to WG8 | re-interpolated at 0.10°
(30-72 N, 25W-45E) GEOV1 CGLS LAI) (0.01-1 m)

* OL, SEKF, CONUS, EUMED, LAI, SSM, VOD, CGLS, VODCA, WG2, WG8, ERA5, HRES
stand for Open-Loop, Simplified Extended Kalman Filter, Continental United States, Euro-
Mediterranean, Leaf Area Index, Surface Soil Moisture, microwave Vegetation optical Depth,
Copernicus Global Land Service, Vegetation Optical Depth Climate Archive (Moesinger et al.
2020), volumetric soil moisture for model soil layers 2 (0.01-0.04 m) and 8 (0.80-1.00 m),
ECMWEF reanalysis (Hersbach et al.,, 2020), ECMWF high resolution operational high
resolution weather analysis and forecasts, respectively. n/a stands for “not applicable”

Different periods and regions were considered depending on the availability of atmospheric
forcing data and assimilated satellite products. Two global experiments (GLOBE) were
performed for the period 2002-2019, with and without LAl and SSM assimilation in the ISBA
model: SEKF_LAI_SSM_GLOBE and OL_GLOBE, respectively. Three experiments were
performed over CONUS from 2003 to 2018, with and without the assimilation of LAI, and with
the assimilation of VOD: SEKF_LAI_CONUS, OL_CONUS, and SEKF _VOD_CONUS,
respectively. Two experiments were performed over EUMED from 2018 to 2020, with and
without assimilation of LAl: SEKF_LAI_EUMED and OL_EUMED, respectively. In 2020, the
rescaled THEIA AVHRR LAl was assimilated instead of the CGLS LAI to mitigate the end of
the PROBA-V satellite time series. All experiments used ERA5 as the atmospheric forcing,
except the EUMED experiments, which are based on the higher spatial resolution HRES
forcing produced by the IFS. The CONUS experiments were designed to evaluate the
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assimilation of VOD. The EUMED experiments were designed to investigate the relationship
between SIF, GPP and LAI.

Several data sources are used to perform the numerical experiments listed in Table 1:

Land cover is provided by ECOCLIMAP within SURFEX (http://www.umr-
cnrm.fr/surfex/spip.php?article136),

Atmospheric forcing: the meteorological variables of air temperature, wind speed, air
specific humidity, atmospheric pressure, shortwave and longwave downwelling
radiation, and liquid and solid precipitation are ingested into the ISBA model; this study
uses atmospheric reanalyses from ECMWF’s ERA5 (Hersbach et al. 2020) for GLOBE
and CONUS experiments and ECMWF’s operational high resolution weather analysis
and forecasts (HRES) for EUMED experiments; the data are re-interpolated over the
model grid (0.25° x 0.25° for GLOBE and CONUS, 0.10° x 0.10° for EUMED),
Assimilated satellite observations: LAl derived from the SPOT-VGT and PROBA-V
satellites by the Copernicus Global Land Service (CGLS)
(https://land.copernicus.eu/global/products/lai), ESA-CCI SSM from combined active
and passive microwave sensors (https:/climate.esa.int/en/odp/#/project/soil-
moisture), VOD from Moesinger et al. 2019 (https://zenodo.org/record/2575599).

SIF satellite observations: this product is derived from Sentinel 5-P TROPOMI
observations (https://s5p-troposif.noveltis.fr/data-access/) in the 743-758 nm window.
We re-gridded this product on a regular grid at a spatial resolution of 0.5 x 0.5°.

3.3.1 Global GPP (GLOBE experiments)

Global GPP estimates are shown in Table 2 for the OL_GLOBE and SEKF_LAI_SSM_GLOBE
experiments and for FLUXCOM-V2 from 2002 to 2019.

Table 2: Global GPP estimations (in PgCl/year) from the ISBA land surface model from 2002 to

2019, and from FLUXCOM-V2.

Year OL_GLOBE SEKF_LAI_SSM_GLOBE FLUXCOM-V2
2002 116.1 111.0 130.6
2003 118.3 113.1 130.6
2004 119.8 114.8 132.5
2005 118.5 113.9 132.2
2006 121.2 116.9 133.5
2007 119.9 1153 133.3
2008 120.9 116.0 133.3
2009 121.1 116.2 133.9
2010 124.6 119.2 134.3
2011 124.2 119.3 135.3
2012 122.7 117.9 133.9
2013 123.1 118.3 134.7
2014 125.2 119.8 136.2
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2015 123.2 118.1 134.6
2016 126.8 120.6 136.2
2017 128.2 123.0 136.8
2018 127.0 122.5 137.1
2019 125.5 120.9 137.3
Mean values 122.6 117.6 134.2

All GPP estimates show a rapid increase of GPP during this period, of about 0.6 PgClyr in
both OL and SEKF ISBA simulations, and 0.4 PgC/yr on average for FLUXCOM-V2.

The assimilation of LAl and SSM satellite products tends to reduce the GPP simulated by
ISBA, on average by 5 PgC/year. The mean GPP value of the analysis, from 2002 to 2019, is
117.6 PgClyear. This is about 12% smaller than the FLUXCOM-V2 mean GPP for the same
period. The mean GPP estimate from OL_GLOBE is about 9% lower than FLUXCOM-V2.

The spatial distribution of the OL_GLOBE mean GPP bias is shown in Figure 1.b, and it can
be observed that the areas with the largest negative bias are found in Europe, Brazil (Pantanal,
Nordeste), Pakistan, northern India (Pendjab, Uttar Pradesh), southwestern China (Sichuan),
forested areas of the northwestern USA, and Russian boreal forests.

FLUXCOM GPP Bias OL | Bias Assim | - | Bias OL |

0 1 2 3 4 5 6 7 8 -20 -15 -10 -05 00 05 10 15 20 -1.00 -0.75 -0.50 -0.25 0.0 025 050 0.75 1.00

[g(C).m~2.day~"] [g(C).m~2.day~1] [g(C).m~2.day~1]
(a) mean FLUXCOM GPP 2018-2019 ROt
(b) Bias OL vs FLUXCOM o S

mostly negative, positive for
rainforests and culture areas

(d) R OLvs FLUXCOM above 0.8 in
North of globe, below 0.5 in

rainforests and low mean GPP

(c,e) Bias and R scores improved by I 2= s

assimilation in blue

Figure 1: Impact of assimilation on ISBA global GPP estimates.

Figure 1.c shows that assimilation reduces the bias mainly in areas where the bias is positive:
rainforests, eastern USA, southern Brazil, Paraguay, Uruguay.

Figure 1.d shows that the ISBA and FLUXCOM-V2 GPP correlate well (R > 0.8) at high
latitudes. Poor correlation values are observed over areas with sparse vegetation (e.g.,
Kazakhstan).

Figure 1.e shows that assimilation generally improves the temporal correlation between ISBA
and FLUXCOM-V2 GPP, except in some areas with sparse vegetation. In such areas, LAI
observations may be lower than the minimum LAl value used in the model for sparse
vegetation (0.3 m?m2) and the assimilation reduces the seasonal and inter-annual variability
of the simulated LAI.
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3.3.2 VOD assimilation (CONUS experiments)

Satellite LAl observations are available every 10 d at best and can suffer from missing data
for months over regions and seasons with heavy cloud cover, such as winter or monsoon
conditions. In this context, Mucia et al. (2022) investigated the assimilation of low-frequency
passive microwave vegetation optical depth (VOD), which is available in almost all weather
conditions, as a proxy for LAL.

A generally positive relationship was found between observations of LAl and VOD in X-band
(VODX). This relationship still contains variability strongly related to the dominant vegetation.
These results are consistent with previous work comparing vegetation cover and VOD.
Coniferous forests consistently had the weakest correlation, while C3 and C4 vegetation
typically had the best. Seasonality also dramatically changed the LAI-VODX relationship, with
winter score values typically the lowest and summer and fall correlations typically the
strongest. Rescaled VODX was much more strongly correlated with LAl observations (Figure
2). In Figure 2, linear regression and correlation scores have been plotted over the data.
Logarithmic transformations to the VODX data were also applied but with no significant
increase in regression correlation or regression shape.

VODX vs LAl Matched VODXvs LAI

- Deciduous Forests Deciduous Forests

R=0.53 61 R=0.96

Spatial Avg by Season
= Winter
Green = Spring
Red = Summer
= Autumn

Figure 2. Seasonal rescaling of X-band VOD over CONUS: (top) deciduous forests, (bottom) C3
crops, (left) VOD vs. CGLS LAI, (right) rescaled VOD vs. CGLS LAI. Adapted from Mucia et al.
2022.

The assessment over CONUS showed improved representation of evapotranspiration and
GPP compared to independent observations over some months of VOD assimilation. The
improvements in evapotranspiration and GPP correlations seen by assimilating rescaled
VODX instead of LAI are almost entirely due to the more frequent observations of VOD. This
is demonstrated by the fact that the SEKF VODX10 experiment, which assimilates adjusted
VODX at the same frequency as LAI observations, performs significantly worse than the
natural VODX observation frequency (Figure 3).
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Figure 3: Effect of the assimilation of LAl and VOD on ISBA (left) GPP and (right)
evapotranspiration (ET) monthly correlation with independent estimates (FLUXCOM-V1 and
ALEXI, described in Jung et al. 2020 and Anderson et al. 2011, respectively) over CONUS.
VODX10 is VOD in X-band with 10-day undersampling. Adapted from Mucia et al. 2022.

3.3.3 SIF consistency analysis (EUMED experiments)

The OL_EUMED and SEKF_LAI_EUMED GPP and LAI simulations were compared with the
TROPOSIF product derived from the S5-P TROPOMI observations. Figure 4 shows that SIF
and GPP compare well during the growing season but a mismatch appears during the
senescence.
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Figure 4: Daily time series of S5-P SIF and OL_EUMED and SEKF_LAI_EUMED GPP (green,
dark, and red lines, respectively) over the region of Toulouse in France from 1 May 2018 to 31
December 2019.

Figure 5 shows a map of the temporal correlation between TROPOMI SIF and
SEKF_LAI_EUMED GPP for the period 2018-2020, together with the correlation difference
between SEKF_LAI_EUMED and OL_EUMED.
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Figure 5: Correlation maps between the TROPOMI SIF observations and the GPP analysis for
the 2018-2020 period (top, left) and the difference map (top, right), where red means an
improvement after assimilation, and comparison (bottom) with the same maps obtained with
GOME-2 for the 2007-2015 period (adapted from Leroux et al. 2018).

