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Abstract
The measurements of one of the major greenhouse gases, carbon dioxide (CO2), are being made using
dedicated satellite remote sensing since the launch of the greenhouse gases observing satellite (GOSAT)
by Japan Aerospace Exploration Agency (JAXA) in 2009 and National Aeronautics and Space
Administration (NASA) Orbiting Carbon Observatory-2 (OCO-2). In the past 10 years, estimation of CO2

�uxes from land and ocean using the earth system models (ESMs) and inverse modelling of in situ
atmospheric CO2 data have also made signi�cant progress. In this article, we attempt, for the �rst time, to
evaluate the CO2 �uxes simulated by an earth system model (MIROC-ES2L) using GOSAT observations
and the �uxes estimated by an inverse model (MIROC4-Inv) for the period 2009-2014. Further, we use the
OCO-2 measurements for testing the consistency of inversion results for the period 2014-2018, along with
the GOSAT data. Both MIROC-ES2L and MIROC4-Inv �uxes are used in the MIROC4-atmospheric
chemistry transport model (referred to as ACTM_ES2LF and ACTM_InvF, respectively) for calculating CO2

concentrations that are sampled at the time and location of the satellite measurements. Our results
suggest the inverse model using in situ data are more consistent with the OCO-2 retrievals, compared to
those of the GOSAT XCO2 data, suggesting possible improvements in the present GOSAT retrieval system
by better accounting for the degradation correction of the Thermal And Near infrared Sensor for carbon
Observations - Fourier Transform Spectrometer (TANSO-FTS). The ACTM_ES2LF simulation shows a
slightly weaker seasonal cycle for the meridional pro�les of CO2 �uxes, compared to that from the
ACTM_InvF. This difference is revealed by greater XCO2 differences for ACTM_ES2LF vs GOSAT,
compared to those of ACTM_InvF vs GOSAT. Using remote sensing based global products of leaf area
index (LAI) and gross primary productivity (GPP) over land, we show a weaker sensitivity of MIROC-ES2L
biospheric activities to the weather and climate in the tropical regions. Our results clearly suggest the
usefulness of XCO2 measurements by satellite remote sensing for evaluation of large-scale ESMs, which
so far remained untested by the sparse in situ data. 

Introduction
Carbon dioxide (CO2) is the most important anthropogenically produced greenhouse gas (Fosters et al.,
2013). During 2009-2018, CO2 emissions associated with human activities, such as the burning of fossil

fuel and cement manufacturing contributed about 100 PgC (1 Pg=1015 g) or about 10 PgC/yr to the
atmosphere (Friedlingstein et al. 2019). Based on available statistics (Janssens-Maenhout et al. 2019),
about 60% of these emissions originate from the northern extratropics, mainly by the Annex 1 countries
of the UN Framework Convention on Climate Change (UNFCCC), signatories to the Kyoto Protocol subject
to caps on greenhouse gases (GHGs) emissions. The inventory emissions from the non-Annex I countries
are rising quickly due to their rapid economic growth and shifting manufacturing from the Annex I or
Organisation for Economic Co-operation and Development (OECD) member countries to the so-called
BRICS countries (i.e. Brazil, Russia, India, China, and South Africa). Uncertainties in the emissions are
larger for non-Annex I counties relative to the Annex I countries (Andres et al. 2012). This leads to lower
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con�dence of our knowledge of the changes in terrestrial biospheric �uxes in response to climate change
and climate variabilities, and CO2 fertilisation feedbacks (Saeki and Patra 2017; Bastos et al. 2020).

CO2 emissions to the atmosphere from land use change (LUC), predominantly caused by human driven
deforestation and cropland development, is estimated to be in the range of 1-2 PgC/yr for the period
2009-2018 (Hansis et al. 2015; Houghton and Nassikas 2017; Friedlingstein et al. 2019). The
uncertainties in LUC CO2 emission estimations are originated from treatment of various terrestrial carbon
pools of above and below ground biomass and soil carbon (Houghton and Nassikas 2017; Friedlingstein
et al. 2019; Kondo et al. 2020). Due to an increase in these anthropogenic emissions, the atmospheric
CO2 concentration is rising at an average rate of 3 ppm/yr during 2009-2018 (Tans and Keeling 2019).
This is less than half of a rate that is expected from all anthropogenic emissions. About 29% of the
anthropogenic emissions are taken up by the land ecosystems due to greater availability of CO2 in the
atmosphere thereby increasing water use e�ciency by the plants (Keeling et al. 2017). About 23% is
being absorbed by the oceans as the partial pressure of CO2 increases faster in the atmosphere than in
the surface ocean (DeVries et al. 2019).

In the Paris Agreement (2015), parties to the UNFCCC reached a landmark agreement to combat climate
change and to accelerate and intensify efforts to reduce the rate of atmospheric CO2 build-up to limit

increase of the Earth’s global-mean surface air temperature to below 2oC by 2100. Meeting this goal will
depend very strongly on the land-ocean-atmosphere feedbacks in the future (Ciais et al. 2013). One of the
urgent questions is whether or not the terrestrial biosphere and the oceanic systems will continue to
absorb and store CO2 from atmosphere in future, particularly when the emission mitigation goals of net-
zero or negative emissions are achieved in the later-half of the century (Jones et al. 2019). For this
purpose, comprehensive Earth System Models (ESMs) have been developed that account for the past
behaviours of the terrestrial and oceanic climate systems, coupled with the carbon and nutrients cycles
(Jones et al. 2016; Arora et al. 2019; Hajima et al. 2020). The ESM simulated land/ocean-atmosphere CO2

�uxes are relatively untested in comparison with the atmospheric constraints, while the CO2 �uxes
simulated by the dynamic global vegetation models (DGVMs) are recently benchmarked with the global
remote sensing CO2 data products or climate parameters (Calle et al., 2019; Collier et al., 2018). 

