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1 Executive Summary

This deliverable documents the development of the CO; regional inverse modelling systems
WRF-CTDAS and CIF-CHIMERE in preparation for the use of satellite retrievals from the
CO2M mission for estimating CO- fluxes from Western European countries. To this end, a
pseudo dataset of CO2M satellite retrievals has been made based on an orbit simulator, a
CO- nature run from the Integrated Forecasting System (IFS) model, and a parameterization
of random and systematic retrieval uncertainties. This dataset is used in the WRF-CTDAS
inversions to test their ability to recover the fossil and biological CO; fluxes that were used in
the nature run. The inversion setup is the same as used in the national scale inversions
reported in CoCO2 deliverable D4.6. Therefore, we test the ability of the inversions to correct
the priors used in that inversion setup to those used in the nature run, which are different and
reflect the remaining uncertainties in the spatio-temporal distribution of CO. fluxes across the
domain. In addition, we investigate the impact of uneven sampling by the CO2M satellite
constellation due to cloud cover by redistributing the retrievals randomly across the orbit.
Inversions are performed for winter and summer to test seasonal differences in the CO2M
inversion performance and the impact of resampling. The results show that resampling has a
significant effect. However, the inversion setups have not reached the state yet that robust
conclusions can be derived. The deliverables also documents plans for inversions with the
CIF-CHIMERE system propagating the retrieval errors from the pseudo CO2M observations,
but also of pseudo OCO-2 and surface observations, to quantify the uncertainty in the
corresponding emission estimates and demonstrate the added value of the CO2M mission.

2 Introduction

2.2.1 Objectives of this deliverables

The aim of this deliverable is to investigate the representation of satellite data and their
uncertainty in inversions. Satellite data are difficult to represent in a statistically consistent
manner, not only because the uncertainties of individual satellite retrievals are not statistically
independent, but also because the number of available data requires some degree of
averaging for which assumptions on the statistics are required. In addition, the data coverage
is not even since the sampling is limited to clear sky conditions and the local overpass time of
the satellite. This report makes use of global nature runs performed in the Copernicus CO>
(CoCO2) project (T2.1a) and simulated orbits of the European CO. satellite constellation
CO2M provided by European Organisation for the Exploitation of Meteorological Satellites
(EUMETSAT) to test the capacity of regional scale inverse models to estimate European CO-
surface fluxes from CO2M satellite data. The focus of this study is on Western European
countries.

2.2.2 Work performed in this deliverable

A series of Observing Systems Simulation Experiments (OSSEs) is performed using different
inverse modelling systems driven by pseudo data from CO2M (and from OCO-2 and the
surface network used in D4.6) focusing on Europe during 2018. The performance of the
inversions is measured (1) by their ability to recover the 'true’ emissions that were used in the
nature run from which the pseudo satellite measurements were sampled, or (2) via the
propagation of errors following the error statistics given to the inversion system such as in
more traditional inversion OSSEs, including the errors assigned to the satellite or surface
observations. The CO2M samples were taken according to simulated footprints of the CO2M
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dataset delivered by EUMETSAT. This is done in different ways to investigate the sensitivity
of the inversion optimised fluxes to the geographical coverage of the satellite measurements.
To make the sampling as realistic as possible, the EUMETSAT dataset has been extended
with information on cloud cover. To use the data in the inversion, the random and systematic
error components of the satellite retrievals have been estimated as function of their main
controlling parameters, including solar and viewing angles, surface albedo, cirrus and aerosol
scattering properties, using the equations from Buchwitz et al (2013) adjusted for application
to CO2M.

2.2.3 Deviations and counter measures

The execution of the initial plan for T5.4 encountered major difficulties, which forced us to
prioritise the most important parts of the work that was planned initially. The first hurdle was a
replacement in personnel during the project, linked to the Covid pandemic. In the end we were
able to use the PM’s allocated to this task, but an important fraction went into the training of
newly recruited staff. The second hurdle was a replacement of the Dutch supercomputer with
a new machine, which caused unexpected difficulties operating the existing code and using it
in computationally demanding production runs. Because of these difficulties the initial plan for
CoCO2 Task 5.4 turned out to be too ambitious.

The counter measure was to prioritise on the construction of the CO2M satellite pseudo
dataset, which was not foreseen for Task 5.4, but an essential input for the simulations that
were proposed and therefore had to be prepared. The delays in the planning had the
advantage that output of the CoCO2 nature runs could be used for this. The CO2M pseudo
dataset was finally produced late in the project. The inversion development concentrated on
the CO2M satellite sacrificing the reference to the use of OCO-2 that was foreseen initially.
The inversions using WRF-CTDAS by VUA were completed, but too little time remained to do
this in the iterations needed to solve all intricate issues that are commonly encountered in this
process. This prevented us from making the model comparison that was planned in this task,
explaining why we focus on results from WRF-CTDAS. On the side of CEA, there was a lack
of remaining time to conduct CIF-CHIMERE inversion experiments with this dataset. This
deliverable documents the plan that was made for these experiments, and some illustration of
the results when assimilating pseudo OCO-2 and surface data. The full inversions planned
by DLR were not realised; instead, we demonstrate progress made in WRF-CTDAS model
development during CoCO2 with a test case. This deliverable represents the status of regional
inversion development for using CO2M data over Europe and its preliminary outcomes, which
will continue after the CoCO2 project.