A comparison with the previous results of Leroux et al. (2018) is presented. In the latter study,
a GOME-2 SIF product is used for the period 2007-2015. Overall, the correlation between SIF
and GPP is lower for TROPOMI SIF than for GOME-2. The increase in correlation due to
assimilation is also often smaller (e.g. France, Ukraine). On the other hand, Figure 6 shows
that the temporal correlation between TROPOMI SIF and SEKF_LAI_EUMED LAl is very good
at mid-latitudes (from France to Ukraine) and a large increase in correlation due to assimilation
is observed. A different result is observed at high latitudes, where the correlation of TROPOMI
SIF with LAl is not as good as that with GPP.
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Figure 6: Correlation maps between the TROPOMI SIF observations and the LAl analysis for
the 2018-2020 period (left column) and the difference map (right column, where red means an
improvement after assimilation).

The ISBA land surface model takes a parsimonious approach to simulating plant growth and
phenology, using only a few parameters (e.g. only 2 for phenology). At the same time, rather
complex soil-vegetation processes are represented (e.g. heat and water diffusion into the soil,
drought-avoiding and drought-tolerant plant response to soil moisture). The resulting
simulated LAl is flexible and can be analysed at any time when an observation is available.
This allows sequential assimilation of LAI. In addition to LAl analysis, LAl assimilation provides
a direct analysis of root zone soil moisture. Note that LDAS-Monde does not guarantee mass
conservation.

This work shows that ISBA and FLUXCOM-V2 GPP correlate well (R > 0.8) at high latitudes.
Poor correlation values are observed over areas with sparse vegetation (e.g. Kazakhstan).
Assimilation generally improves the temporal correlation between ISBA and FLUXCOM-V2
GPP, except for sparse vegetation areas.

The assimilation of VOD improves the representation of evapotranspiration and GPP, and the
improvements are almost entirely due to the more frequent observations of VOD compared to
LAL

The temporal correlation between TROPOMI SIF and the analysed LAl is very good at mid-
latitudes (e.g. from France to Ukraine) and a strong increase of the correlation due to the
assimilation is observed. SIF and GPP are in good agreement during the growing season, but
a discrepancy appears during the senescence. A different result is observed at high latitudes,
where the correlation of TROPOMI SIF with LAl is not as good as that with GPP. This result
could be due to the rather poor representation of LAl of conifers in the ISBA model version we
used, since coniferous forests are more common at high latitudes.
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4 ECLand

Currently, vegetation parameters such as LAl are specified as seasonally-varying
climatological monthly mean maps in the ECMWF Numerical Weather Prediction (NWP)
system. This climatology is in the process of being updated using the latest CGLS LAI dataset
from the CONFESS project (Boussetta & Balsamo, 2021) and has been shown to have a
significant impact on the quality of NWP forecasts (Boussetta, personal communication). This
change is aimed for inclusion in Integrated Forecasting System (IFS) cycle 49rl1 to go
operational in 2024. Despite the updates to the source of vegetation data contributing to the
monthly climatology, the fundamental methodology will not change in 49r1.

The significant NWP impacts of the planned upgrade suggest that changes to the methodology
of how the vegetation information is passed to the NWP system may have a substantial
additional impact. Sub-monthly changes are accounted for by doing a temporal interpolation
of the monthly fields based on how many days through the month the forecast is started from.
However, one of the main weaknesses of the current approach is the inability to respond to
inter-annual variability in vegetation because, although the climatology varies seasonally, it
has no inter-annual variability. In fact, the current climatology used in the IFS is built using a
weighted mean of the previous 20 years of available LAl observations. Inter-annual differences
in vegetation can be large because of meteorological events such as droughts, above average
rainfall and variations in 2 metre temperature. The effects of climate change have exaggerated
these variations in recent years. The differences can be particularly large in the transition
seasons (spring and autumn) when the vegetation characteristics undergo the largest
changes during the annual cycle, especially in the mid-latitudes where the seasonal conditions
vary the most.

In this study a daily LAl analysis is produced using the ECMWF land data assimilation system
(LDAS) and this analysis is passed to the IFS NWP system instead of the monthly climatology.
Using this approach has the advantage of more dynamic updates to the vegetation parameters
and should be better able to respond to inter-annual variations than using the fixed monthly
climatology. This follows similar work of Mucia et al (2022), Kumar et al (2020), although in
this study the LAI of high vegetation types (e.g. evergreen and deciduous trees, mixed and
interrupted forest) and low vegetation types (e.g. crops and mixed farming, grass, shrubs etc.)
are considered separately and the LAl analyses are produced over the entire global domain.

4.1.1 Offline simplified extended Kalman filter (SEKF)

The ECMWEF LDAS within the IFS is made up of several different component parts, see Figure
7. This system is weakly coupled to the atmospheric assimilation system whereby the land
and atmospheric assimilation systems run separately to produce their respective analyses.
The coupling is achieved within the forecast model where the land and atmospheric
components of the Earth system interact and influence one another (de Rosnay et al., 2022).
The forecast model provides the background for the next assimilation cycle and so on.
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Figure 7: Schematic of the ECMWF LDAS within the IFS (de Rosnay et al., 2022)

In this study an offline implementation of the LDAS is used (Rodriguez-Fernandez et al, 2019).
This is a simplified, uncoupled system which reads in the atmospheric forcing as well as the
pseudo 2 metre temperature and 2 metre relative humidity observations from an external
source - here the ERA5 reanalysis (Hersbach et al, 2020). The SEKF is run and the land
surface analysis produced is passed to an offline version of the land surface forecast model
H-TESSEL (Balsamo et al., 2009). This has the disadvantage that there is only a one-way
coupling between the atmosphere and the land but allows for developments to be tested at
low computing cost for multi-year periods before being implemented in the weakly coupled
IFS LDAS.

The offline SEKF analyses 3 layers of soil moisture (0-7cm, 7-28cm, 28-100cm) using the
aforementioned pseudo-observations of 2 metre temperature and relative humidity in
combination with surface soil moisture observations from the Advanced Scatterometer
(ASCAT) instrument onboard the MetOp series of satellites. The analysis is calculated using
the Kalman filter equation:

Xa=Xp + K (Y - H(Xp)) (4.2)
K = BHT (R + HBH")! (4.2)

where X, is the analysis, Xy is the background, y are the observations, H is the observation
operator, H contains the Jacobians from the ensemble of data assimilations (EDA) to link the
model variables to the observed variables, B is the background error covariance matrix and R
is the observation error covariance matrix.

4.1.2 Modifications for dynamic LAI analysis

A number of modifications were made to the existing offline SEKF to produce a dynamic daily
LAI analysis. LAl is not a prognostic variable. A daily LAl analysis is produced using the offline
LDAS by assimilating the VOD observations (after Cumulative Distribution Function (CDF)-
matching to LAl observations) and using the climatological LAl as the background. This
analysed LAl is used in place of the climatology in IFS experiments. The control vector was
extended to include high and low vegetation LAI in addition to the existing 3 layers of soil
moisture. The background vector was extended to include the high and low vegetation LAl
climatology as a first-guess. The background errors for LAl are assumed to be 0.2m?/m? and
uncorrelated with the background errors for soil moisture in all layers. This is a simplistic but
pragmatic assumption given that in the current system the background errors of soil moisture
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in the different layers are assumed uncorrelated when significant correlations are expected to
exist.

The VOD observations (see section 4.2 for details) are ingested into the system once per day.
In the absence of a physically-based observation operator to transform the background LAl
into simulated VOD a rescaling from VOD to LAl is required. To do this a CDF-matching
approach is used which is similar to the approach used to transform ASCAT surface soil
moisture to the model soil moisture as part of the existing ASCAT soil moisture assimilation
(Scipal et al., 2008). The CDF-matching is done using 2 years of training data (2016-17) to
match the VOD observations to the climatology of the time-varying CONFESS LAl data.

The VOD observations are collocated with the model grid points and the CDF-matching
parameters are calculated separately for each model grid point to account for geographical
variations, and separately for each month of the year using a three-month rolling average to
account for seasonal variations whilst preventing large jumps in the conversions for
consecutive months.

For ASCAT surface soil moisture the CDF is matched both using the mean and standard
deviation but for VOD/LAI matching this led to poor results due to a lack of month-to-month
variability in the CONFESS LAl dataset, so the VOD/LAI CDF-matching just matches the
means as shown in the equation below:

VOD’ = (E(LAI) / E(VOD)) * VOD (4.3)

where VOD’ is the rescaled VOD, E(LAI) is the mean of the LAI, E(VOD) is the mean of the
VOD and VOD represents the original VOD observations.

Once the CDF-matching is performed the transformed VOD observations are in the same units
and have the same dynamic range as the model LAl so the observation operator (H) is simply
the identity matrix. For simplicity, no correlations are assumed between the LAl and the other
soil moisture observations are assumed and, vice versa, no correlations are assumed between
the soil moisture and the transformed VOD observations. The specification of non-zero
correlations in these blocks of the Jacobian matrix could be considered in future work.

4.1.3 Experiment setup

The experiments are run for 4 years between 2018 and 2021. This period is motivated by the
availability of the observations (not to overlap with the CDF-matching training period 2016-17)
and to sample multiple annual cycles of vegetation. The experiments are run at a resolution
of Tco319 (~35km) which is significantly coarser than the operational resolution of Tco1279
(~9km). This resolution is purely chosen for pragmatic reasons to enable the running of
multiple experimental configurations for such a long period of time, and is very close to the
standard ECMWF testing resolution of Tc0399. Three separate experiment configurations are
run in addition to the control run as detailed in Table 3.

Table 3: Summary of offline ECLand LDAS experiments

Experiment ID VOD observations assimilated | Period

LDAS-CTRL None January 2018 to December 2021
LDAS-L-VOD SMOS L-VOD (1.4GHz) January 2018 to November 2021
LDAS-C-VOD AMSR2 C-VOD (6.9GHz) January 2018 to December 2021
LDAS-X-VOD AMSR2 X-VOD (10.7GHz) January 2018 to December 2021
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Note that the SMOS L-band data used were only available until the end of November 2021 so
the experiment using this data was truncated by 1 month compared to the other experiments.
All the experiments and the control analyse soil moisture were obtained as described in
Section 4.1.1.

To measure the impact of the dynamically updated daily LAI analysis on the NWP forecasts
the LAl analysis was provided to the NWP system in place of the usual monthly climatology.
Then several coupled IFS experiments were run in “forecast-only” mode where the
atmospheric analysis is read in from an external source (here the operational system) and the
land surface analysis is read in from the offline LDAS experiments detailed in Table 3 and
consistent with the LAI analysis produced in each of these experiments. These analyses are
then used to initialise the NWP forecasts which are run once per day. The details of these
experiments can be seen in Table 4.