The main goal of this study is thus to evaluate the CO2 �uxes simulated using one such ESMs, the
JAMSTEC’s Model for Interdisciplinary Research on Climate (MIROC)-based Earth System Simulation
version 2 (referred to as MIROC-ES2L) (Hajima et al. 2020). As the in situ measurements are often
affected by local weather conditions and spatial coverage is sparse, the global ESM simulations of CO2

will not be adequately assessed by comparing with in situ data. With the advent of satellite remote
sensing by the dedicated instruments for CO2 measurements, we now have global coverage of CO2

concentrations since 2009 (Yoshida et al. 2013). This has allowed us to attempt for the �rst time, to the
best of our knowledge and to check performance of ESM simulations for the recent �ve years (2009-
2014) using the historical CMIP6 simulations, which are only conducted up to 2014 as per the protocol.
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We also compare the MIROC-ES2L simulation results with an inversion estimation of CO2 �uxes using in
situ CO2 measurements (Saeki and Patra 2017; Friedlingstein et al. 2019).

The details of the materials and method for MIROC-ES2L evaluation are given in Section 2, followed by
the results and discussion in Section 3. Conclusions are given in Section 4.

Methods
Greenhouse gases Observing SATelite, retrieval version 02.81 (GOSAT_v2.81)

Orbiting Carbon Observatory, retrieval version 9r (OCO2_v9r)

The Orbiting Carbon Observatory - 2 (OCO-2) was launched on 04 July 2014 and retrievals are available
since September 2014 (Crisp et al. 2017; Eldering et al. 2017). We have used bias-corrected retrievals,
version 9r (OCO-2_v9r) (Updated Lite �les from https://co2.jpl.nasa.gov/#mission=OCO-2) (O’Dell et al.
2018). OCO-2 data are available for XCO2, a priori pro�les (20 levels) and column averaging kernels (20
pressure levels). Data with quality �ag of 0 (best data) are used in the analysis. The data coverage of
OCO-2 (approximately 10 million data points annually) is much greater than that of GOSAT
(approximately 0.1 million data points annually). The single-shot accuracy of OCO-2 retrievals is
estimated to be 1.3 ppm over land and 1 ppm over ocean (Kulawik et al., 2020). The better quality of the
XCO2 data from OCO-2 (compared to bias uncorrected GOSAT_v2.81), although without an overlap with
the MIROC-ES2L simulation, provides us an assessment of the retrieval data quality on evaluation of the
CO2 �ux models. 

MIROC Earth System model version 2 for Long-term simulations (MIROC-ES2L) and evaluation using
remote sensing observations

MIROC-ES2L is the latest generation of earth system model (ESM) that is developed at the JAMSTEC, in
collaboration with Tokyo University and the National Institute for Environment Studies (NIES). The ESM
has fully coupled terrestrial-ocean-atmosphere model components for simulating the evolutions of
carbon-nitrogen cycles and climate for the past centuries and centuries to millennium-term future
projection (Hajima et al., 2020),. The horizontal resolution of the atmosphere is T42 spectral truncation
(approximately 2.8◦ intervals for latitude and longitude) and the vertical resolution is 40 layers up to 3
hPa with a hybrid σ –p coordinate; the ocean grid system consists of horizontally 360 × 256 grids with 62
vertical layers.

The terrestrial carbon cycle component covers major processes relevant to global carbon cycle, with
vegetation (leaf, stem, and root), litter (leaf, stem, and root), and humus (active, intermediate, and
passive) pools and with a static biome distribution. Photosynthesis or gross primary productivity (GPP) is
simulated based on the Monsi–Saeki theory (Monsi and Saeki 1953), and the allocation of
photosynthate between carbon pools in vegetation (e.g., leaf, stem, and root) is regulated dynamically
following phenological stages. The transfer of vegetation carbon into litter–soil pools is simulated using
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constant turnover rates, and in deciduous forests, seasonal leaf shedding occurs at the end of the
growing period. The perturbation from land-use change on terrestrial carbon cycle is simulated by the
transition of 5 types of land-use tiles (primary vegetation, secondary vegetation, urban, crop, and pasture)
in a grid; e.g., deforestation processes are represented by the reduction in area fraction of
primary/secondary vegetation (and increase of less-vegetated land-use tile like urban), and deforested
carbon is gradually lost to the atmosphere. Details on carbon cycle processes in the model can be found
elsewhere (Ito and Oikawa 2002; Hajima et al. 2020).