3 Methodology

For the OSSE experiments conducted in the CoCO2 WP5.4, pseudodata have been created
for 2018 for Europe (see section 3.1.1). The pseudo data mimic observations that will be made
available by the Copernicus CO; satellite mission CO2M. Briefly, the CO2M mission will start
in 2025 and will consist of a constellation of three satellites in sun-synchronous orbits (CO2M-
A, CO2M-B and CO2M-C). The CO2M satellites will sample along a 250 km wide swath with
a pixel size of 4 km? (Sierk et al. 2019). The mission will focus on retrieving xCO> in the near
infrared (NIR) and shortwave infrared spectral range (SWIR) and the NO, tropospheric column
in the visible spectral range, as well as CHs (Sierk et al. 2019; ESA Earth and Mission Science
Division, 2020). The satellites will carry a Multi Angle Polarimeter (MAP) and Cloud Imager
(CLIM) for measuring aerosols and clouds to minimise the systematic errors in the retrieval
methods (Rusli et al, 2021). The satellites overpass a location at 11:30h local time, with a 11-
day repeat cycle.

CO2M uncertainties in inverse modelling
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The database includes pseudo data for CO2, CH4 and their errors (systematic & random).
CO2M orbits and measurement footprints of the CO2I imagers onboard the CO2M satellites
were provided by EUMETSAT, based on an orbit simulator considering the orbit parameters
and instrument specifications of CO2M. This dataset provides measurement locations, times,
footprint coordinates, viewing angles, etc. but no information about greenhouse gas total
columns and measurement errors. WP5.4 added that information as described below.

3.1.1 Input data

CO2 and CH4 column data (xCO2 and xCHj4), as well as cloud cover for 2018, are retrieved
from a nature run based on a high-resolution version of ECMWF’s Integrated Forecasting
System (IFS) developed for the Copernicus Atmosphere Monitoring Service (CAMS). More
specifically, the CoCO2 nature run v1 uses the latest IFS cycle CY48R1 and anthropogenic
emissions from CAMS-GLOB-ANTV5.3 (https://essd.copernicus.org/preprints/ essd-2023-
306/, available from the Copernicus Atmosphere Data Store https://ads.atmosphere.
copernicus.eu/#!/home). More detailed information about CAMS and IFS can be found in
Agusti-Panareda et al. (2022). xCO2 and xCH4 pseudo-observations are filtered for clouds
using a cloud threshold of 1%, following for example Kuhlmann et al. (2021).

For the CO, and CH. systematic and random errors we make use of the error parameterization
by Buchwitz et al (2013) (see Section 3.1.2), which will be referred to as the B13 method. For
this method the following input data are needed: surface albedo at 858 nm and 1640 nm,
aerosol optical depth at 550 nm (AOD), cirrus optical depth (COD) and cirrus cloud top height
(CTH). For surface albedo monthly climatological fields are used from the Carbon Monitoring
Satellite (CarbonSat) database, initially retrieved from MODIS (Technical Note for ESA study;
see also here https://www.iup.uni-bremen.de/carbonsat/). Monthly AOD is retrieved from
CAMS global atmospheric composition forecasts (v21r1/Innes et al. 2019), while monthly COD
and CTH are from the International Satellite Cloud Climatology Project (ISCCP) (Rossow et
al. 2016). Due to missing values of COD/CTH ISCCP data over northern America, monthly
climatological COD/CTH from the CarbonSat database are used to fill in the gaps. This
climatology is based on retrievals from Cloud-Aerosol Lidar with Orthogonal Polarisation
(CALIOP)/ Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO)
(Technical Note for ESA study). All the input data are for 12:00h UTC.

3.1.2 CO2, CH4 systematic and random errors

Systematic and random retrieval errors, SEs and REs from now on, for CO, and CH4 are
calculated following B13. The error equations used in this method are a function of AOD at
550 nm, COD, CTH and albedo at 858nm and 1640nm. Further details can be found in
Buchwitz et al. (2013) and references therein. Note that REs from B13 are divided by 2.0, to
account for an improved signal over noise ratio (SNR) of CO2M compared with CarbonSAT
(Wang et al. 2020). It is important to note that flat averaging kernels (AK) were used for xCO-
and xCHg, instead of the equations from the B13 method. This simplification was introduced
to avoid the complication of reducing the vertical resolution of IFS to the limited number of
layers of the satellite retrieval, which should account for differences in the vertical coordinate
systems, etc. In the end the impact of this simplification is expected to be small, as the CO2M
averaging kernels are approximately uniform in the troposphere.