Table 4: Summary of IFS coupled forecast experiments

Experiment ID | Land surface analysis and VOD | Period

source
IFS-CTRL LDAS-CTRL January 2018 to December 2021
IFS-L-VOD LDAS-L-VOD January 2018 to November 2021
IFS-C-VOD LDAS-C-VOD January 2018 to December 2021
IFS-X-VOD LDAS-X-VOD January 2018 to December 2021

4.2.1 Observations

There are two main categories of satellite observations which have significant sensitivity to
vegetation parameters. The first are optical sensors measuring at visible frequencies of the
electromagnetic spectrum (e.g. Ocean and Land Cover Imager (OLCI) on the Sentinel-3 series
of satellites). These instruments provide a direct measurement of LAI but the availability of
usable observations is limited to daylight hours and by the presence of clouds. Therefore, it
takes many days to get reliable global coverage. Observations from these sensors contribute
to the monthly climatologies which are currently used in the NWP system.

The second are passive microwave (MW) sensors, such as for example the Advanced
Microwave Scanning Radiometer-2 (AMSR-2) onboard the Global Change Observation
Mission for Water (GCOM-W) satellite. The emitted microwave radiation is sensitive to the
water content of the vegetation and therefore provides indirect information on the vegetation
parameters themselves. At the lowest MW frequencies there is little to no sensitivity to the
atmospheric state and no sensitivity to the time of day so these instruments provide near
global coverage every 12 hours. This is the main reason to assimilate MW observations to
produce a daily LAl analysis.

Observation operators to transform land-surface model parameters into simulated top of
atmosphere MW radiances are not yet mature or accurate enough to consider directly
assimilating level 1 MW radiances to analyse vegetation parameters (or other land surface
model variables). This is due to the heterogeneity of the land-surface conditions and the
complex relationship between the surface characteristics and the MW emissivity and
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penetration depth. Therefore, here a derived level 2 vegetation product is used instead of the
raw level 1 radiances. This level 2 product is the vegetation optical depth (VOD) which is
retrieved from the measured MW radiances and is a measure of how much the vegetation
attenuates the MW radiation emitted by the surface. VOD is sensitive to the water content of
the above ground vegetation in addition to the vegetation type and density.

VOD at different frequencies is sensitive to slightly different characteristics of the vegetation.
For example at C-band (4-8GHz) and X-band (8-12GHz) the VOD is more sensitive to the
vegetation cover and therefore strongly correlated with the LAI. At lower frequencies such as
L-band (1-2GHz) the VOD is more sensitive and better correlated with above ground biomass
(AGB) (Rodriguez-Fernandez et al, 2018), but the measured value does not saturate as
quickly as at the slightly higher frequencies, see Figure 8 which shows that for higher values
of X-band VOD there remains relatively large variability in the L-band VOD.
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Figure 8: Correlation between collocated SMOS L-band VOD and AMSR2 X-band VOD
observations, for 1t January 2016

In this study, retrieved VOD from three different frequencies and two different instruments are
used. L-band VOD (1.41GHz) is used from the Microwave Imaging Radiometer using Aperture
Synthesis (MIRAS) instrument onboard the ESA Soil Moisture Ocean Salinity (SMOS)
satellite. In addition, C-band VOD (6.9GHz) and X-band VOD (10.65GHz) are used from the
AMSR-2 instrument onboard the GCOM-W satellite. Both these satellites are in sun-
synchronous polar orbits and therefore provide near complete global coverage every 24 hours,
see Figure 9.
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Figure 9: Map of daily coverage of AMSR2 6.9GHz VOD observations on 15t July 2016

4.2.2 Quality control

Prior to the assimilation stringent quality control procedures must be applied to the
observational data in order to avoid gross errors in the data leading to a degraded LAl analysis.
The observational data itself contains various flags to indicate where the data may not be of
good quality. One of these flags relates to radio frequency interference (RFI). Passive
microwave instruments generally measure the passively emitted MW radiation in spectral
frequency bands that are protected from man-made emissions and therefore the measured
radiation should only contain natural signals related to geophysical effects (e.g. Weston and
de Rosnay 2021). However, in some protected bands it is possible to have out-of-band
emissions from man-made sources in neighbouring bands which then cause RFI in the
passive measurements. It is important to screen out these contaminated observations
because they could lead to anomalous analysis increments and unphysical conditions. Figure
10 shows the global distribution of AMSR2 observations affected by RFI as indicated by the
RFI flags which accompany the data. The higher the value of the flag, the more severe the
contamination. There are VOD observations derived from the 6.9GHz and 7.3GHz channels
on AMSR2 but here only the 6.9GHz channel is used because the 7.3GHz channel is more
affected by RFI as shown in figure 10.
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Figure 10: Maps of AMSR2 observations contaminated by RFI for the 6.9GHz channel (top) and
7.3GHz channel (bottom), data is from 15t July 2016

Observations also need to be filtered out where the VOD retrieval is outside of its physical
bounds such as when the retrieved value is less than 0. In addition, frozen surfaces are
screened out by a check on the surface temperature being less than 273K and where there is
snhow or ice on the surface.

Within the assimilation system itself there are additional quality control procedures to reject
observations when the observed value and the model value are too different. Here, the
rescaled VOD observations are rejected if the first-guess departure is larger than 1m?/m? in
LAI space.

4.2.3 CDF-matching

The methodology for the CDF-matching procedure is described in section 4.1.2. The left
panels of Figure 11 shows that the VOD observations are reasonably well correlated with the
CONFESS LAl albeit with some significant spread around the diagonal and that the dynamic
range of the VOD and LAI values are quite different.
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2D histogram of LAI (high) v L-VOD - corr 0.712 2Dshistogram of LAI (high) v rescaled L-VOD - corr 0.962
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Figure 11: Correlations between VOD observations and CONFESS LAl for high vegetation
types for July 2018. The different panels show: upper left SMOS L-band VOD; upper right
rescaled SMOS-L band VOD; middle left AMSR2 C-band VOD; middle right rescaled AMSR2 C-
band VOD; lower right AMSR2 X-band VOD; lower left rescaled AMSR2 X-band VOD

This is one of the reasons why, in the absence of an accurate physically-based observation
operator, that a rescaling is required. Interestingly it appears that, conversely to previous
findings, the L-band VOD is better correlated with the LAI than the C- or X-band VOD. The
right panels of Figure 11 show that the correlation is much enhanced once the CDF-matching
is applied to the data, as expected.

After the rescaling the L-band VOD is now not as well correlated as the C- and X-band VOD.
The CDF-matching is designed to correct the bias between the VOD observations and LAl
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which Figure 11 illustrates is being successfully achieved. The random and temporal variability
of the observations should be retained, which is what is aimed to be exploited within the
assimilation.

To check the performance of the offline LDAS experiments the LAI analysis increments can
be analysed. Figures 12 and 13 show that there are significant seasonal variations in the
global distribution of LAl analysis increments.
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Figure 12: Monthly mean analysis increments of leaf area index for high vegetation
types for January 2018 (upper left), April 2018 (upper right), July 2018 (lower left),
October 2018 (lower right)

The most obvious differences are the large areas of zero analysis increments in the Northern
hemisphere winter due to snow and frozen ground where the VOD observations are screened
out and not assimilated. For the LAI for high vegetation types the mean analysis increments
appear to be skewed to the negative with the analysis reducing the LAl in many more areas
than increasing the LAI. This may be due to an extreme value check within the analysis where
the analysed LAl (high) is prevented from becoming larger than a physically realistic maximum
value of 8m?/m?. Figure 13 shows that the increments for LAl (low) are more symmetric
suggesting that this check (with a maximum value of 6.5m?/m?) is triggered on fewer points
than for the LAI (high).
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Figure 13: As Figure 12 but for leaf area index for low vegetation types

Figures 12 and 13 also show that the seasonal cycle in the tropics has an impact on the sign
of the increments with positive increments generally in the inter-tropical convergence zone
(ITCZ) and negative increments to the North and South of the ITCZ. The increments over the
mid-latitudes are more mixed and don’t seem to follow any obvious systematic pattern,
possibly responding to inter-annual differences rather than intra-annual signals.

Figure 14 provides further evidence that the mid-latitude increments are responding to inter-
annual differences caused by meteorological events.
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Figure 14: Monthly mean analysis increments of leaf area index for low vegetation
types for July 2021 from LDAS-X-VOD (left) and LDAS-L-VOD (right)

Over western Europe in July 2021 there is a significant positive mean analysis increment
which corresponds to the area affected by very heavy and sustained precipitation which
caused devastating floods centred over North-West Germany and Belgium. Figure 14 also
shows that the analysis increments are smaller for the experiment assimilating the L-band
VOD compared to the X-band VOD which is a signal which is repeated for most other monthly
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mean increments. This is due to the smaller number of observations available for the SMOS
L-band VOD compared to the AMSR2 X-band VOD. The difference in the analysis increments
for soil moisture in the different experiments has also been analysed (not shown) but the
differences are extremely small. This is due to the simple experimental setup not allowing for
background error correlations between LAI and soil moisture, as well as not allowing the VOD
observations to modify the soil moisture through cross correlations in the Jacobian matrix.

Overall, the mean LAI analysis increments look reasonable and are not making unrealistically
large changes to the background climatological LAl which is encouraging and shows that the
offline LDAS is performing in a satisfactory manner to produce realistic analysed LAl fields.

4.41 Impact on NWP

To measure the impact of a dynamically updated LAI analysis on NWP forecasts several
experiments were run as shown in Table 4. To assess this impact the forecasts at different
lead times from the experiments and control are compared by verifying against the ECMWF
operational analysis at the same validity time. For example a 48 hour forecast from OOUTC on
18t July 2018 is compared to the operational analysis from 0OOUTC on 3™ July 2018. This is
done for both the experiments and control and the differences to the verifying analysis are
then compared to assess whether the experiment results in a better or worse match between
the forecasts and the verifying analysis. Figure 15 shows that the IFS-X-VOD experiment
results in smaller root mean squared errors (RMSE) for 2 metre temperature forecasts than
the IFS-CTRL over land where the largest impacts are expected.
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Figure 15: Global change in RMSE of 2 metre temperature forecasts from T+48 to
T+120 hours between IFS-X-VOD and IFS-CTRL. Statistics cover January 2018 to
December 2021

The largest impacts (blue colours) are over the Amazon rainforest in South America (with up
to a 5% reduction in RMSE), tropical Africa and India. Over the extra-tropics the impacts are
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more neutral. This is due to the screening of VOD observations over mid- to high-latitudes in
winter when the land surface is either frozen or snow-covered. Figures 16 and 17 show the
impact of the LAl analysis on the lower atmosphere.
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Figure 16: As figure 15 but for 850hPa temperature forecasts
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Figure 17: As figure 15 but for 850hPa relative humidity forecasts
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Here the impact is more mixed with consistent improvements to temperature and relative
humidity forecasts over the Amazon, Africa and Western Europe. However, there are some
degradations over India.