In the Ocean ecosystem component Embedded within the ocean circulation model (OECO2), ocean
biogeochemical dynamics are simulated with 13 biogeochemical tracers (three types of nutrients, four
biological tracers, four carbon and/or calcium, and other two inorganic tracers). The carbon cycle
processes are simulated following the biogeochemical dynamics of the tracers, assuming that all organic
materials have identical elemental stoichiometric ratio. Ocean ecosystem dynamics are simulated based
on the nutrient cycles of nitrate, phosphorous, and iron. The nutrient concentration, in conjunction with
the controls of seawater temperature and the availability of light, regulates the primary productivity of the
phytoplankton. In the model, zooplankton is assumed to be independent of abiotic conditions (e.g.,
seawater temperature) and dependent on biotic conditions (phytoplankton and zooplankton
concentrations). Detritus contains nitrate, phosphorus, iron, and carbon, most of which is remineralized
while sinking downward. A fraction of the detritus that reaches the ocean �oor is removed from the
system. The formulations of atmosphere–ocean gas exchange, carbon chemistry, and related parameters
follow protocols from the Ocean Model Intercomparison Project (OMIP) (Orr et al. 2017).

The basic performance of the land and ocean carbon cycle are assessed by comparing the simulated
spatial patterns with observation data for land (gross primary production, vegetation carbon and soil
carbon for the land component) and ocean (primary production, export production, atmosphere-ocean
CO2 �ux, dissolved inorganic carbon) (Hajima et al. 2020). Hajima et al. (2020) also showed that
atmosphere-land or ocean CO2 �uxes in cumulative value (i.e., the changes in land or ocean amount) in
the period of 1850-2014 are within the estimated range suggested by Le Quéré et al. (2018), although the
GPP seasonality in land tropics and CO2 �ux seasonality in the Southern Ocean and the North Atlantic
Ocean requires improvement. The feedback strengths of carbon cycle processes, which is associated
with the magnitude of natural carbon sinks in response to atmospheric CO2 concentration and climate
change, are also quanti�ed and compared with other ESMs, showing MIROC-ES2L has the intermediate
values for the feedback parameters (Arora et al. 2020).

The original historical simulation of MIROC-ES2L is obtained from the CMIP6 exercise (Eyring et al. 2016;
Hajima et al. 2020), where the model is driven by anthropogenic fossil fuel CO2 emission, other GHGs and
aerosol emissions/concentrations, natural forcing like solar irradiance change and volcanic events, and
land-use change. The CO2 concentration is explicitly simulated by the model based on the external
forcing of anthropogenic CO2 emission, simulated land and ocean CO2 sink, and simulated LUC-derived
CO2 emission (the experimental con�guration in which CO2 concentration is prognostically simulated by
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models is called "emission-driven" mode, while the con�guration in which CO2 concentration is prescribed
as forcing data is called “concentration-driven” mode) (Jones et al., 2016). The simulation period was
1850-2014, following a continuous 2483 spin-up years by the “concentration-driven” mode and 691 years
by the “emission-driven” mode. The accuracy of future prediction by the ESMs is likely to depend on the
quality of the historical simulation of the carbon-nitrogen-climate feedbacks and the model response to
external forcing (e.g., terrestrial response to land-change forcing). However, the sparse in situ
measurements and smaller �ux footprint of the surface sites limited the evaluation of the historical
simulations by the ESMs. The situation has now changed because of the global coverage of XCO2

measurements from space (GOSAT and OCO-2), which are explored in this study for an evaluation of the
MIROC-ES2L historical simulation.

MIROC Atmospheric Chemistry-Transport model (MIROC4-ACTM)

The MIROC (version 4) – based atmospheric chemistry transport model (MIROC4-ACTM) simulations are
conducted at horizontal resolution of T42 spectral truncations with 67 hybrid pressure layers in vertical.
The greater number of vertical layers covering the altitude range from Earth’s surface to 0.0128 hPa or
about 80 km, and closely spaced levels in the upper troposphere and lower stratosphere region is
designed for better representation of the vertical pro�les of long-lived gases in the Earth’s atmosphere.
MIROC4-ACTM (Patra et al., 2018; Watanabe et al., 2011) simulated horizontal winds and temperature are
nudged to the Japanese 55-year reanalysis or JRA55 (Kobayashi et al. 2015), is well validated for large-
scale interhemispheric transport using sulphur hexa�uoride (SF6) and the Brewer-Dobson circulation
patterns using the age of air derived from CO2 and SF6 (Patra et al., 2018). Thus we expect better
simulations of XCO2 by accounting for the accurate meridional and vertical pro�les of CO2. However, the
convective (weekly or shorter time scale) transport remained invalidated due to the lack of appropriate
observational parameters, e.g., Radon-222 with radioactive decay lifetime of 3.8 days (Patra et al., 2018).

We use monthly-mean CO2 �uxes from JAMSTEC’s time-dependent inversion model for this analysis
(Saeki and Patra 2017). The inverse model estimated CO2 �uxes (referred to as MIROC4_Inv) for 84
regions of the globe using the MIROC4-ACTM simulations and in situ CO2 observations at 30 sites around
the globe (Figure 1). The data are provided by the National Oceanic and Atmospheric Administration
(NOAA) Cooperative Air Sampling Network (Dlugokencky and Tans 2019), and Japan Meteorological
Agency (JMA) (Tsuboi et al. 2013). A priori MIROC4-ACTM simulations are conducted using interannually
varying emissions due to fossil-fuel and cement production (FFC) from the global carbon project
(Friedlingstein et al. 2019), climatological monthly-mean terrestrial and oceanic �uxes from the Carnegie-
Ames-Stanford Approach (CASA) land model and upscaling model of air-sea CO2 �ux measurements,
respectively (Randerson et al., 1997; Takahashi et al., 2009). Thus, the interannual variabilities in the land
and ocean regional �uxes estimated by the inverse model are driven entirely by the signals in observed
CO2 variabilities at 30 sites.