3.1.3 Retrieval error scaling

To evaluate the CO, and CHs SE and RE derived from the B13 equations, the data are
compared against other simulated CO2M data. More specifically, the CO2M end-to-end
simulator Remote sensing of Trace gas and Aerosol (RemoTAP) is used, developed by the
Dutch Institute for Space Research (SRON) (Lu et al. 2022). Unlike the B13 method developed
for CarbonSat, RemoTAP accounts for the extended capability of CO2M to simultaneously
retrieve aerosol and trace gases using the multi-angle polarimeter (MAP) and CO2 imager
(CO2l) onboard CO2M. CO2l measures top-of-atmosphere Earth reflected spectral radiance
and solar irradiance in three spectral windows; one in the near infrared and two in the short-
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wave infrared. MAP measures radiance and degree of linear polarisation at six wavelengths
and 43 viewing angles on ground. For more information, please refer to Lu et al. (2022). The
regional RemoTAP dataset includes orbits over Europe and America. The original dataset
ignores cloud coverage as it focuses on the effect of aerosols on the retrieval for each region.
However, to compare with the synthetic CO2M data, RemoTAP data are filtered for cloudy
conditions using IFS data and applying the same cloud filtering criteria as for CO2M (see in
Section 3.1.1). RemoTAP has the advantage over the B13 method that it was designed to
simulate CO2M. However, RemoTap is computationally much more expensive. For this
reason, data for only fractions of a few orbits are available. We use these data to scale the
errors from the B13 method such that the medians of their statistical distributions agree. This
way we account for systematic offsets in the expected instrument performances of CarbonSat
and CO2M, although we still rely on the spatial-temporal distribution of uncertainties from the
B13 method. They account for dominant influences of surface albedo and viewing angles on
the REs, which are valid for CO2M also. However, the spatio-temporal pattern of SE is
influenced by the correction of aerosol influences on the light path using MAP data, which our
error estimation method cannot account for. Additionally, the use of a dedicated retrieval
algorithm for sun glint measurements will improve the CO2M performance over sea (Boesch
et al, 2011), which our simplified approach cannot account for.

Figure 3.1.1 shows the distribution of xCO, REs (REg13/2.0, see Section 3.1.2) and SEs as
derived from the B13 method. Unscaled xCO, SEs and REs range between -1.0 and 1.3 ppm
and 0 and 1.2 ppm respectively. Figure 3.1.1 also shows the probability density function of
B13 and RemoTAP errors for xCO.. RemoTAP xCO: errors are expressed as defined 1 sigma
uncertainty and therefore only have positive values. Thus, to compare with CO2M xCO:., errors,
the square root of the quadratic sum of CO, REs and SEs is used. As shown in Figure 3.1.1,
the majority of CO2M errors lay between 0 and 3 ppm, while the RemoTAP CO- error ranges
between 0 and 3.0 ppm. Note that all three satellites are used for this comparison and all data
through 2018. Thus, the scaling factor is estimated as the ratio between the RemoTAP median
(1.36 ppm) and Buchwitz median (0.85 ppm). Following the same procedure, the scaling factor
for CH. is also calculated, but the results are not shown in this report.

2.00 1 N SE 54 [0 Buchwitz

== RE B RemoTAP
1.75

Median_remotap: 1.35
95 emotapt 1.97
Median_Buchwitz: 0.85

1.50 4

1.251

Density
-
o
o

0.75 A

0.50

0.25 A1

0.00 -

-1.0 -0.5 0.0 0.5 1.0 1:5 0.0 0.5 1.0 1.5 2.0 2.5 3.0
xCO2 Errors (unscaled) xCO2 Errors

Figure 3.1.1: Distribution of xCO2 REs and SEs errors from the unscaled B13 method (left panel) and
a comparison of the quadratic sum of B13 REs and SEs and RemoTAP xCO: errors. All the errors are
in ppm. The lines in both figures show the kernel density function (KDE), while the bars show the errors.
Note the different scales.

Figure 3.1.2 shows an example of xCO- total column, xCO2 REs and SEs for February and in
July 2018, using data from all three satellites and after scaling the pseudo data. xCO; REs
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mostly range between 0.01 and 1.2 ppm, with a few higher values in some pixels e.g. over
sea in February and from 0.01 to 1.6 ppm in July, also showing some higher errors over sea.
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Figure 3.1.2: CO2M orbits for February (upper panel) and July (lower panel) 2018. From left to right:
xCO:2 column, xCO2 REs and SEs. All in ppm.

xCO2 SEs range between -2.0 and 1.6 ppm in February, while between -2.0 and 1.6 ppm in
July. These errors are slightly higher compared to other recent studies, such Kaminski et al.
2022, who used another method (Quantitative Network Design) to estimate the xCO; errors
where the xCO2 RES do not exceed 1.0 ppm and xCO2 SES range between -0.2 and 0.2
ppm for a day (orbit) in February and July.

Two different models and different inverse modelling configurations are used as part of this
deliverable which are described below.

3.21 WRF-CTDAS

The CarbonTracker Data Assimilation Shell (“CTDAS”, van der Laan-Luijkx et al., 2017), was
originally developed for use in combination with the global atmospheric transport model TM5.
The inverse modelling framework used here, replaces TM5 with the Weather Research
Forecast with chemistry (WRF-Chem) model for regional studies at higher spatial resolution
(Grell et al., 2005). WRF-CTDAS was developed and used in the EC funded projects H2020-
SCARBO and H2020-CHE (see https://che-project.eu/node/239). Figure 3.2.1 shows the
workflow of the WRF-CTDAS system. The Ensemble Kalman Filter (EnKF) method is used in
CTDAS to solve the Bayesian optimization problem via pseudo random samples of data
providing a statistical representation of the covariance structure in the space of fluxes and
mixing ratios (Peters et al., 2005).

CO2M uncertainties in inverse modelling
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Figure 3.1.3: A schematic representation of the WRF-CTDAS inverse modelling framework.

During CoCO2, we implemented features that allow CTDAS-WRF to optimise fluxes at high
spatial resolution: allowing prior flux covariances and replacing the existing localization
algorithm with a computationally efficient one based on distance. These features were
implemented in collaboration with Tzu-Hsin (David) Ho (MPI-BGC, Jena). Localization is an
error prevention method for Ensemble Kalman Filters: since the™ state vector and its
covariances are represented by a finite ensemble, spurious correlations can cause unphysical
optimizations and thus degrade the estimated fluxes. The standard localization method in
CTDAS is based on a t-test. We found that this approach is computationally not feasible for
large state vectors and implemented an alternative localization method based on the distance
between the observation and the state vector element location, drastically reducing
computational time. We also implemented the ability to assimilate in situ data, which is
demonstrated in D4.6.