The negative impacts over India are mostly coming from the Northern hemisphere winter (DJF)
which is a period where the analysis increments are predominantly negative as shown in
Figures 12 and 13 so it is possible that the reduction in LAI is being overdone.

Figure 18 shows the impact on the mean errors for temperature and relative humidity in the
lower atmosphere is significant.
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Figure 18: Mean temperature (left) and relative humidity (right) forecast errors at
850hPa (upper) and mean 2 metre temperature forecast errors (lower) for IFS-X-VOD
(black) and IFS-CTRL (red). Statistics cover January 2018 to December 2021

For relative humidity the existing moist biases in the forecasts are reduced by 5-10% at
850hPa. For temperature the existing negative bias is reduced at 850hPa and there is a similar
signal for 2 metre temperature. This is consistent with the general reduction in LAl seen in
Figures 12 and 13 and suggests that the use of the dynamic LAl analysis is having a significant
impact on correcting systematic forecast errors compared to the use of a fixed LAI climatology
in IFS-CTRL.

So far only results from the IFS-X-VOD experiment have been shown. Figure 19 shows a
comparison between IFS-X-VOD, IFS-C-VOD and IFS-L-VOD showing that the results are
extremely similar for all three experiments.
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Figure 19: Change in RMSE for 2 metre temperature forecasts between IFS-X-VOD
(left), IFS-C-VOD (centre), IFS-L-VOD (right) and IFS-CTRL. Statistics cover January
2018 to December 2021

There are some very small differences from assimilating the different VOD bands, but the
overall results are very similar. It is expected that the L-band VOD has slightly different
characteristics to the X- and C-band VODs. However, in the methodology used here the VOD
observations from the different bands are all CDF-matched to the same LAI dataset, which
will temper the differences between them and is the most obvious explanation for the similar
results seen in Figure 19.

Figure 20 compares the results for the different seasons.
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Figure 20: Change in RMSE of 2 metre temperature forecasts between IFS-L-VOD and
IFS-CTRL for December-January-February (top), March-April-May (2"%), June-July-
August (3'%), September-October-November (bottom). Statistics cover January 2018 to
December 2021

In the extra-tropics the largest impacts are in the summer for that hemisphere (e.g. DJF for
the Southern hemisphere; JJA for the Northern hemisphere). This is partially because land-
atmosphere coupling processes are most active in summer and LAI inter-annual differences
will be large in the mid- to high-latitudes so this is where the largest impacts of dynamically
updating LAl would be expected to be. There is very little impact in the extra-tropics in the
winter for that hemisphere due to the screening of the VOD observations over frozen and
snow-covered ground and limited evapotranspiration. The impact in the tropics is fairly similar
all year round where seasonal differences in meteorology and land-surface states are smaller.
However, there is a slightly stronger positive impact in JJA and SON which is driven by larger
improvements to 2 metre temperature forecasts over the Amazon during these seasons. One
slightly surprising result is the lack of impact in the extra-tropics in the transition seasons MAM
and SON where inter-annual differences are expected to be at their largest. However,
Alessandri & van Oorschot (2022) found that the largest inter-annual variability in the
CONFESS time-varying vegetation dataset occurs in the tropics, particularly South America,
where the largest NWP impacts are found here.

Overall, the impact on NWP of assimilating satellite data to dynamically updated vegetation is
mixed although there are some promising signs, especially the impact on 2 metre temperature
forecasts and the improved mean forecast errors for near-surface relative humidity. This is
encouraging and shows that microwave radiances can have an impact on NWP via improved
analysis of the vegetation parameters. Future work as part of the CORSO project will aim at
further improving the vegetation parameters in the model by developing an observation
operator to transform model variables, such as soil moisture and LAl into simulated level 1
satellite observations. This should enable the assimilation of level 1 satellite observations,
such as passive microwave brightness temperatures and active backscatter observations, to
analyse the soil moisture and vegetation parameters simultaneously and consistently.
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4.4.2 Impact on carbon cycle

Figure 21 shows that in Northern hemisphere summer 2018 the absolute biases of
accumulated CO- gross primary production (GPP) against FLUXCOM are increased in the
experiment using the analysed LAl compared to using the climatological LAI.

i2k8-i2nw : daily aco2gpp BIAS [ umolCO2 m-2 s-1] 20180701-20180930 i2kb-i2nz : daily aco2gpp BIAS [ umolCO2 m-2 s-1] 20210401-20210630

B g

-04 -03 -02 -0.1 0.0 0.1 0.2 0.3 0.4
bias [umolCO2 m-2 s-1]

Figure 21: Differences in accumulated CO- gross primary production absolute bias
between IFS-C-VOD and IFS-CTRL measured against FLUXCOM data for July-August-
September 2018 (left) and April-May-June 2021 (right)

The increased biases are visible almost globally except for a few small reductions over
Canada. However, in Northern hemisphere spring 2021 the results are more balanced with
areas of increased bias in India, Asia and Western Europe but some reductions in bias over
tropical Africa and the Eastern parts of both North and South America. These different results
for different years and seasons potentially show the sensitivity the LAl analysis to inter-annual
variability. These more positive results are also visible in summer 2021 (not shown) but for
most other seasons and years the results are less positive and are more closely aligned with
the 2018 results.

Figure 22 shows that in the Northern hemisphere summer 2018 the correlations between the
model accumulated CO, GPP and the FLUXCOM data are reduced in the experiment using
the analysed LAI compared to the control using the climatological LAI.
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Figure 22: Differences in accumulated CO- gross primary production correlation
between IFS-C-VOD and IFS-CTRL measured against FLUXCOM data for July-August-
September 2018 (left) and April-May-June 2021 (right)
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The largest correlation degradations are over Southern Africa. In Northern hemisphere spring
2021 there are still areas of degraded correlations particularly over the Sahel but there are
some improved correlations too over tropical Africa. The general pattern is that the correlations
are degraded though. The results for the differences in root mean squared error (RMSE) mirror
those for the biases and correlation (not shown). In addition to the maps the overall global
budgets of GPP were calculated and compared to the FLUXCOM dataset. There are very
small changes in the global budgets and any changes generally go in the wrong direction as
they further increase a negative bias between the IFS modelled GPP and the FLUXCOM GPP.
This is not a huge surprise given the negatively skewed LAI increments in Figure 12 and, as
previously mentioned, the possible influence of the extreme value check for large values of
LAI.

The very small changes in global budgets are also to be expected given that a CDF-matching
approach is used which effectively will match the global biases in the VOD observations to the
existing climatological LAl biases. In the absence of a physically based observation operator
to transform model LAl into simulated VOD this was the best option available and has been
used by previous studies too e.g. Mucia et al (2022). This limited impact on the carbon fluxes
could also be due to the very small changes in soil moisture by assimilating the VOD
observations, as discussed briefly in section 4.3. This was due to the design of the system
with the VOD observations only able to directly modify the LAl analysis due to the lack of
correlations in the background error covariance matrices and Jacobian matrices between the
LAI and the soil moisture. In future this could be addressed by including non-zero correlations
between soil moisture and LAl in a similar system.

Overall, it is interesting that the dynamically updated LAI results in improvements in the
meteorological scores while apparently degrading the carbon fluxes when verified against
observations. It is possible there are compensating biases within the NWP system which
contribute to these conflicting results. As mentioned at the end of section 4.4.1, the
development of an observation operator for vegetation and soil moisture should allow the
assimilation of level 1 measurements to simultaneously analyse LAl and soil moisture. This
approach using a coupled soil-vegetation-atmosphere assimilation will enhance the
consistency between the meteorological and carbon flux analyses in the IFS.
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5 ORCHIDEE

We provide here an overview of the calibration of ORCHIDEE parameters following the
assimilation of remote sensing SIF data and in situ GPP data. The optimized parameters are
then used to perform a simulation of GPPs at global scale, which are compared to those
obtained with the standard parameters. The difference highlights the combined constraint
brought by GPP and SIF (from Sentinel-5p observations) data to improve the model
prediction. Note that the use of GPP data in addition to SIF data is crucial as it helps
constraining photosynthesis model parameters and avoids overfitting issues that could else
degrade the simulated GPP. Such work has been conducted mainly in the context of the
Send4GPP ESA project with a contribution of CoCO2 resources and it has mainly been done
by Cedric Bacour, Vladislav Bastrikov and Fabienne Maignan.

We first provide an overview of the calibration of ORCHIDEE parameters with the assimilation
of SIF and GPP data. The optimized parameters are then used to perform a simulation of
GPPs at global scale, which are compared to those obtained with the standard parameters.
The difference highlights the combined constraint brought by GPP and SIF (from Sentinel-5p
observations) data to improve the model prediction.

5.1.1 ORCHIDEE model and optimized parameters

ORCHIDEE is a mechanistic LSM that simulates the exchanges of carbon, water, and energy
between biosphere and atmosphere (Krinner et al., 2005). It is the land surface component of
the Earth System Model of Institut Pierre-Simon Laplace IPSL-CM. Photosynthesis and all
components of the surface energy and water budgets are calculated at a half-hourly resolution
while the dynamics of the carbon storage (including carbon allocation in plant reservoirs, soil
carbon dynamics, and litter decomposition) are resolved on a daily basis. Photosynthesis
depends on light availability and CO; concentration, soil moisture and temperature, and it is
parameterized based on Farquhar et al. (1980) and Collatz et al. (1992) for C3 and C4 plants,
respectively. The formulations of Yin and Struik (2009) are used to describe the main
photosynthesis processes. As in most LSMs, the spatial distribution of vegetation is
represented using fractions of plant functional types (PFTs) for each grid point. Except for the
phenology, processes are described with the same governing equations for all PFTs, but
usually with different parameter values.

The list of parameters that are optimized is provided in the table below.

Table 5: List of the ORCHIDEE optimized parameters.

Name Description

Photosynthesis

Al Empirical factor involved in the calculation of leaf-to-air vapour difference effect on the coupling between CO:
assimilation and stomatal conductance

B1 Empirical factor involved in the calculation of leaf-to-air vapour difference effect

Vemaxas Maximum rate of Rubisco activity-limited carboxylation at 25°C (umol[CO2]-m~2-s7%)

SLA Specific leaf area (m2.g?)