Preparation of model XCO2 data and processing of the gridded maps and time series
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Here, in order to simultaneously evaluate both the XCO2 and CO2 �uxes simulated by MIROC-ES2L, we
�rst made two types of MIROC4-ACTM simulations – one is driven by the CO2 �uxes of MIROC-ES2L and
the other is by MIROC4_Inv �ux; the simulations are referred to as ACTM_ES2LF and ACTM_InvF,
respectively. Thus, the atmospheric CO2 transport, driven by JRA55 reanalysis, are common for both the
simulations. This experimental setting allows us to make direct comparison of XCO2 in both simulations
with that of satellite monitoring. The model simulations by MIROC4-ACTM are archived at hourly time
resolution and sampled for the GOSAT and OCO-2 measurement locations by linear interpolations in
horizonal grid and time (Patra et al., 2017). The model simulations are then convolved with satellite a
priori (CO2

prior) and column averaging kernels (Ai) after calculating to their respective pressure levels (Pi;
where i is the index for retrieval pressure layers; 20 for OCO-2 and 15 for GOSAT) from the original ACTM
vertical grids (67 hybrid). Thus the ACTM simulated XCO2 are 

XCO2
ACTM = ∑i (CO2

priori . dPi) + ∑i Ai . dPi (∑i CO2
ACTM

i - ∑i CO2
prior

i) (1)

where, dPi is the pressure weighting function.

Both the simulations using MIROC4-Inv and MIROC-ES2L �uxes are spin-up from 1996-2009, so that the
CO2 concentration responses to the �ux changes near the Earth’s surface propagates throughout the
atmosphere, as high as the model top of about 90km. This is important because the XCO2 measurements
capture the total columns and there are systematic CO2 gradients in the stratosphere and mesosphere
that are season dependent, and lags more than 6 years for the concentration increase rate in the
troposphere. Both the model concentrations are adjusted for initial values so that the global mean
concentrations agree with the GOSAT observations on 01 January 2010. This is a valid approximation
because we do not consider any chemical production or loss of CO2 in the models, thus the concentration
increases are consistent with the �ux evolution (Basu et al. 2018). The initial value adjustment helps to
put all plots on an identical XCO2 scales.

All the XCO2 results are gridded to 2.5o x 2.5o latitude-longitude grid for further analysis (Patra et al.,
2017). Time series analysis are conducted by further aggregating XCO2 data for the 15 partitions of the
land and 11 ocean regions as marked by the maps in Figure 1. The model data differences and
agreements are quanti�ed by comparing the growth rates and seasonal cycles between the observed and
simulated XCO2, following decomposition of the time series using a harmonic analysis (Thoning et al.,
1989). We �tted 4 harmonics to each of the regionally aggregated time series for deriving a long-term
trend and a �tted time series. The seasonal cycles are calculated as �tted – trend time series, and the
growth rate is calculated as time derivative of the trend time series.

Leaf Area Index (LAI) and Gross Primary Productivity (GPP)

The LAI, one-sided green leaf area per unit horizontal ground surface (m2 m-2), is one of the main drivers
of primary production in the ESMs. LAI de�nes the canopy structure and functions of the biosphere,
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in�uenced by the weather and climate of the region. Thus, the LAI and GPP together allow us to diagnose
basic ecosystem functioning for carbon assimilation in MIROC-ES2L. We used LAI from the Moderate
Resolution Imaging Spectroradiometer (MODIS) Collection 6 (Yan et al. 2016) and GPP from FLUXCOM, a
CO2 �ux upscaling inter-comparison project (Tramontana et al. 2016). The MODIS LAI product with
original 500m resolution was aggregated globally based on the same quality control with Ichii et al.
(2017) and averaged over the T42 spatial resolution for comparison with MIROC-ES2L results. The
FLUXCOM GPP product (Jung et al. 2020) was generated by an ensemble of estimations by multiple
machine-learning algorithms with eddy-covariance CO2 �ux observation network (FLUXNET) and MODIS
land products (Tramontana et al. 2016). The original 1/12 degree resolution data were converted to the
T42 spatial resolution.

Results And Discussion
Figure 2 shows the time series of CO2 �uxes for land biosphere, ocean exchange and FFC emissions. We
also show the time evolution of the meridional land and ocean CO2 �uxes as simulated by the MIROC-
ES2L and MIROC4-Inv (right column). The results show global total land and ocean CO2 �uxes are
increasing with time and offset about 44±6% of the FFC emissions during the period 2009-2018, as seen
from the latest Global Carbon Budget (GCB) (Friedlingstein et al. 2019). In general, the cumulative �uxes
by MIROC-ES2L (-16.0, -10.1 and 46.7 PgC for land, ocean and FFC, respectively) and MIROC4-Inv (-14.4,
-8.1 and 46.3 PgC for land, ocean and FFC, respectively) are in good agreement for the overlapping
GOSAT observation period of 2010-2014. These �uxes are also in good agreement with the GCB’s
cumulative �ux estimates -13.3, -8.4 and 47.0 PgC for land (land sink – land-use source + riverine export),
ocean (ocean sink – riverine export) and FFC, respectively, during 2009-2014. For this comparison, we
have corrected the GCB land and ocean �uxes for riverine export (Resplandy et al. 2018), i.e., 0.78 PgC yr-1

is added to the land sink and removed from the ocean sink for this comparison because the inversion and
ESM �uxes are used in the ACTM simulations for atmospheric CO2 without any spatial adjustment for
riverine export �ux. While the GCB underestimate sinks (“budget imbalance”) (Saeki and Patra 2017;
Bastos et al. 2020), we �nd here that the MIROC-ES2L �uxes marginally overestimate the cumulative sink
compared to the inversion estimated CO2 sink. The inversion �uxes by design reproduce the observed
growth rates in atmospheric CO2. In the ACTM simulation of atmospheric CO2, a bias of 1 ppm is
produced per 2.12 PgC of �ux imbalance.