Table 3.2.1 A summary of the CTDAS configuration by VUA used for the OSSEs.
Table 3.2.1: CTDAS configuration.

Temporal Assimilation Correlation | State vector Spatial Scaling

resolution window length resolution | correlations factor
1 week 2 weeks 300km 100km Yes Separate
for prior

fluxes

The temporal resolution in Table 3.2.1 refers to the time resolution at which the surface fluxes
in the state-vector are optimised. The assimilation window refers to the width of the time
window that the EnKF uses to propagate forward in time. The width limits the timespan of
source-receptor relations that are accounted for in the flux optimization. The a priori flux
uncertainties are correlated in space as defined by the correlation length. The inversion
distinguishes between fossil, biological, and fire fluxes, which are optimised separately.

CO2M uncertainties in inverse modelling
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3.2.1.1 WREF setup
3.21.2 VUA

WRF-Chem model version 4.1.1 (Skamarock et al. 2019) is used in this study. The
greenhouse gases (GHG) module is used to calculate CO-transport (Grell et al.2005; Beck et
al., 2011). All other atmospheric chemistry options are switched OFF as they are not needed
for the long-lived trace gas CO., while state of the art schemes are used for simulating
atmospheric transport.

The model is run over Europe using two domains (see Fig. 3.2.2), where the parent domain
(d01) covers the whole of Europe, and the nested domain (d02) covering Western Europe.
The boundary and initial conditions are derived from the IFS nature run (see above in Section
3.1.1) for CO; and from ECMWF Reanalysis v5 (ERA5) for meteorological parameters
(Hersbach et al., 2023 a, b). 100 ensemble members are used and a total of 50 vertical levels
and spectral nudging for d01 and d02 are used. WRF-Chem temperature, wind and humidity
are nudged at each dynamical step toward the reanalysis and are updated every 3h above
the atmospheric boundary layer. Different simulations are performed in this study, summarised
in Section 3.3.

WRF domalns

d01 30x30km M Y

d02:10x10

5?"

o
o U

e T 8

1 w =

Figure 3.2.2: WRF domains at 30km (d01) and
10km (d02).

VAT

3.2.1.3 DLR (test case)

Here, we use the transport model WRF-GHG version 4.3.3. The domain of the test case
covers portions of southern Europe in 12x15 grid cells with a resolution of 100 km, 39 vertical
levels and a time step of 10 minutes (see e.g. Fig. 3.4.2.1). This configuration is designed to
allow fast runs of the transport model instead of optimising accuracy. The model is driven by
meteorological fields from ERA5 (Hersbach et al. 2017, 2023a). Atmospheric transport is
computed for an ensemble of 150 passive tracers.

CO2M uncertainties in inverse modelling
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3.2.2 CIF-CHIMERE (for France)
The CIF-CHIMERE inversion configuration for France developed in the framework of task T4.4
(WP4) of the CoCO2 project should have been used to conduct OSSEs with the assimilation
of the pseudo CO2M data produced in this task, in addition to pseudo OCO-2 and surface CO;
data corresponding to the real data assimilated in the CIF-CHIMERE inversions in T4.4 (see
D4.6 of WP4). These OSSEs correspond to the inversion of the national scale estimate of
hourly CO- flux maps in France over a full month (July 2018). In these OSSEs, the concept
was to compare the skill for monitoring the CO, anthropogenic and natural fluxes when
assimilating CO2M data vs. when assimilating data from the current observation networks,
depending on the CO2M sampling, and to assess the relative weight of the random and
systematic errors in the CO2M data on the uncertainty in the fluxes from the inversions. For
this purpose, these OSSEs propagate the errors corresponding to these datasets, in addition
to the uncertainties from the prior estimate of the fluxes and to the transport modelling errors,
assuming that the statistics for all these errors are perfectly characterised in the inversion set-
up. First tests of OSSEs assimilating pseudo OCO-2 and surface data were conducted, but
the pseudo CO2M data were not made available early enough to finalise the overall ensemble
of OSSEs. In particular, this ensemble does not include the tests with CO2M.
General information about the CIF CHIMERE variational inversion system for France
The CIF-CHIMERE system used here relies on the coupling between the variational mode of
the CIF (Berchet et al., 2021), the regional chemistry transport model CHIMERE (Menut et al.,
2013) and the adjoint of this model (Fortems-Cheiney et al., 2021).
CHIMERE configuration for France
The configuration of CHIMERE (and of its adjoint code) for France covers the domain: 11°W-
12°E ; 39,5°N-54,5°N (cf Figure 3.2.2.1). Its zoomed grid has a 10 km horizontal resolution
over France, and a 50 km horizontal resolution in the corners of this domain (Figure 3.2.2.1).
It has 20 vertical layers, from the surface to 200hPa. The modelling of the CO2 concentrations
above 200hPa for comparisons to CO; total column concentrations (XCO.) from satellite
instruments relies on the product used to impose the model initial and boundary conditions.
CHIMERE is driven by the ECMWF / IFS operational meteorological forecasts.
Control vector
The CIF-CHIMERE inversions of the CO; fluxes in France over July 2018 control separately
the anthropogenic, terrestrial ecosystem and ocean CO- fluxes in addition to the model initial
and boundary conditions for this month. In particular:
e the anthropogenic (fossil fuel and biofuel) emissions are controlled at the scale of
5 aggregated sectors of activity (public power, industry, other stationary
combustion, road transport, other) per administrative region (in France) and per
country (outside of France), and at 1-day temporal resolution
e the ocean and terrestrial ecosystem fluxes are controlled at the model grid-cell (i.e.
10 km over France) and 6-hourly resolution
Other inversion parameters
In the frame of T4.4 in WP4, various experiments have been conducted with this CIF-
CHIMERE configuration using different products for the prior estimates of the control vector,
assimilating different datasets of real and pseudo-observations, and varying some of the
system parameters. A description of the CIF-CHIMERE configuration parameters, of these
datasets and of the results are provided in deliverable D4.6. Here, a specific set-up of the CIF-
CHIMERE configuration is used to conduct the OSSEs with the inversion of the CO fluxes in
France in July 2018 as detailed below and in sections 3.3 and 3.4.
For both the in situ and satellite observations the inversion systems accounts for both transport
model and observation errors. The observation error covariance matrix of the system is set-
up as a diagonal matrix (without spatial or temporal correlation across the observations) with
the observation error values provided in the observation products, and with values for the
transport model error for the in situ and satellite observations respectively taken from Broquet
et al. (2013) and Potier et al. (2022).