ALA Average leaf angle (°)

Clumping Leaf clumping index (-)
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ASV Offset of the linear temperature acclimation relationship for the entropy parameter of the Vcmax (maximum
carbonxylation rate) temperature-dependence function, following Kattge and Knorr (2007) Erreur ! Source du renvoi
introuvable.

ASJ Offset of the linear temperature acclimation relationship for the entropy parameter of the Jmax (maximum electron
transport rate) temperature-dependence function, following Kattge and Knorr (2007) Erreur ! Source du renvoi
introuvable.

ARJV Offset of the linear temperature acclimation relationship for the ratio Jmax/Vcmax, following Kattge and Knorr (2007)

GBrer Conductance for the leaf boundary layer (mmol.m=2.s%)

Phenology

LAImax Maximum LAl value

Tsen Temperature threshold for senescence (°C)

Lage,rit Average critical leaves age (days)

Hydrology

Humest Root profile (m)

SIF module

ke Relative rate constant of fluorescence

All parameters depend on PFT except for GBr. Most parameters constrain photosynthesis
and phenology processes; one parameter is related to hydrology and the ke parameter only
impacts the intensity of SIF simulated by ORCHIDEE (it therefore acts like a bias absorber).

The variation range of the parameters is set as +15% from their a priori value, except for
Clumping, Vemaxzs and ARJV (x25%), and ALA and kF (£50%) due to a higher uncertainty
associated with their standard values. The prior error in the B matrix is determined to
correspond to 15% of the variation range following Bacour et al (2023).

5.1.2 Data assimilation system
We used the ORCHIDAS Data Assimilation tool specifically developed around the ORCHIDEE

LSM (https://orchidas.Isce.ipsl.fr/) (MacBean et al., 2022; Bacour et al., 2023).

The assimilation relies on a Bayesian framework that optimizes ORCHIDEE parameters
gathered in a vector x, by finding the minimum of a global misfit function J(x). J(x) is a linear
combination of the misfit functions associated with each data-stream (SIF and GPP data), also
accounting for the difference between the values of the optimized parameters with some prior

information Xp.

J() = 2[S0 (H@) = yo)"- Ry~ (H®) = ¥,) + (x = x,)". B~ (x = x)] (5.1)

where y, are the observation vectors (with o = SIF or GPP); H is the ORCHIDEE model; R, are
error covariance matrices characterizing the observation error with respect to the model
(therefore including the error in the model structure) associated with data-stream o; and B is
the a priori error covariance matrix on model parameters x. Errors on observations and on the
model parameters are assumed to be Gaussian and data-streams are considered
independent from each other (i.e., co-variances between data streams are neglected).

The minimization of J(x) is done iteratively, using a Genetic Algorithm (Goldgerg, 1989), which,
unlike gradient-descent approaches, limits the risk of getting stuck into a local minimum of the
misfit function (Santaren et al., 2014; Bastrikov et al., 2018). The optimization also accounts
for prescribed bounds in the parameter variations.
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Model data errors:

The diagonal of the error covariance matrix on observations R (accounting for the error in
model and data assimilated) is populated by the root mean square difference (RMSD) between
the observations and the corresponding model simulations using the prior standard parameter
values (as in MacBean et al.,, 2022; Bacour et al., 2023). Given the uneven number of
assimilated samples between GPP and SIF data (more GPP data assimilated, in particular
due to the use of in situ observations at a daily time step), we decreased the prior error on SIF
observations so that the misfit functions associated with SIF and GPP are similar at the first
iteration using the prior parameter values.

5.1.3 Assimilated data

The assimilations are conducted on a PFT-basis, i.e., by optimizing the model parameters
associated with the targeted PFT against GPP data (site scale estimates or satellite-derived
data when no in situ data are available) and TROPOMI SIF retrievals (Guanter et al., 2019)
for a collection of selected pixels. The co-assimilation of these two variables limits parameter
overfitting.

SIF data

We use the daily averaged SIF retrievals of the TROPOSIF product (estimates from the 743-
758 nm fitting window) (Guanter et al., 2019). Only observations passing the quality flag and
associated with view zenith angles below 40° and cloud fraction below 0.2 were considered.
The data were aggregated at 8-day/0.25° resolution. Note that the spatial resolution (0.25°) is
driven by the resolution of the ERA5 meteorological forcing available at global scale, which is
used as input to the ORCHIDEE simulations. We considered retrievals for the 2018-
2020 period (hence two years and half).

We selected 15 pixels for each of the 14 vegetation PFTs of ORCHIDEE, with the highest
thematic homogeneity possible at 0.25° (based on the PFT map for year 2018; see
https://orchidas.|sce.ipsl.fr/dev/lccci/orchidee pfts.php). One other selection criterion was the
spatial distribution of the selected pixels: in the process, we favoured pixels away from each
other in order to avoid sampling too much specific regions.

The spatial homogeneity of the selected pixels varies with the PFTs: a very high homogeneity
is possible for TrEBF (above 95%), and BoOC3GRA (mostly above 80%). The homogeneity is
usually above 70% for the selected pixels of TeEBF, TeC3GRA, BoC3GRA and C4GRA.
Lower values can be obtained for the other PFTs (but still higher than 55%).

GPP data

For most PFTs, we assimilated daily in situ GPP estimates from FLUXNET (La Thuile
(Baldocchi et al., 2001) and FLUXNET?2015 (Pastorello et al., 2020)), based on the night-time
method to partition net ecosystem exchange measurements between respiration and GPP
components (Reichstein et al., 2005). The number of sites and their temporal cover strongly
depend on the PFT. For instance, only four sites are considered for CAGRA and C4CRO PFTs
while twenty-eight sites are used for TeDBF and TeENF.

Only for three PFTs (TrDBF, BoDNF, and TrC3GRA), there was no in situ GPP available. We
therefore used FLUXSAT-GPP data (Joiner et al., 2018). Similarly to FLUXCOM, FLUXSAT
also derives from a data-driven approach relying on FLUXNET measurements and MODIS
reflectances in seven spectral bands and calibrated against FLUXNET measurements. One
noteworthy difference is that FLUXSAT does not use any meteorological forcing. We used the
data for the same 15 pixels as those considered for SIF, and data binned at 0.25°/weekly
resolution (also similarly to SIF). Data from 2017-2020 were considered
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5.1.4 Other data for evaluation and comparison

FluxCOM

The FLUXCOM GPP is estimated by upscaling data from eddy covariance sites globally via
machine learning methods using satellite data such as MODIS and meteorological forcings
(Tramontana et al., 2016d). We are using here a recent FLUXCOM dataset at 0.05°/monthly
resolutions: label as v2 in the Figures of the product, available here:
https://daac.ornl.gov/VEGETATION/quides/FluxSat GPP_FPAR.html#datadescraccess.

FluxSat

Similarly to FLUXCOM, FLUXSAT (Joiner et al., 2018) also derives from a data- driven
approach relying on FLUXNET measurements and MODIS reflectances in seven spectral
bands and calibrated against FLUXNET measurements. One noteworthy difference is that
FLUXSAT does not use any meteorological forcing.

TRENDY models

Global land surface models (LSMs), through the TRENDY model inter-comparison (Trends in
net land carbon exchange; https://sites.exeter.ac.uk/trendy), provide independent global scale
GPP estimates at 0.5° to 2° spatial resolutions and monthly temporal resolution. The GPP
simulations from the most recent Global Carbon Budget - GCB (Friedlingstein et al., 2022)
provide state-of-the-art information on the spatial and temporal GPP dynamics in response to
climate drivers, land management, CO. increase in the atmosphere, etc. The different
TRENDY model simulations do not match perfectly the atmospheric CO; growth rate but they
provide a reasonable global land carbon sink. Friedlingstein et al. (2022) show that the
TRENDY models provide over 2012-2021 a mean total land flux carbon sink of 1.5 +/- 0.5
GtClyr. The land budget estimated as the residual from fossil and ocean fluxes is 1.5 +/- 0.6
GtClyr. The TRENDY ensemble mean is thus similar to the one deduced from atmospheric
CO; but the spread of the TRENDY models (0.5 GtClyr) indicates that some models strongly
deviate from the mean.

5.2.1 Model — data improvement

Figures 23 and 24 below illustrate the improvement of the model prediction after assimilation
with respect to GPP and SIF respectively by comparing the observed vs simulated mean
seasonal cycles, over all PFTs and pixels considered for the parameter optimization. Except
for grasses and crops, the prior GPPs simulated by ORCHIDEE agree well with the in situ
data, with an error (Root Mean Square Difference - RMSD) typically lower than 3 gC/m?/day.
Grasses and crops show a larger inter-pixels variability and a higher model-data mismatch. A
model improvement with respect to GPP following assimilation is observed for all PFTs (from
~1% only for TeENF for which the prior simulations were already in very good agreement with
the observation GPP data, to ~64% for BoDNF), except for boreal C3 grasses (BoC3GRA,
with a degradation of -0.3%). Comparatively, the prior SIF simulations largely overestimate
the TROPOMI SIF data. This initial model-data bias is largely decreased after assimilation
(RMSD reduction ranging from ~26% to ~80%), except for boreal deciduous broadleaf forest
(BoDBF). This PFT, which shows a slight model degradation (RMSD reduction of -0.9%), is
the only PFT for which the prior simulations underestimate the intensity of SIF as compared
to TROPOSIF data. Albeit a smaller error is associated with SIF data compared to GPP, we
can observe that the posterior model-data mismatch remains higher for SIF. In particular, the
optimized SIF simulations now underestimate the peak of the growing season for several PFTs
(TeENF, TeDBF, BoDBF, etc.) when the modelled GPP temporal dynamics are more
consistent with the observations. These different results obtained for SIF and GPP highlight
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some inconsistencies in our modelling framework that the data assimilation system fails to
solve.
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Figure 23: Comparison of the mean seasonal cycles of GPP for each PFT, between in situ data
(black) and ORCHIDEE simulations (prior in blue and posterior in orange). Plain lines
correspond to the mean values over the sites considered, and the shaded areas represent the
corresponding standard deviation. Units are in gC/m?/day. The RMSD of the fit before and after
assimilation are provided for each vegetation type, as well as the reduction in RMSD (in %).
The PFTs indicated in green correspond to those for which FLUXSAT GPP data are used
instead of in situ flux observations.
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Figure 24: Same legend as figure 23 for SIF data (over 2018-2020).
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Figure 25 summarizes the improvement of the model — data fit following the optimization.
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Figure 25: Reduction in RMSD (in %) between ORCHIDEE simulations and SIF (left) and GPP
(right) data following the data assimilation.

As detailed above the improvement is greater for SIF that GPP but almost positive for all sites,
except a few and mainly for the GPP.