The magnitude of interannual variations and trends in CO2 �uxes are in good agreement between the 3
different estimations for the global land but are at lower agreement for the global ocean (Fig. 2a,b).
Nevertheless, the land and ocean show similar increasing long-term trends in CO2 uptake (more negative
�ux in the recent years), except for the anomalous period of 1996-2002 for MIROC4-Inv. Although this
anomalous period is included in the ACTM simulation spin-up, the simulated CO2 concentrations for 2009
and later will be largely unaffected. The agreements between mean �uxes from MIROC4-InvF and MIROC-
ES2L at 3 broad latitude bands (Fig. 2d-f) are excellent except for the land in the SH extratropics. The SH
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land �ux is estimated at about -0.5 PgC yr-1 by MIROC-InvF during 2009-2014 compared to very week
negative �ux by MIROC-ES2L (Fig. 2f). It has to be seen whether or not such differences in �uxes are
validated/invalidated by the GOSAT and OCO-2 observations. Please bear in mind that the phase of
interannual variability of CO2 �uxes by MIROC-ES2L is not expected to match the phasing of interannual
climate variability of the real world (e.g., El Niño-Southern Oscillation). Thus, MIROC4-Inv and MIROC-
ES2L disagree on the phases of interannual variability of CO2 �uxes. However, the magnitude of land �ux

interannual variabilities for MIROC4-Inv (0.86 PgC yr-1, 1-s standard deviation for the period 1996-2014
after detrending) and MIROC-ES2L (0.85 PgC yr-1) are in good agreement, but the global ocean �ux
interannual variabilities are underestimated largely by MIROC-ES2L (0.09 PgC yr-1) compared to that for
MIROC4-Inv (0.32 PgC yr-1).

The seasonal variation of �uxes at different latitude grid are more variable in the case of the MIROC4-Inv
and MIROC-ES2L (Fig. 3). We �nd that the CO2 �ux seasonalities are in good match in the latitudes north

of 30oN, but cycle of outgasing and uptake in the latitude bands of 30oS-Eq and Eq-30oN are contrasting
between the two �ux models. The MIROC-ES2L underestimates CO2 uptake in the latitude band of 55oS-

30oS, and show no CO2 degassing in cold season around 60oS along the coast of Antarctica, when
compared with the MIROC4-Inv �uxes. For the simulation of XCO2 we expect to see different phasing and
amplitude of seasonal cycle simulated using the inversion and ESM �uxes, particularly over the tropical
and southern hemispheric regions.

Figure 4 shows examples of XCO2 distributions as observed by GOSAT and OCO-2 for the year 2014 and
2016, respectively. Note that OCO-2 does not have full year coverage of measurements for 2014. The data
density has been signi�cantly increased in the case of OCO-2 retrievals. We also see that the model-
observation differences are generally lower for OCO-2 and ACTM_InvF compared to the differences
between GOSAT and MIROC4_InvF, particularly over the ocean regions. The GOSAT sun glint observations
are known to have additional retrieval bias relative to those over the land surfaces, and produces greater
inconsistency when compared with transport model simulations (Patra et al., 2017; Schuh et al., 2019;
Yoshida et al., 2013). Both our models systematically overestimated XCO2 concentrations over Asia

around the latitude 45oN, which could either arise from high bias in FFC CO2 emissions over China or
underestimation of sinks over the regions. For both the simulations, XCO2 over the tropical land regions,
except over India, are underestimated (negative differences) while the XCO2 over the ocean basins are
systematically overestimated (positive differences) (Fig. 4b,c). The overestimations over ocean are more
prominent in the southern extratropics.

Figure 5 shows the latitude-time distributions of zonal-mean XCO2 for the period of GOSAT and OCO-2
measurement period. Both models are compared with GOSAT for the period 2009-2014 and only
ACTM_InvF results are compared with OCO-2 due to unavailability of ACTM_ES2LF simulations for the
recent years. In general, the model simulations are within 2 ppm of the observed XCO2 concentrations.
The fact that the ACTM_InvF simulation better agrees with GOSAT XCO2 suggest an overall consistency
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of the in situ measurements with those from the satellites. Figure 5c,e shows that the model-observation
agreements have improved compared to those using earlier versions of retrievals for both GOSAT and
OCO-2, especially at the high-latitude edges (Patra et al., 2017). The ACTM_InvF better simulates the time
evolution because the �uxes are optimised using in situ data, while the free running �uxes in
ACTM_ES2LF marginally underestimated the XCO2 increase rate with time due to slightly stronger global
total CO2 sinks in the years 2010-2014, compared to the inversion �uxes (Fig. 2). In the latitude range

around 20oS, the seasonal bias in ACTM_ES2L simulated XCO2 is maximum with positive values in
austral autumn and negative values in the austral spring, re�ecting tendencies of weaker sink to source
and weaker source to sink during the two seasons, respectively, in the MIROC-ES2L �uxes compared to
the MIROC4_Inv �uxes (Fig. 3).