CO2M uncertainties in inverse modelling
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The set-up of the part corresponding to the CO- natural fluxes in the prior uncertainty
covariance matrix in the system is derived from that of the PYVAR-CHIMERE CO. NEE
inversions in Monteil et al. (2020), albeit with 100-km scale spatial correlations for the
terrestrial ecosystems (instead of 200-km spatial correlations, since the system operates at
much higher spatial resolution here) and some other slight differences. The set-up of the part
corresponding to the CO; anthropogenic emissions in the prior uncertainty covariance matrix
assumes a 50% 1-sigma uncertainty in the total emissions per administrative region and day
(i.e. a bit more than 100% 1-sigma uncertainty in the total emissions per large sector of activity,
administrative region and day). It ignores spatial correlations across the regions, and temporal
day-to-day correlations. The prior uncertainty in the boundary conditions is characterised by a
500 km horizontal correlation scale and by a 2 ppm 1-sigma uncertainty in the total columns
in the prior error covariance matrix. The prior uncertainty covariance matrix does not include
any correlation between the different main components of the control vector (ocean, terrestrial
ecosystem and anthropogenic fluxes, and boundary conditions).
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Figure 3.2.2.1: domain of the CIF-CHIMERE inversions and illustrations of its zoomed grid from
experiments in Task T4.4 in CoCO2 WP4: 1) (left): binning into the CHIMERE zoomed grid of the
satellite OCO-2 v11 observations during the month of July 2018 2) (right): ground based CO2
measurement stations used for the inversions and prior estimate of the CO2 NEE from VPRM
interpolated on the CHIMERE zoomed grid during the month of July 2018.

3.3.1 VUA

WRF-CTDAS is run from 15 January to the end of February and 15 of June to the end of July
2018. The first 15 days in each period are considered as spin up and therefore excluded from
the analysis, which focuses on one month per run (February and July 2018). The BASE
simulation and the different sensitivity runs are described in Table 3.3.1. The results are
discussed in Section 4. The TEST and BASE simulations are the same except that the base
simulation resamples each CO2M orbit randomly, conserving the number of valid retrievals
per orbit.

Table 3.3.1: WRF-CTDAS inversions.

Simulations Description
BASE CO2M retrievals only for cloud free
scenes
TEST CO2M retrievals are randomly
sampled over each orbit

CO2M uncertainties in inverse modelling
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3.3.2 DLR (test case)

To demonstrate the new capabilities that we integrated into WRF-CTDAS within CoCO2, we
ran one test case for 2 days, 1-2 June 2015.

The state vector consists of scaling factors for the three prior flux components at the same
extent and resolution as the transport simulation grid, i.e. 12x15 grid cells at 100 km resolution.
In addition, one boundary condition offset per corner is optimised, for a total of 544 state vector
elements (3*12*15 + 4=544).

Prior uncertainties are 30% for anthropogenic emissions, 50% for GPP and respiration and 5
ppm for boundary conditions. Prior correlations of flux scaling factors are Gaussian with 400
km correlation length and 0.25 for the boundary condition offsets. The temporal resolution is
1 day with an assimilation window of 2 days.

Synthetic observations are evenly distributed over the grid (Fig. 3.2.2.1). The same locations,
time of day and values are used for both days.

XCO2
[Ppm]

402
401

400

Figure 3.2.2.1: Synthetic observations assimilated in the test case by DLR.

3.3.3 LSCE

The CIF-CHIMERE OSSEs follow the framework of twin experiments. The concept is to
assume that the fluxes and simulations of concentrations using the reference products in input
of CHIMERE (see section 3.4.3) correspond to the truth, and to perturb them according to the
statistics of prior and observation (and model) uncertainties to define the prior estimate and
the observations of the inversion. More specifically, for CO2M, the system would have
assimilated a simulation of the CO2M XCO: dataset, using the true CO: field, the vertical
sensitivity and spatial and temporal sampling of the CO2M observation dataset and
perturbations corresponding to the statistics of the observation errors (with or without random
and systematic errors) as detailed in section 3.1; all individual OCO-2 and CO2M observations
are (would have been) simulated and assimilated using the grid-cell of CHIMERE containing
the centre of their corresponding CO2M pixel (there is no aggregation of the satellite
observations at the model resolution)

CO2M uncertainties in inverse modelling
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By doing so, one propagates the prior and observation errors into the system to derive an
estimate of the posterior uncertainties in the estimates of the fluxes from the inversion. The
comparison between posterior and prior error to the truth would have provided a direct
assessment of the potential of the OCO-2, surface, and CO2M observations depending, for
the latter, on the corresponding observation errors and sampling configuration.