5.2.2 Spatial distribution of GPP

Figure 26 provides the spatial GPP distribution for ORCHIDEE simulations, using prior and
posterior to the data assimilation parameter values.
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Figure 26: Yearly mean map for the simulations performed with the ORCHIDEE land surface

model prior (left) and posterior (right) to data assimilation over the period 2018 (from May) -

2020. The global minimum, maximum, and mean values are provided (gC/m?/day), as well as
the global budget (in PgC/m?/day).

The simulations performed with the standard parameter values result in a mean global budget
of 178 GtClyear, which is at the upper end of the estimates by other LSMs and data-driven
products. The co-assimilation of SIF and GPP data decreases the global budget by about 35
GtClyear, resulting in a closer agreement with that of FLUXSAT or FLUXCOM-V2. The spatial
distribution of the optimized GPP over the tropics is closer to that of FLUXSAT, than the one
represented in FLUXCOM-V2. This can be partly explained by the fact that the constraint on
the optimized model parameters relied on FLUXSAT estimates for the TrDBF (tropical
deciduous broadleaf forest) PFT because no in situ data were available. However, in
ORCHIDEE, this PFT is mostly dominant in the Northern and Southern parts of the African
tropical forest, as well as in Northern Australia, and not over the Amazon basin (mostly tropical
evergreen broadleaf forests) where large differences between FLUXSAT and FLUXCOM-V2
are observed.
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Global GPP estimates are shown in Table 6 for the globe for ORCHIDEE prior and posterior
to the optimization as well as for the FLUXCOM-V2 from 2002 to 2019.

Table 6: Global GPP estimations (in PgClyear) from the ORCHIDEE land surface model from
2002 to 2019, and from FLUXCOM-V2.

Year ORC prior | ORC posterior | FLUXCOM-V2
2002 161.2 128.0 130.6
2003 163.4 129.4 130.6
2004 166.1 131.6 132.5
2005 164.0 129.9 132.2
2006 167.1 132.4 133.5
2007 168.0 133.1 133.3
2008 167.6 133.1 133.3
2009 166.5 132.1 133.9
2010 169.4 134.1 134.3
2011 171.7 136.5 135.3
2012 168.6 134.6 133.9
2013 169.3 134.8 134.7
2014 171.2 136.4 136.2
2015 170.2 136.0 134.6
2016 172.4 137.5 136.2
2017 173.2 138.5 136.8
2018 172.1 137.8 137.1
2019 171.6 137.6 137.3
Mean values 168.6 134.1 134.2

Model GPP estimates show a rapid increase of GPP during this period, of about 0.58 PgClyr
in ORCHIDEE prior and 0.53 PgClyr after the optimization. However, it is significantly lower
in the FLUXCOM-V2 product with 0.37 PgC/yr on average.

The assimilation of SIF data significantly reduces the GPP simulated by ORCHIDEE on
average by 34 PgCl/year (and slightly the trend). The mean GPP value following the
optimisation, from 2002 to 2019, is 134.08 PgClyear, which is relatively close to the FLUXCOM
value (136.27 PgCl/yr). The reduction of the ORCHIDEE GPP occur over all regions but more
significantly over the Tropics as shown by the spatial distribution of the ORCHIDEE GPP prior
and posterior in Figure 26.

The optimization does not change too much the year-to-year GPP variations with a slight
improvement of the correlation with FLUXCOM (see Table 6). It is however difficult with only
the comparison to FLUXCOM to evaluate these interannual variations.
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The comparison is now performed for 3 latitudinal bands (Figures 27, 28 and 29) including the
TRENDY ensemble of models and the two data-driven estimates, FLUXCOM and FLUXSAT.
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Figure 27: Comparison of the average GPP time series for the simulations performed with
ORCHIDEE (prior and optimized), the mean and standard deviation of the TRENDY simulations
(black, grey shaded area) and the FluxCOM-V2 and FluxSat data products, for the northern
hemisphere temperate latitudinal band (60°N / 30°N).
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Figure 28: Similar caption to Figure 27 for the northern tropics latitudinal band (30°N / 0°).
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Figure 29: Similar caption to Figure 27 for the southern tropics latitudinal band (0° / -30°N).
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The optimisation of the ORCHIDEE model with TROPOMI SIF and in situ GPP data, illustrates
the observational constraint brought by the SIF data from Sentinel-5p. It provides large
constraints on the ORCHIDEE model parameters. Overall, from this study and from an
ensemble of tests not detailed in this report, we obtained:

The parameter optimisation with TROPOMI SIF data and in situ GPP data leads to a
large reduction of the simulated GPP by ORCHIDEE.

The reduction of GPP concerns nearly all regions and it is associated to a strong
reduction of the mean seasonal cycle. This improves the prior ORCHIDEE simulations
which tend to overestimate the seasonal variability of GPP and NEE. Indeed prior
ORCHIDEE simulations with many parameters prescribed from literature and trait
databases are usually providing a too large seasonal cycle that is corrected through
the assimilation of various data stream (including SIF data).

Such GPP reduction brings the ORCHIDEE model close to the data-driven products
FLUXCOM-V2 and FLUXSAT, especially in the northern temperate region.

For the Tropics more substantial differences remain between the different GPP
estimates.

The use of in situ GPP data in the optimization procedure is important to stabilize the
optimisation procedure and to avoid overfitting of SIF data and potential degradation
of the GPP estimates (not shown here).

Such an approach could be used in the context of the future CO2 monitoring system
(or the Integrated Forecasting System of ECMWF) with near real time (NRT) data
assimilation. In that case the assimilation of NRT SIF data would be complemented by
the assimilation at the same time of a climatology of in situ GPP data (to stabilize the
optimization procedure) with the target to optimize some state variable such as LAl
and key parameters such as the maximum photosynthetic capacity (as well as some
SIF related parameters)

Such direction is currently being investigated within the Copernicus CAMS52a project
directly with the CTESSEL model and the same SIF observation operator as the one
used in ORCHIDEE.
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6 SDBM

For the calculation of GPP with the Simple Diagnostic Biosphere Model (SDBM), ULUND and
iLab use the Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) to constrain
photosynthetic uptake of CO., instead of SIF as described in the previous sections. This option
of using FAPAR instead of SIF has been explained before (e.g. in the WP3 section of the
DMP, D9.5, as well as in the 2" Periodic Report in form of a technical review report).

The reasons for doing so are the following:

e FAPAR products are more mature and the use of FAPAR within our modelling system
directly yields a GPP estimate.

e FAPAR characterises radiation available for photosynthesis, in contrast to SIF, which
guantifies the excess photon flux not used for photosynthesis.

e FAPAR has a clear model-independent physical definition as opposed to LAI, which in
the model serves as a parameter, which does not necessarily coincide with a physical
definition of LAl as leaf surface area.

e There are three EO data streams (VOD, SIF and LAl) listed In the CoCO2 Description of
Action. While VOD and SIF are used by other partners, to explore the constraint of all
three EO data types (and hence the spread in GPP), we decided to use FAPAR as a
substitute for LAI (see previous point).

We do not believe that this has a negative impacts on this task and the results, but rather the
opposite, because within task 3.3 we can explore a larger observational database to constrain
GPP (last point from the above list). The novelty then lies in the comparison of the GPP
products derived from different EO datasets against the data-driven products and in situ
measured fluxes.

The SDBM version used here is conceptually similar to the one used by Kaminski et al. (2017)
and is based on Knorr and Heimann (1995). The spatial resolution of the model is 0.5° times
0.5° globally. The model classifies global terrestrial ecosystems into 8 biome types based on
the MODIS land cover classification (Friedl et al., 2010): (1) cropland/urban/natural vegetation
mosaic, (2) needleleaf forest, (3) broadleaf forest, (4) mixed forest, (5) shrubland, (6) savanna
or grassland, (7) tundra, (8) barren or sparsely vegetated.

The terrestrial uptake of CO; by photosynthesis (gross primary productivity, GPP) is calculated
using a light-use efficiency approach:

GPP(x,t) = - a(x,t) - FAPAR(x,t) - Srad(x,t) (6.1)

where ¢ denotes the biome-specific light use efficiency parameter, o a plant water stress
factor, and Srad the incident solar radiation driving photosynthesis. Autotrophic respiration
(Ra) is calculated from

R (x,t) =r-GPP(x,t), (6.2)

with r being a constant with a value of r = 1 - 1/2.13 (Waring et al., 1998). Ecosystem
heterotrophic respiration (Rn) is calculated following a Qio functional relationship with
temperature T and is, as the photosynthesis calculation, modulated by the water stress factor:

Rp(x,t) = n(x) - a(x,t) - Q14*° (6.3)

The biome-specific parameter Qi expresses the ratio of respiration at ambient temperature T
+ 10 to that at T, with T given in °C. The spatially varying normalisation factor n(x) is the ratio
of the temporal integrals of NPP(x,t) = GPP(x,t) - Ra(x,t) and Rn(x,t) computed for prior
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parameter values over the entire model simulation period. It thus ensures a balanced prior
biosphere over the model simulation period but allows for non-zero posterior net flux.

We explore two ways of deriving the drought stress factor o.. For the first version we use results
by Kaminski et al. (2017), where

a(x,t) = AET (x,t)/PET (x,t) (6.4)

with actual (AET) and potential (PET) evapotranspiration taken from a simulation of the
BETHY model (Knorr, 2000) run with meteorological input from the WATCH/ERA Interim data
set (WFDEI, Weedon et al., 2014).

As our ambition in CoCO2 is to provide a setup that can be integrated into the IFS, in addition
we derived a drought stress factor from the IFS output, more specifically from ERAS5 (Hersbach
et al., 2020). However, an attempt to use Eq. (6.4) with AET and PET taken directly from ERAS5
failed for the following reasons: (1) AET frequently exceeded PET and (2) pronounced and
unexplained spatial variations in PET, in particular values close to zero in desert areas
(Sahara) or evergreen tropical forests (Amazon). Instead, we computed AET from surface
latent heat flux directly from ERAS divided by latent heat of evaporation. We further calculated
PET as equilibrium evapotranspiration (Monteith, 1965) from the following ERA5 single levels
fields:

surface net thermal radiation flux,
surface net solar radiation flux,
surface latent heat flux,

2m temperature,

surface pressure.

Using the atmospheric transport model TM3 (Heimann and Kérner, 2003) in the form
described by Kaminski et al. (2022), the process parameters ¢ and Qio as well as the
normalisation factor n and an intitial atmospheric concentration were calibrated against
remotely sensed atmospheric CO, concentrations for the year 2021 (Reuter et al., 2018; for
more details on the data see next section). The calibration used a gradient descent method
and relied on efficient derivative information provided by automatic differentation (Hascoét and
Pascual, 2013) of the processing chain.