We �nd that the ACTM_InvF – GOSAT shows greater differences in the periods since 2015, which may
arise from insu�cient accuracy of the degradation correction of the TANSO-FTS without accounting for
switching of the pointing system in January 2015 (Kuze et al. 2016). The differences are greater over the
water surface than the land surface (Fig. S1 and S2). The instrumental degradation correction is
suspected more than the retrieval physics uncertainties because the characteristics of surface re�ectance
is better modelled over the water bodies than that over the land.

The model-observed regional biases in XCO2 (Table 1) provides an indication of how well the �ux models
simulated the regional �uxes. Because the GOSAT_v2.81 data are not bias corrected the agreement
between ACTM_InvF with GOSAT (biases greater than 0.12 ppm for 16 out of 26 regions and are less
than 1 ppm) is much greater than those for ACTM_InvF and OCO-2 (biases typically below 0.12 ppm
except for 3 out of 26 regions). Generally, the regional biases are greater for ACTM_ES2LF and
GOSAT_v2.81 (only 6 out of 26 regions have bias less than 0.12 ppm). The biases are systematically
positive for Boreal America and Asia, in contrast to strongly negative for the Southern Ocean (poleward of
45oS). These biases will be better assessed in the future by using newer simulations by MIROC-ES2L and
updated GOSAT/GOSAT2 and OCO-2/OCO-3 retrievals. 

The mean growth rates for the model and observed time series (not shown in Table 1 for clarity) suggest
that the ACTM_ES2LF simulation (2.01±0.09 ppm yr-1 for 2010-2014) slightly underestimated the GOSAT
growth rates (2.13±0.25 ppm yr-1 for 2010-2014) over all the regions. This growth rate mismatch of 0.11
ppm yr-1 is equivalent to a sink bias of 0.25 PgC yr-1 for MIROC-ES2L �uxes (1 ppm = 2.12 PgC in
MIROC4-ACTM). As the inversion �uxes are optimised using the surface CO2 measurements the mean

growth rate from ACTM_InvF (2.32±0.04 ppm yr-1 for 2010-2018) agrees well with that of the GOSAT
(2.27±0.09 ppm yr-1 for 2010-2018). The differences in growth rates between the regions are small
because CO2 is well mixed in the atmosphere, and also the region-to-region differences are greater over a
shorter time period, e.g., for the case of GOSAT during 2010-2014, because of the impacts of regional
climate variabilities on the CO2 �ux (Patra et al., 2005). 
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Figure 6 shows the importance of greater observational data coverage, for conducting better inversion of
regional CO2 sources and sinks, e.g., the mismatch between the seasonal cycle phase and amplitude over
Southern Africa is more evident than Temperate North America. Assuming that the XCO2 are strongly
sensitive to the regional and hemispheric �ux gradients we �nd the ACTM_ES2LF simulation shows large
mismatches in the seasonal cycle phase and amplitudes in the tropical southern hemisphere to the
southern extratropics (Table 1; Animation S1 and S2 for GOSAT and OCO-2, respectively). The seasonal
cycle correlations are found to be smallest over Southern Africa (r=0.04), Tropical Africa (r=0.24) and
Brazil (0.38). This suggests that the MIROC-ES2L �uxes are not simulated well over the tropical land
regions and southern hemisphere in general (seen as the contrast between the MIROC4-Inv and MIROC-
ES2L CO2 �uxes in Fig. 3). Since the transport is common in both the ACTM simulations, we attribute the
ACTM_ES2LF – GOSAT mismatches to the surface �uxes rather than the model transport uncertainty,
due to the deep cumulus convection in the tropics (Remaud et al. 2018).

Better seasonal cycle correlations for South Asia (r=0.60) or Southeast Asia (r=0.79) could arise due to
the far-�eld in�uence from the northern extratropics, where the �uxes are better modelled. It is typical that
the terrestrial biosphere models are better parameterised for biogeochemical cycles of the temperate
regions (temperature/radiation controlled), compared to the regions over tropical regions, where the
carbon cycle is very strongly limited by water availability under the weaker seasonal temperature
variations (Gloor et al., 2012; Haverd et al., 2013; Patra et al., 2013; Sitch et al., 2015). The tropical and
temperate regions also have different characteristic of nitrogen and phosphorus limitations (Zaehle et al.
2010; Fleischer et al. 2019). The issue of poor seasonal cycle simulation by MIROC-ES2L is addressed
later using empirically derived LAI and GPP.