In practice, the only tests of CIF-CHIMERE OSSEs that have finally been conducted for this
deliverable (for the month of July 2018) have assimilated pseudo in situ hourly CO-
observations from ground based continuous measurement stations in France and in its vicinity
(mainly from the ICOS network, all actual data behind the simulation of the pseudo data here
being accessed from the ICOS carbon portal, htips://data.icos-cp.eu/portal/), and pseudo
XCO:; observations from the OCO-2 NASA-JPL mission (corresponding to the v11 dataset, cf
Figure 3.2.2.1).

3.41 VUA

Table 3.4.1 summarises the prior CO- fluxes and corresponding uncertainties that were used
in the VUA inversion setup.

Table 3.4.1: Prior CO: fluxes.

Prior Fluxes Resolution Prior Uncertainties Courtesy
Anthropogenic 6x6km 30% TNO, Hugo Denier
van der Gon
Biogenic (respiration 1x1km 50% VPRM, Julia
& gross primary Marshall
productivity)
Fire 0.1x0.1 50% GFAS, Julia
Marshall
Oceanic 0.25x0.25 not optimised Cyril Germineaud,
Mercator
Lateral 8x8km not optimised LSCE
(CEA/CNRS/UVSQ)
- IPSL

For anthropogenic CO2 emissions we use the TNO anthropogenic emission inventory at 6x6
km? resolution, which covers the whole of Europe. Lateral fluxes account for the transport of
crops and wood, and displacement of CO2 emissions from production regions. Similarly, the
displacement of CO; sources and sinks from carbon transport in rivers, lakes, and reservoirs
is accounted for. The uncertainties on prior fluxes are chosen following recent papers (Reum
et al, 2021, Monteil et al., 2020). An example of anthropogenic and biogenic CO- fluxes for a
single day in February and July 2018 is shown in Figure 3.4.1 for WRF domain d01. All CO-
fluxes are used in the simulations, while only anthropogenic, biogenic and fire fluxes are
optimised. As a result, 6224 flux parameters are optimised. Also 8 boundary condition
parameters are optimised, with a sigma equal to 6 ppm for boundary condition optimisation.
Finally, the correlation for neighbouring boundary condition parameters is set to 0.25.

Fossil and biogenic CO; prior and posterior fluxes are compared to the “true" fluxes used in
the IFS simulations (see in Section 4.1.1). For the IFS simulations CAMS global anthropogenic
emissions version 7.0 are used (see Section 3.1.1 for more information), while the net
ecosystem exchange biogenic fluxes are generated as part of the IFS simulation and are
available for 2021. For fire emissions GFAS are also used for the IFS simulations, so truth and
prior fire emissions are the same.

CO2M uncertainties in inverse modelling
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Figure 3.4.1: From left to right figure: anthropogenic and biogenic prior CO2 fluxes, in mole/Km?/hr, interpolated to WRF
d01 domain. Upper panel shows prior CO:zfluxes for 25 February 2018 at 11 UTC. Lower panel shows prior CO: fluxes for
29 July 2018 at 09 UTC. Note the logarithmic scale.

3.4.2 DLR (test case)

In the test case, we optimise CO. emissions. Prior fluxes are composed of 3 datasets:
anthropogenic emissions, gross primary production (GPP) and respiration. Anthropogenic
emissions are taken from the TNO GHGco dataset (Super et al., 2020), with a resolution of
1/60 x 1/120°. GPP and respiration are from a run of the model VPRM, originally produced in
the H2020 project CHE (https://www.che-project.eu/node/149), with a resolution of 5 km.
These datasets have then been projected onto the WRF domain (Figure 3.4.2.1).

Respiration CO2 flux
[mole/km2/h]

Anthropogenic

0

-25000

-50000

Figure 3.4.2.1: Prior CO; emissions for the WRF-CTDAS test case and the synthetic locations of assimilated
data as grey dots (one observation per grid cell). Shown here are values for 2015-06-01 12 UTC.
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3.4.3 LSCE

Table 3.4.3.1 summarises the products used in CIF-CHIMERE inversions as true estimates of
the fluxes when propagating the pseudo-observation errors in the twin experiments.

These true fluxes consist in the anthropogenic emissions and terrestrial ecosystem fluxes from
the TNO inventory and Vegetation Photosynthesis Respiration Model (VPRM) simulations
delivered in the frame of WP2 (Denier van Der Gon et al., 2022), listed as standard products
in the Task T4.4 modelling protocol (see CoCO2 deliverable D4.6). The true initial and
boundary conditions are derived from the CAMS global CO; inversions v20r2 (assimilating
surface data). The true sea/ocean fluxes within the CHIMERE domain are based on a hybrid
product from the H2020 VERIFY project at 0.125° resolution combining the University of
Bergen coastal ocean flux estimates from the University of Bergen and a global ocean
estimate from MPI-BGC-Jena (McGrath et al., 2023). Other types of fluxes are ignored in the
CIF-CHIMERE inversion set-up for the OSSEs. The corresponding simulations with CHIMERE
are used to represent the true concentrations.