For performing the SDBM experiments we used three different types of data: 1) model input
data, 2) data for model calibration and 3) data for model evaluation.

Meteorological data from the fifth generation of ECMWF atmospheric reanalyses (ERA5) of
the global climate (Hersbach et al., 2020) for the years 2017 to 2021 were used as model input
data. The meteorological fields were obtained on a regular 0.5° times 0.5° grid. In particular,
we used the following monthly mean fields to run SDBM:

» surface solar radiation downwards,

* 2m temperature,

» water stress factor computed either by BETHY, or ERA5 (using additional fields as
described in the previous section),

 Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) by green vegetation.

For FAPAR, we used the product derived by the Joint Research Centre-Two-stream Inversion
Package (JRC-TIP) from satellites (Pinty et al., 2011) and made available by the Joint
Research Centre of the European Commission via https://fapar.jrc.ec.europa.eu. For an
extensive evaluation of the FAPAR data see Pinty et al. (2007, 2008, and 2011) and also the
assessment by Mota et al. (2021) and references therein. The FAPAR data have a 10-daily
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temporal resolution and were spatially aggregated to a regular 0.5° times 0.5° spatial
resolution.

For the model calibration we used atmospheric CO, concentrations derived by the ensemble
median algorithm EMMA operated by University of Bremen (Reuter et al., 2013) using
measurements provided by the Greenhouse Gases Observing Satellites 1 and 2 and by the
Orbiting Carbon Observatory 2. We use column integrated data for the year 2021 for the
calibration. In addition to the observations for the calibration we also need additional data to
account for contributions from surface fluxes to the atmospheric CO, concentrations that are
not explicitly simulated by the SDBM (i.e., ocean-atmosphere exchange fluxes, emissions
from fossil fuel and biomass burning). These data are aggregated to the TM3 model
resolutions and then added as prior information for the transport modelling, particularly we
use:

+ ocean atmosphere exchange fluxes (Rddenbeck et al., 2022),

» emissions from fossil fuel burning were derived from the Fossil Fuel Data Assimilation
System (Asefi-Najafabady et al., 2014) for the spatial pattern and from the IEA GHG
emissions from fuel combustion dataset (IEA, 2022) for the annual global totals,

* emissions from biomass burning were derived from from the GFED4 data base (van der
Werf et al., 2017).

For the evaluation of SDBM fluxes at the global scale, we use CO; in situ observations
provided by the ESRL network (Lan et al., 2022), in addition to the FLUXCOM v2 product. For
local- scale evaluation, we compare SDBM modelled GPP against flux estimates from eddy
covariance measurements at two sites: Sodankyla in Finland representing boreal needleleaf
forest and Las Majadas de Tietar in Spain representing a savanna biome type. These are the
two sites from the European Space Agency’s Land surface Carbon Constellation project
(https://icc.inversion-lab.com), which demonstrated the synergistic exploitation of a range of
observations (both remotely sensed and in situ) around these sites in combination with a
numerical land surface model to improve understanding of the terrestrial carbon and water
cycles.

We show first spatial maps of the two GPP products (one using the ERA5-derived water stress
factor, SDBM-ERA, and one using the BETHY-derived water stress factor, SDBM-BETHY) as
annual averages over the whole simulation period (2017-2021) and compare these against
the annual average GPP estimates from FLUXCOM v2 (see Figure 30). While the spatial
pattern of annual GPP from the SDBM-BETHY simulation generally agrees well with the one
from the FLUXCOM v2 product (albeit has somewhat lower totals, see below), there is a
distinct difference in the spatial pattern of annual GPP from the SDBM-ERA simulation. The
most prominent difference is a much smaller GPP in the SDBM-ERA simulation compared to
FLUXCOM v2 for the central tropics. This is true for all three land regions in the tropics:
Amazonia, Central Africa (e.g. Congo) as well as the maritime continent (e.g. Malaysia,
Indonesia and Papua New Guinea). Also for the Northern high latitudes (>60°N), the
FLUXCOM v2 GPP has larger values than SDBM-ERA GPP. In contrast, for the interior of
Australia SDBM-ERA simulates larger GPP than FLUXCOM v2.
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Figure 30: Maps of annual GPP from SDBM for the year 2021 using the ERA5-derived water
stress factor (top) and the BETHY-derived water stress factor (middle) compared to the annual
GPP from FLUXCOM v2.

CoCO2-D3-4 48



CoC0O 2021

Figure 31 shows time series of the two globally aggregated monthly simulated GPP products
from SDBM using the ERA5-derived water stress factor (left) and the BETHY-derived water
stress factor together with globally aggregated monthly FLUXCOM v2 GPP product.

GPP, global monthly mean (RMSE=2.44994) GPP, global monthly mean (RMSE=1.57438)

2017 2018 2019 2020 2021 2022 2017 2018 2019 2020 2021 2022
date date

Figure 31: Time series of globally aggregated, monthly modelled GPP from SDBM (blue line)
using the ERA5-derived water stress factor (left) and the BETHY-derived water stress factor
(right) compared against the globally aggregated FLUXCOM v2 GPP product (red line).

The simulated GPP from SDBM-BETHY is in clearly better agreement with the FLUXCOM
GPP than the GPP from SDBM-ERA when aggregated to global totals: an average root mean
square error (RMSE) of 1.57 GtC/month with FLUXCOM v2 GPP for SDBM-BETHY versus
2.45 GtC/month for SDBM-ERA. However, in both cases the simulated global GPP from the
two SDBM versions have lower values during Northern hemisphere winter than the FLUXCOM
v2 GPP and do not show the plateauing of winter values as visible in the FLUXCOM GPP. In
all three cases there is very little interannual variability in the global annual total GPP (see
Table 7 for the values), with the FLUXCOM v2 product showing the largest variability (standard
deviation of 0.75 GtC/yr compared to 0.63 GtC/yr and 0.48 GtClyr for the SDBM-ERA and
SDBM-BETHY GPP, respectively).

Table 7: Annual SDBM GPP in GtClyr

year global GPP (a global GPP (a FLUXCOM v2
from BETHY) from ERAD)

2017 122.8 116.3 136.8

2018 122.3 115.6 137.1

2019 122.2 115.3 137.3

2020 122.8 116.3 138.5

2021 1234 116.9 138.3

There is also a mean difference of 6.6 GtC/yr between the two SDBM products. The difference
at total global annual scale between the simulated SDBM GPP and the FLUXCOM v2 product
is, however, even larger with 21.2 GtC/yr and 14.6 GtClyr for the SDBM-ERA and SDBM-
BETHY GPP respectively (see Figure 30). Next, we compare the simulated atmospheric CO;
concentrations from TM3 using the SDBM flux estimates against observed atmospheric CO-
concentrations at selected sites

Figure 32).
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Figure 32: Evaluation of the SDBM modelled GPP against atmospheric CO, concentrations at
selected sites (Azores, top; Mauna Loa, middle; South Pole, bottom) for the version using the
ERA5-derived water stress factor (left) and the BETHY-derived water stress factor (right).
Shown are the modelled concentrations for the year 2021 for the model (black line) and the
observations (red line). Note that the observations are not used in the assimilation.
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Here again, we show results from both model versions using the ERA5-derived water stress
factor (SDBM-ERA) as well as the one using the BETHY-derived water stress factor (SDBM-
BETHY).

The comparison against the measured atmospheric CO2 concentrations shows for both cases
that the simulations using the GPP estimates from the calibrated model (red lines) fit the
observations in general reasonably well (green lines). Here, we show this exemplarily for the
year 2021 for only three measurement station: Azores (AZR), Mauna Loa (MLO) and South
Pole (SPO). At the stations that are somewhat more effected by the terrestrial CO, exchange
fluxes (AZR and MLO) we also see that the fit against the observations is better in the case
for the SDBM-BETHY model, especially for the Northern hemisphere summer months where
the vegetation is most active and influencing atmospheric CO2 concentrations in these
regions.

Finally, we show in Figure 33 a comparison of the simulated GPP against GPP derived from
eddy-covariance net flux measurements for two sites representing contrasting ecosystem
types: a savanna type in Majadas de Tietar, Spain, and an evergreen forest type in Sodankyla,
Finland.
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Figure 33: Comparison of monthly modelled GPP from SDBM (blue line) using the ERA5-
derived water stress factor (left) and the BETHY-derived water stress factor (right) compared
against the GPP derived from eddy covariance net CO; flux measurements at the Majadas de
Tietar, Spain (top panel) and Sodankyld, Finland (bottom panel) sites (eddy covariance data

are provided by M. Aurela, FMI, for Sodankyl&, and T. El-Madany, MPI-BGC, for Majadas de
Tietar).
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In SDBM the Majadas site is modelled as composition of 80% savanna and 20% broadleaf
forest biome and the Sodankyla site as 67% needleleaf forest and 33% shrubland biome with
an overall fractional vegetation cover of 70%. For both sites we show results from the 0.5°
times 0.5° grid cells that include the location of the sites. At the Majadas site we see an
improvement in the comparison against the locally obtained GPP fluxes when using the
BETHY-derived water stress factor compared to the ERA5-derived water stress factor (RMSE
of 30.48 gC/m?/month versus 39.74 gC/m?/month). But for both SDBM GPP versions we see
a very good agreement in the seasonality of the fluxes. Most apparent is the overestimation
of GPP in the SDBM-ERA case compared to the site GPP observations during the end of the
summer / early autumn. This effect is heavily reduced or even absent when using the BETHY-
derived water stress factor. Also, in the case of the SDBM-BETHY GPP the peak value of the
amplitude agrees rather well with the site observations. We also note here, that in situ GPP
observations are not directly measured but derived from measurements of the net CO:
exchange flux through modelling of the ecosystem respiration component.

The comparison of the SDBM modelled GPP against the GPP in situ observations at the
Sodankyla site shows also a very good agreement in the seasonality of GPP, and for the
SDBM-BETHY GPP also in the amplitude of the seasonal cycle. While the seasonal amplitude
in GPP from the SDBM-ERA simulations is clearly underestimated compared to the in situ
data, there is a very good (albeit in some years, i.e. 2018/19, there is slight overestimation)
agreement of the seasonal amplitude of the SDBM-BETHY GPP with the in situ GPP (RMSE
of 38.39 gC/m?/month for SDBM-ERA and 22.52 gC/m?/month for SDBM-BETHY).

We present two simulations of GPP by SDBM using different water stress factors and
compared these against a range of observations where the version using the BETHY-derived
water stress factor shows a better agreement with the independent observations. However, in
both cases there is rather little interannual variation in the globally aggregated GPP.