Further, we checked the meridional variations of multi-year mean peak-to-trough seasonal cycle
amplitudes (SCAs) for XCO2 over the land and ocean regions separately (Figure 7). The interannal
variabilities, seen as the vertical error bars, are generally smaller than 0.5 ppm in most latitudes, except
over the ocean in the latitudes poleward of 40oN which show persistently greater 1 ppm (Fig. 7d). We �nd
distinct features for the comparisons over the land and ocean which helps us to identify the possible link
between the surface CO2 �uxes over the land and ocean on XCO2. ACTM_InvF simulation generally
compares well with GOSAT observations in the period 2010-2014 and OCO-2 observations in the period
2015-2018. The ACTM_ES2LF simulation shows better agreement with GOSAT observation over the land
compared to ACTM_InvF simulation except over the tropics and northern extratropics (5oS to 40oN) (Fig.
7a). The ACTM_ES2LF simulation systematically underestimates SCAs by about 50% in the northern
hemisphere (north of the Equator) compared to those observed by GOSAT over the ocean in all years. The
ACTM_ES2LF and GOSAT XCO2 SCA agreement over land in the latitudes poleward of 45oN support the
results for CMIP5 model (MIROC-ESM) and aircraft measurements showed reasonably good agreement,
at about 11 ppm and 14 ppm, respectively (Graven et al. 2013). The aircraft data (Graven et al. 2013)
observe combined effect of land and oceanic �uxes, thus the separation of land and ocean �ux signals
using XCO2 SCA from large amount of data provide us additional information.
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While the ACTM_InvF simulation shows systematically lower SCAs than those observed by GOSAT by
1.5-2.0 ppm at all latitudes over the land, the systematic disagreements of ACTM_InvF SCAs with those
of OCO-2 are smaller by half (Fig. 7c). These disagreement in SCAs over land are outside the range of the
interannual variability in the southern hemisphere (Fig. 7c). The SCA differences over the ocean is more
striking between GOSAT_v2.81 and the other 3 estimations in the southern hemisphere (Fig. 7d). This
suggests a difference in quality of XCO2 retrievals by the two satellites, especially over the ocean (i.e.,
glint observations on water bodies). It is not clear whether the post-retrievals bias correction (ref. (O’Dell et
al. 2018)) is the only reason for the improved agreement between OCO-2 and ACTM_InvF.

To explain the weaker seasonal cycle correlations (Table 1) and smaller seasonal cycle amplitudes (Fig.
7a) simulated by ACTM_ES2LF in the tropical regions of Africa, America and Asia, we compare two of the
important terrestrial biosphere variables GPP and LAI from MIROC-ES2L with those from the FLUXCOM
experiment and MODIS satellite (Fig. 8). In the tropics (10oS-10oN), comparisons of the two observed
products (MODIS LAI and FLUXCOM GPP) show that the MODIS LAI exhibits less seasonality as the
region consists of mostly evergreen forests, while FLUXCOM GPP shows distinct seasonality (Fig. 8a,c).
The GPP is observed to be the highest in the late summer in both the hemispheres. This suggests that
GPP seasonality in this region is controlled strongly by abiotic processes, such as precipitation or soil
water, radiation and air temperature (Jung et al., 2017; Patra et al., 2005). MIROC-ES2L shows less
seasonality in LAI, as in the case of MODIS LAI, but the simulated GPP shows much lesser agreement
with the FLUXCOM GPP. This led us to conclude that the abiotic controls on CO2 exchange by the
terrestrial ecosystem, as modelled in MIROC-ES2L, requires further attention; it is suspected that less soil
water seasonality in tropics is associated with this problem, which needs further clari�cation through the
evaluation of the model in terms of both biogeochemical and hydrological processes (Eyring et al. 2016;
Hoffman et al. 2017).

At around 30oS, both MODIS LAI and FLUXCOM GPP show similar seasonality, suggesting LAI is the
dominant controlling factor in the region. In MIROC-ES2L, the simulated LAI clearly shows weaker
seasonality, leading to rather �at GPP throughout the year, suggesting problems in the biotic process
model. In the northern midlatitudes (~40oN), it is clear that the growing season is longer in MIROC-ES2L
than the observation-based products, i.e., too early leaf onset and too late leaf shedding. This suggests a
room for improving the phenology scheme in the model (Hajima et al. 2020). However, the problematic
issues in the midlatitude regions are not tracked well in this study, and further sophistications in the
atmospheric (XCO2) metric are required.

Conclusions
We have compared the simulated total column CO2 concentrations (XCO2) by JAMSTEC’s ACTM, using
CO2 �uxes from an atmospheric CO2 inversion (ACTM_InvF) and an ESM (ACTM_ES2LF), with the XCO2

observed by GOSAT and OCO-2. Based on the analyses following major conclusions can be drawn.
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(1) The forward transport model simulation of CO2 �uxes from various methods can be tested well for all
regions over the globe using the XCO2 measurements from the satellites, with conditions that the
transport model realistically represents the inter-hemispheric exchange and age of air in the stratosphere
(Schuh et al. 2019; Calle et al. 2019). Note that the atmospheric CO2 inversions lack in situ data coverage
over much of the globe, and the ESMs are in their developmental phase for simulating the carbon cycle in
a general circulation modelling framework.

(2) The inversion results using surface sites are consistent with the XCO2 measurements over different
parts of the globe within 1 ppm (or more often within 0.5 ppm) (Table 1). Although this method is only
valid for the simulation period where abundant in-situ or satellite measurements are available (e.g., 2009-
2014 in this study), this can be a powerful constraint to test the cotemporary CO2 �ux simulated by
ESMs. Hajima et al. (2020) suggested the MIROC-ES2L is likely to underestimate the contemporary CO2

concentration, and this study revealed that the contemporary CO2 �uxes by the ESM are comparable to

the �uxes estimated by state-of-the-art inverse models with a sink bias of 0.25 PgC yr-1. 