The inversions are conducted with prior estimates of the control variables derived from
perturbations of the “true” control variables corresponding to the assumed statistics of the prior
uncertainty detailed in 3.2.2, and assimilating observations derived from perturbations of the
“true” observation vectors (the true XCO- or CO, pseudo-observations) corresponding to the
assumed statistics of the observation errors.

The potential of the inversions is assessed in terms of misfits between the retrieved fluxes and
the “true” fluxes.

Table 3.4.3.1: True CO: fluxes for the CIF-CHIMERE inversion OSSEs.

Prior Fluxes Resolution Prior Uncertainties Source, Courtesy
Anthropogenic 6x6km 50% at the scale of TNO
1-day and 1 TNO_GHGco_6x6k
administrative region | m_v4_0_year2018
in France inventory from
CoCO2 WP2, Hugo
Denier van der Gon
Biogenic (respiration 1x1km Configuration VPRM simulations
& gross primary derived from that of | from CoCO2 WP2,
productivity) the PYVAR- Julia Marshall
CHIMERE CO2 NEE
inversions in Monteil
et al. (2020) with a
100-km spatial and
30-day temporal
correlation length
scale
Fire NA NA None
Oceanic 0.125°x0.125° Configuration Hybrid product from
derived from that of H2020 VERIFY,
the PYVAR- University of Bergen
CHIMERE CO, NEE / MPI-BGC-Jena
inversions in Monteil
et al. (2020) with a

CO2M uncertainties in inverse modelling
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1000-km spatial and
30-day temporal
correlation length
scale
Lateral NA NA None

4 Results

The sections below show the results from the WRF-CTDAS inversion systems and for the
different experiments (BASE, TEST) performed. The results are for February and for the first
week of July 2018. It also illustrates the preliminary tests of OSSEs with CIF-CHIMERE when
assimilating pseudo OCO-2 and surface data.

41 VUA
411 CO, OSSEs using CO2M pseudodata

In this section the OSSEs using unperturbed CO2M pseudodata are presented (BASE
simulation). First the results for anthropogenic and biogenic CO: fluxes are shown, followed
by the results for all optimised fluxes (anthropogenic, biogenic and fire). Fire CO- fluxes are
negligible over Europe during winter. Figure 4.1.1 shows the true, prior, posterior
anthropogenic CO: fluxes as well as their differences, over wider Europe (d01).

The posterior CO, anthropogenic fluxes are increased over several big cities, such as London,
Paris, Hamburg, and Rome. This increase degrades the correspondence with the truth. The
reason must be compensation for corrections in the biospheric fluxes. The anthropogenic
emission changes smoothen the a priori flux distribution map (for example over Belgium),
which is expected from the dispersion of emissions in the atmosphere in a transport model
with a limited horizontal resolution compared with the size of cities. Note that the inversion
setup is meant for regional scale inverse modelling and can therefore not be expected to
properly resolve the scale of cities (for which another inversion setup would be needed).

CO2M uncertainties in inverse modelling
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Figure 4.1.1: Average CO:2 anthropogenic fluxes for February 2018, over wider Europe (d01) and in
g/m?/day. From left to right: Upper panel shows true, prior, and posterior fluxes. Lower panel shows

prior minus true, posterior minus true and posterior minus prior.
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Figure 4.1.2: The same as Figure 4.1.1, but for biogenic CO: fluxes.
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The “stripe” patterns shown in Figure 4.1.2, for example in the differences between posterior
and prior biogenic fluxes, is due to an error that was found in the spatial localization code,
causing regions close to the observations not to become optimised (for details see Section
4.1.2). Insufficient time remained to solve the problem for this deliverable report, unfortunately,
which would require relaunching all simulations.
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Figure 4.1.3: The same as Figure 4.1.1, but it shows the average sum of anthropogenic and biogenic
CO: fluxes compared to the sum of true fluxes.

Finally, Figure 4.1.4 shows the average prior and posterior anthropogenic and biogenic CO,
fluxes for different countries over Europe. Anthropogenic CO- seems to be up to two times
higher in Belgium and Netherlands compared to the prior information, where CO. ranges
between 35 and 55 Mt CO./year.
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Figure 4.1.4: Averaged prior and posterior anthropogenic (in red) and biogenic CO: fluxes (in green) for
February 2018 and for the different countries included in the simulation domain (d01).

The figures below (Figure 4.1.5 to 4.1.7) show first results for 1 week of simulation for July (1
to 7) 2018, where more satellite data are available due to less clouds.
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Figure 4.1.5: As Figure 4.1.1, but for the first week of July 2018.
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Figure 4.1.6: The same as Figure 4.1.2, but for the first week of July 2018.
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Figure 4.1.7: The same as 4.1.3, but for the first week of July 2018.
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4.1.1.1 CO, OSSEs using CO2M pseudodata randomly distributed

To evaluate the performance of the OSSEs simulation using the CO2M data described in the
previous section, another simulation is carried out using CO2M data, however now the data
are randomly distributed over the domain (simulation TEST, Table 3.3.1). The same amount
of data is used as in the BASE version.

Figure 4.1.1.1 shows an example of a few CO2M orbits for February and July 2018 where the
data are randomly distributed.
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Figure 4.1.1.1: The same as Figure 3.1.2, but CO2M orbits randomly distributed.