In general, the strength of the SDBM approach lies in its efficiency and conceptual simplicity.
A disadvantage may be the diagnostic nature of the model, which would complicate its use in
a forecasting system. The approach, however, demands so little computational effort that
SDBM can be maintained at minimal cost alongside a prognostic model. Furthermore, the
envisaged MVS is not a forecasting system but an analysis system. Here, the SDBM is ideally
positioned to provide a most realistic natural flux component. In fact, in intercomparison
studies, it outperformed prognostic models (Nemry et al.,, 1999; Heimann et al., 1998). A
particular advantage of the setup demonstrated here is that the model can be directly driven
with IFS output.

Here, we list potential further activities around the integration of the SDBM into the MVS:

e Use of in situ CO; observations for calibration of the SDBM parameters rather than
satellite data. The MVS will be based on satellite data, thus, using the independent in
situ data stream for calibration would maximise independence.

e Extend the set of data used for calibration by eddy covariance flux measurements.
This would ensure a most realistic simulation of the diurnal cycle.

e Analyse why the computation of the drought stress factor o based on ERA yields GPP
that is in less agreement with the independent observations (atmospheric CO, and
GPP derived from eddy covariance measurements) than the GPP computation using
the drought stress factor from BETHY based on the WATCH/ERA Interim data set
(WFDEI, Weedon et al., 2014), and improve the ERA-based computation or include an
explicit representation of the water cycle in SDBM.

e Increase spatial and temporal resolution of SDBM, for example to 0.01° (~1km at
equator) and hourly.
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We further recommend to use an ensemble of natural flux models for the MVS, in order to
derive uncertainty ranges on the natural flux products. A further role of the data-driven
approach as employed by SDBM could be to guide the development of the prognostic
members of the ensemble.

7 Synthesis of results

We examined global annual GPP estimates. Table 8 and Figure 34 show a synthetic
comparison of simulated global annual GPP with FLUXCOM-V2, for ISBA and ORCHIDEE,
and for all models, respectively.

Table 8: Global terrestrial GPP trend and standard deviation (SD) of de-trended annual values
over the period 2002-2019. Mean bias and squared correlation coefficient (R?) of ISBA and
ORCHIDEE simulations vs. FLUXCOM-V2. R? is also given for de-trended time series. The F-
test p-value is given (in brackets). Best mean bias and R? score values are in bold.

GPP source Trend SD of de- | Mean bias R2 R? of de-
(PgClyr) trended (PgClyr) (p-value) trended
(PgClyr) (p-value)
FLUXCOM-V2 0.36 0.62 0 1 (0) 1 (0)
ISBA_OL 0.58 1.28 9.4 0.90 (0) | 0.37 (0.008)
ISBA_SEKF 0.57 1.20 -13.8 0.93(0) | 0.50 (0.001)
ORCHIDEE_prior 0.58 1.39 35.0 0.91(0) | 0.44 (0.003)
ORCHIDEE_posterior | 0.55 0.96 0.3 0.93(0) | 0.39 (0.005)

For the common years 2018-2019, ISBA_SEKF, ECLAND_ DA, and SDBM_BETHY give
similar estimates of about 122 PgClyr (+/- 2 PgClyr). ORCHIDEE_posterior gives 138 PgG/yr
for this period, which is similar to FLUXCOM-V2 (137 PgGlyr).

As the ECLand and SDBM simulations cover a limited time period (3 and 5 years,
respectively), it is difficult to assess their ability to represent the interannual variability of the
global GPP. On the other hand, ISBA and ORCHIDEE have produced 18 years of global GPP
and a comparison with FLUXCOM V2 is shown in Table 8.

Itis interesting to note that ISBA_OL and ORCHIDEE_ prior have similar trends of 0.58 PgClyr,
much larger than FLUXCOM-V2 (0.36 PgCl/yr), and that in both cases the assimilation tends
to slightly reduce the trend. The squared correlation coefficient (R?) between the ISBA and
ORCHIDEE simulations with FLUXCOM-V2 can be used to assess the consistency of the
interannual variability. Assimilation slightly increases the R?, for both ISBA and ORCHIDEE.
As all GPP estimates show a strong trend, the R? values are sensitive to the trend, in addition
to the interannual variability. Differences between simulations in the representation of
interannual variability are more visible using de-trended time series (de-trended R?). In all
simulations the interannual variability is well represented, with F-test p-values less than 0.01.
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Figure 34: Comparison of simulated global annual GPP estimates with FLUXCOM-V2.

Table 8 shows that for ISBA, the assimilation significantly improves the de-trended R?, which
increases from 0.37 to 0.50, but worsens the mean bias. For ORCHIDEE, the assimilation is
quite efficient in reducing the bias with FLUXCOM-V2, which drops from 35.0 PgC/yr to 0.3
PgClyr, but it worsens the de-trended R2, which drops from 0.44 to 0.39. Note that the
ORCHIDEE_prior GPP values are larger than 160 PgC/yr, which is outside the 80-160 PgC/yr
range of possible values given by Zhang and Ye (2022). For both ISBA and ORCHIDEE, the
assimilation reduces the standard deviation of the de-trended GPP time series (SD) but the
simulation SD remains larger than the FLUXCOM-V2 SD (0.62 PgClyr).
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Pros and cons of data and modelling approaches are presented in Tables 9 and 10,

respectively.
Table 9: Pros and cons of satellite products for global applications
Data / tool | Pros Cons
LAI e A Kkey variable for water and e Definition can vary from one
data carbon fluxes product to another (e.g. effective
e Straightforward observation vs. true LAI)
operator (can be assimilated as |e¢ Reduced availability caused by
iS) cloud coverage
e CGLS near-real time production
VOD e Independent from other satellite |e Not simulated by models
data vegetation products o Must be rescaled as a proxy to LAI
* Good sampling time (1-3 days) o Affected by radio-frequency
interferences (RFI)
SIF ¢ Independent from other satellite |e Canopy-level values do not always
data vegetation products correlate well with GPP
¢ Reduced availability caused by
cloud coverage
FAPAR e Well understood model- e A radiative flux for which building a
data independent physical definition, physically-based observation

canopy radiative transfer
modelling similar as for SIF or
LAI

Well established and tested
observation operator available
(Sellers, 1985)

Can be used as a forcing for
data-driven models such as
SDBM

operator is not trivial for some land
surface models

Reduced availability caused by
cloud coverage

Table 10: Pros and cons of modelling approaches for global applications

Data / tool | Pros Cons
ISBA * Physically-based  Computing time can be a limitation
model  Key processes are represented at high spatial resolution

including plant growth

Uncalibrated, parsimonious
approach

Advanced representation of
soil-plant response to drought

No mass conservation when
sequential assimilation is activated
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e Daily sequential assimilation of
satellite data is possible

¢ Continuous analysis of root
zone soil moisture

ECLand e Physically-based e Computing time can be a limitation

model e Within the IES at high spatial resolution

¢ Daily sequential assimilation of * Plantgrowthiis not represented

satellite data is possible

e Continuous analysis of root
zone soil moisture

ORCHIDEE |e Physically-based e Computing time can be a limitation

model ) t high tial resolution
e Mass is conserved at nigh spatal resolutio

e Possible risk of circularity (in situ
flux data are used, as in
FLUXCOM)

e Key processes are represented
including plant growth

SDBM e Data driven e Not all processes are represented

model .
o Excellent performance in model

intercomparisons against
prognostic models (Heimann et
al. 1998, Nemry et al. 1999)

e Input data can be derived
directly from IFS/ERAS5, hence
integration into IFS is
straightforwardComputing cost
efficient

8 Conclusion

Numerical experiments performed by 4 modelling approaches (ISBA, ECLand, ORCHIDEE,
SDBM) were compared.

The ISBA land surface model sequentially assimilated LAI using the Meteo-France Land Data
Assimilation System (LDAS), with and without surface soil moisture. ISBA and FLUXCOM-V2
GPP were found to correlate well (R > 0.8) at high latitudes. Assimilation generally improved
the temporal correlation between ISBA and FLUXCOM-V2 GPP, except for sparse vegetation
areas. The temporal correlation between TROPOMI SIF and the LAl analysed by ISBA was
very good at mid-latitudes (e.g. from France to Ukraine) and a strong increase of the
correlation due to assimilation was observed. SIF and GPP were in good agreement during
the growing season, but a discrepancy appeared during the senescence. The assimilation of
microwave VOD was considered over the USA. The assimilation of VOD improved the
representation of evapotranspiration and GPP, and the improvements were almost entirely
due to the more frequent observations of VOD compared to LAI.

A daily LAI analysis was produced by integrating microwave VOD into ECLand using the
ECMWEF LDAS. This analysis was fed into the IFS NWP system in place of the monthly
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climatology. The impact on the NWP of assimilating satellite data to dynamically updated
vegetation showed promising signs on 2 m temperature forecasts and on forecast errors for
near-surface relative humidity. This showed that microwave radiances can have an impact on
NWP via improved analysis of vegetation parameters. While the dynamically updated LAl
improved the meteorological results, the carbon fluxes appeared to be degraded when
checked against observations.

The ORCHIDEE model parameters were tuned by assimilation of TROPOMI SIF. In situ GPP
data were used to stabilise the optimisation procedure and to avoid overfitting of the SIF data
and potential degradation of the GPP estimates. Parameter optimisation with TROPOMI SIF
data and in situ GPP data resulted in a large reduction of simulated GPP by ORCHIDEE.

Two simulations of GPP by SDBM were performed using different water stress factors. The
version using the BETHY-derived water stress factor showed a better agreement with the
independent observations. However, in both cases there was rather little interannual variation
in the globally aggregated GPP.

The simulated global annual GPP values were compared with the FLUXCOM-V2 estimates.
For the common years 2018-2019, ISBA_SEKF, ECLAND_DA, and SDBM_BETHY gave
similar estimates of about 122 PgC/yr (+/- 2 PgClyr). ORCHIDEE_posterior gave 138 PgG/yr
for this period, which was similar to FLUXCOM-V2 (137 PgGl/yr). For ISBA, the assimilation
significantly improved interannual variability of the GPP, but worsened the mean bias. For
ORCHIDEE, the assimilation was quite efficient in reducing the bias with FLUXCOM-V2, but
it worsened the interannual variability. For both ISBA and ORCHIDEE, the assimilation
reduced the standard deviation of the de-trended GPP time series but it remained larger than
the FLUXCOM-V2 value.

For future work, it is recommended to work on assimilating radiances and to continue using
the multi-model approach implemented in COCO2. The former requires the development of
observation operators, for which machine learning techniques could be explored. The latter
could take several forms but regular intercomparisons such as the one carried out in this study
are needed.
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