(3) We also propose a metric to evaluate carbon cycle processes by using of seasonal cycles of CO2 –
the inversion CO2 �uxes and satellite XCO2 suggested the ESM should be improved for seasonal
amplitude and phasing of CO2 �uxes in different latitude bands. Using the observation based leaf area
index and gross primary productivity are compared with those simulated by the MIROC-ES2L, which
suggest that the carbon-cycle processes in MIROC-ES2L need to be improved in the extratropical regions
while it was suggested over the tropical regions the weather and soil water dynamics (and its ecological
response) are inadequately simulated.

(4) A more sophisticated analysis is needed for removing the far-�eld effects on the XCO2 over individual
regions for accurately judging how well (or badly) the ESM or inversion CO2 �uxes are modelled, as seen
by the satellites. At the moment it is not very clear whether the model-observation mismatches we �nd
over the Southern Africa region (Fig. 6c) are caused by what fraction due to regional �ux error or arising
from the wrong �ux seasonality in other continents in the same latitude range or propagated model data
mismatches from the regions north or south of Southern Africa.

(5) More of these questions will be answered better as the quality of the retrievals continues to improve
and longer time series of remote sensing observations are gathered, while the ESMs account for more
complex processes occurring in the earth’s environment due to both anthropogenic and natural causes.
As demonstrated in this study, the evaluation of CO2 �uxes over the globe will be a help to specify the
region with large biases and to improve the model performance on reproducing CO2 concentration, both
of which are essential to make more realistic future climate projections.
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Tables

Table 1. Statistics of XCO2 time series simulations in comparison with GOSAT and OCO-2

measurements. Correlations coefficients are calculated for the mean seasonal cycles of the

time series as calculated by harmonic analysis. Mean XCO2 biases are calculated as the

differences for the overlapping periods between two data records. The regions are

arranged from North to South latitudes within each of the continents and ocean basins, as

much as possible. 
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Figure 1

Regional divisions of land (15) and ocean (11), along with their names, for time series analysis shown by
the map. The in situ measurement sites used in the MIROC4-ACTM inversion are shown by triangles and
marked by their 3-letter site abbreviation, as per the World Meteorological Organisation – World Data
Centre for Greenhouse Gases (WMO-WDCGG). CO2 data for 28 sites are taken from NOAA
(https://www.esrl.noaa.gov/gmd/ccgg/�ask.php), and data for YON and MNM are taken from JMA
(https://gaw.kishou.go.jp/).
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Figure 2

Time series of global (left column) and semi-hemispheric (right column) total CO2 �uxes for land and
ocean at annual intervals as estimated by the MIROC4-Inv and MIROC-ES2L (panels a and b,
respectively). The FFC emissions from independent data sources are also compared (panel c). The global
total results are compared to GCP-CO2 budgets (Friedlingstein et al. 2019). The semi-hemispheric
biospheric �uxes of land and ocean regions as well as the FFC emissions are shown (right column), for
the northern hemisphere (NH) extratropics, tropics and southern hemisphere (SH) extratropics (panels d-f,
respectively). Please note the different y-axis range for each panel (the ocean �ux varibility in panel b
may appear deceivingly large compared to the land �ux variability in panel a).
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Figure 3

Zonal mean meridional and seasonal variations in CO2 �uxes as estimated by atmospheric inversion
(MIROC4-Inv) and simulated by the earth system model (MIROC-ES2L).
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Figure 4

Spatial maps of XCO2 for GOSAT only in comparison with ACTM_InvF and ACTM_ES2LF simulations for
2014 (left column), and OCO-2 (and GOSAT) in comparison with ACTM_InvF only for 2016 (right column).
Results are shown for full calendar year.
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Figure 5

Time evolution of zonal mean meridional gradients of XCO2 as measured by GOSAT, OCO-2 in
comparison with two ACTM_InvF and ACTM_ES2LF simulations. The plots by using data over land only
and water only are shown in Fig. S1 and Fig. S2, respectively.
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Figure 6

Time series XCO2 for 4 selected parts of the world. Values are aggregated over the regions highlighted by
yellow. The detailed results for 15 land and 11 ocean regions are shown for the time series,
ACTM_InvF/ACTM_ES2L-GOSAT, and their detrended seasonal cycles (GIF Animation S1). Comparisons
with OCO-2 data are also shown in supporting materials (GIF Animation S2).
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Figure 7

Seasonal cycle amplitude of zonal mean XCO2, shown for land (top row) and ocean (bottom row)
surfaces separately. The comparisons of XCO2 SCAs for both the ACTM_InvF and ACTM_ES2LF
simulations are compared with GOSAT observations for the 2010-2014 period (left column), while the
ACTM_InvF simulation only is compared with GOSAT and OCO-2 observations for the 2015-2018 period
(right column). The error bars represent 1-  standard deviations over 5-years in the left column and over 4-
years in the right column. The ACTM_invF(GOSAT) and ACTM_invF(OCO-2) in panels c and d shows the
ACTM_InvF results when sampled at the location and time of GOSAT and OCO-2 measurements,
respectively.
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Figure 8

Comparisons of MODIS satellite derived LAI with that simulated by MIROC-ES2L (a,b; top row), and �ux
tower based FLUXCOM GPP with MIROC-ES2L simulated GPP (c,d; bottom row).
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