Here (Figure 4.1.1.2) only the differences between posterior and truth and posterior and prior
are shown, as the truth and prior CO- fluxes are the same as in the previous section (Section
4.1.1.1).
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Figure 4.1.1.2: From left to right: Average differences of CO: fluxes between posterior and true,
posterior, and prior and posterior-TEST and posterior-BASE simulation for February 2018. Upper part
shows the results for anthropogenic fluxes, while the lower part shows the results for the biogenic fluxes.

By using randomly distributed CO2M pseudodata (not accounting for cloud cover regions) the
posterior CO, anthropogenic fluxes are slightly closer to the truth fluxes compared to the

results shown in the previous section.
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Figure 4.1.1.3: The same as Figure 4.1.1.2, but for the first week of July 2018.
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4.1.2 DLR (test case)

Figure 4.1.2.1 shows the inversion increments, i.e. the difference between posterior and prior
flux. The differences to the prior fluxes are small (cf. Figure 3.4.2.1), which is not surprising
given the low reductions of prior uncertainty (Figure 4.1.2.2). These results are due to the low
number of assimilated synthetic observations (180 per day).
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Figure 4.1.2.1: Difference between prior and posterior CO2 emissions for the WRF-CTDAS test case
and the synthetic locations of assimilated data as grey dots (one observation per grid cell). Shown here
are values for 2015-06-01 12 UTC.
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Figure 4.1.2.2: Reduction of random uncertainty for 2015-06-01.

At a late stage of the project, we discovered a bug in the newly implemented spatial localisation
code. The bug led to an incorrect mapping of localisation coefficients, which erroneously
suppressed some state vector optimizations and erroneously allowed others, potentially
spurious ones (i.e. far from the stations). In Figure 4.1.2.1 and 4.1.2.2, the bug has been
corrected. However, it was too late to rerun the inversions by VUA (Section 4.1). To illustrate
the effect of the bug, below are plots of the test case while the bug was still present (Figure
4.1.2.3 and Figure 4.1.2.4). The large-scale structure of the inversion increments is similar to
the ones of the debugged fluxes, but there is an erroneous stripe pattern (cf. Figure 4.1.2.1 vs
Figure 4.1.2.3) owing to the bug in the mapping in the localisation code (cf. Figure 4.1.2.2 vs
Figure 4.1.2.4).
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Figure 4.1.2.3: Same as Figure 4.1.2.1, but with the bug that also affected the results in Section 4.1.
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Figure 4.1.2.4: Same as Figure 4.1.2.2, but with the bug that also affected the results in Section 4.1.

413 LSCE
The first tests of OSSEs conducted with the CIF-CHIMERE inversions assimilating OCO-2
and surface data tend to confirm the general conclusions from the experiments using real data
in T4.4 and documented in D4.6, i.e., that when using the existing observations:

e there is a lack of correction of the CO2 anthropogenic emissions.

e the assimilation of the data from existing surface network tend to better constrain the

control of the CO2 terrestrial ecosystem fluxes than the assimilation of the OCO-2 data.

However, these first tests needed further analysis, and the lack of comparable OSSEs with
pseudo CO2M data prevents from stating whether this mission would provide a better
constraint on the CO. anthropogenic emissions when using a 10 km resolution inversion
system, and a better constraint than the surface data for the control of the CO- natural fluxes.

Inversion Error on
increments inverted Fluxes

-le-04

True Fluxes Prior Fluxes Prior Error
R AP le-04
3 7% =
=
TR A q 5e-05 o
Assimilation of surface data 0e+00 "‘E
“ 7 3 iy [AR R ]
i X Pl D . S 5e-05 O
g, b [

Assimilation of OCO-2 data
Figure 4.1.3.1: Total (anthropogenic and land biogenic) CO: fluxes in France in July 2018 in the first
tests of OSSEs with CIF-CHIMERE assimilating surface and OCO-2 pseudo-observations.
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5 Conclusion

This report documents the development work that was done in Task 5.4 to prepare regional
inverse modelling systems for estimating CO- fluxes from European countries for the launch
of the Copernicus CO2M mission. A pseudo dataset for a three-satellite configuration of the
CO2M mission was made for the year 2018, to test the performance of regional inversions
over Europe to evaluate and improve existing estimates of anthropogenic and biological
surface fluxes that are used as a priori. Observing System Simulation Experiment (OSSE)
frameworks have been designed to test the capacity of the inversions to recover ‘true’ fluxes
from a CO. nature run using CO2M data or to propagate the corresponding retrieval
uncertainties to the flux inversion estimates. The setups of these frameworks, experiments
and datasets that were used are described in this document. The OSSE setup allows
investigating the impact of heterogeneous samples due to cloud cover, by redistributing the
number of valid retrievals randomly across the satellite orbits.

Inversions were performed following the OSSE protocol and first results are shown for the
WRF-CTDAS and CIF-Chimere inversion systems. Some obvious shortcomings remain in the
results due to a bug in WRF-CTDAS code developed for CoCO2 that was identified late. The
bug fix was demonstrated with a numerically small test case, but the time that remained for
repeating all simulations was too short. For this reason, the main outcome from T5.4 and this
deliverable is the progress that was made in CoCO2 to develop and test inversion systems,
which is valuable in view of the launch of CO2M in 2026. Conclusions regarding the
performance of regional inversions using CO2M data for estimating national CO, emissions
and how it compares to the use of data from OCO-2 and the surface network can unfortunately
not been drawn at this stage yet.
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