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Abstract. At regional scales, atmospheric CO2 concentrations show (i) a global trend, (ii) a seasonal cycle that varies with
location and altitude and (iii) inter-annual and synoptic variability. The CO2 atmospheric inversion of the Copernicus
Atmosphere Monitoring Service (CAMS) constrained by surface measurements of the gas concentration provides a 4D
(spatial+time) description of the CO2 mixing ratio. A comparison of the CAMS modelling against AirCore profiles acquired
over France and the USA indicates an accuracy on the order of 1 ppm (CO2) at most levels in the atmosphere with larger errors
close to the surface. Evaluation of the total column against the Total Carbon Column Observing Network (TCCON)
observations shows a standard deviation of less than 1 ppm over most sites. In this paper, we attempt a simple description of
the concentration time series where the trend is provided by the Mauna Loa measurement dataset and the seasonal cycle is
adjusted using annual and semi-annual harmonics. Most of the atmospheric concentration variability is captured by this simple
modelling. Over France, the differences between simulated concentrations and in-situ (AirCore) measurements are on the order
of 1.5 ppm over the free troposphere and higher. The evaluation against column concentration retrievals from TCCON indicates
typical errors on the order of 1 ppm for the climatological fit.

The climatological product is updated in near-real time with the Mauna Loa measurements and may therefore be used as prior
information for ground-based and satellite-based remote sensing of the COz profile or the column-averaged dry air mole
fraction of CO2 (XCO:s2). Besides, the deviations between the full CAMS modelling and the climatological fit are used to

compute realistic vertical variance-covariance matrices for each of the model grid cells.

1 Introduction

Carbon dioxide (CO2) is the dominant anthropogenic greenhouse gas and a key driver of ongoing climate change. Its
atmospheric concentration has increased by approximately 50% since the beginning of the industrial era, with a current growth
rate of between 1.5 and 4 ppm per year (since 2000). Beyond this long-term increase, the spatial and temporal variability of
CO: provides essential information for quantifying surface sources and sinks through atmospheric inversion methods (Ciais et

al., 2010). This has motivated the development of extensive observational systems, including surface networks (Masarie and
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Tans, 1995; Franz et al., 2018), ground-based remote sensing (Wunch et al., 2011), and satellite missions (e.g. Crisp et al.,
2004).

The variability of atmospheric CO: concentrations reflects the combined influence of surface fluxes and atmospheric transport.
While interannual variations in natural and anthropogenic emissions exist, the observed time series are dominated by two
robust features: a globally coherent growth rate and a highly reproducible seasonal cycle. The latter arises primarily from
biospheric exchange processes and exhibits strong spatial structure, with amplitudes and phases varying with latitude and
altitude. In contrast, longitudinal variations are comparatively small due to efficient zonal mixing in the atmosphere.

These properties suggest that a large fraction of the observed variability of atmospheric CO- may be captured by a relatively
simple representation combining a global trend and a spatially varying seasonal cycle (Keeling et al., 1976; Thoning et al.
1989). Such an approach has been used for instance to gap-fill CO: observation time series (e.g., Masarie and Tans, 1995).
Reuter et al. (2012) proposed an analytical model describing CO- concentrations as a function of time, latitude, and altitude
using a set of 17 empirical parameters. However, the assumption of a constant growth rate limits its applicability in the context
of the accelerated increase observed in recent years. In addition, its ability to reproduce the diversity of seasonal cycles across
regions remains limited with the reduced set of parameters.

In the context of satellite remote sensing, No€l et al. (2022) have developed the Simple cLImatological Model for atmospheric
COz (SLIMCQO2) to provide estimates of dry-air mole fraction profiles and column averages of atmospheric COz. It is based
on a CarbonTracker (Jacobson et al. 2020) global simulation at a resolution of 3°x2°. The climatological product samples the
detrended seasonal cycle over 36 time steps while the global growth rate is derived from the global mean on January 1% of
each year assuming a linear increase in between.

More recently, Laughner et al. (2023) developed an algorithm to generate prior CO: profiles for the GGG2020 retrieval
framework used by the Total Carbon Column Observing Network (TCCON). Their approach combines observed growth rates
from Mauna Loa and American Samoa with parameterizations of latitudinal gradients and seasonal variability. The algorithm
estimates a mean difference between the concentrations at these sites and those at the location of interest based on the
assumption that it is driven by emissions in the northern midlatitudes. The seasonal cycle is parameterized by a function that
depends on the latitude and altitude. While this method improves the representation of large-scale gradients, evaluation against
airborne and AirCore measurements reveals residual errors of up to several ppm, particularly in the Northern Hemisphere.

In this study, we revisit the problem of representing atmospheric CO: variability using a simple but physically grounded
framework. Building on a high-resolution, multi-year reanalysis of atmospheric CO: from the Copernicus Atmosphere
Monitoring Service (CAMS, https://atmosphere.copernicus.eu/), we show that most of the variability can be described by
combining (i) a globally coherent growth rate derived from the Mauna Loa record and (ii) a seasonal cycle represented by two
harmonics whose parameters vary in space.

This approach differs from previous analytical models in that it preserves spatial variability at the grid scale while maintaining
a compact parameterization. It therefore provides a compromise between purely analytical formulations and full transport

modelling. Our approach shares several aspects of the SLIMCO2 approach although it describes the seasonal cycle by a five-
2
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parameter analytical function rather than through estimates at 36 time steps. The resulting climatological description captures
the dominant components of atmospheric variability while allowing the quantification of residual variability associated with
synoptic transport and interannual fluctuations.

The objectives of this paper are threefold. First, we assess the ability of this simplified representation to reproduce the spatio-
temporal variability of atmospheric CO: simulated by CAMS. Second, we evaluate both the full model and its climatological
fit against independent observations from AirCore vertical profiles and column retrievals from the Total Carbon Column
Observing Network (TCCON, Wunch et al., 2011). Third, we discuss the potential applications of this climatological product,
in particular as prior information for remote sensing retrievals and as a reference framework for evaluating atmospheric CO-
observations.

Section 2 describes the data and methods used in this analysis, both for model development and evaluation. Section 3 shows
the results with a focus on France where a high density of AirCore profiles is available, as well as an analysis at the global

scale. Section 4 discusses the results and concludes.

2 Data and methods

2.1 Atmospheric CO: modelling

We use a global reanalysis of the 3D atmospheric mole fractions and surface fluxes of COz from the Copernicus Atmosphere
Monitoring Service (https://atmosphere.copernicus.eu/) based on an atmospheric inversion method. This reanalysis, version
22r1, was obtained by assimilating surface air-sample measurements from 159 sites over the globe in a global transport model.
It covers the period from 1979 to 2022 at a global resolution of 2.50° in longitude and 1.27° in latitude, with 79 hybrid layers
in the vertical, a relatively high resolution enabled by Graphics Processing Unit-accelerated model simulations (Chevallier et
al., 2023). The atmospheric inversion system itself followed a variational formulation of Bayes’s theorem, as described in
Chevallier et al. (2010), with a single 44-year inversion window. It optimized the surface fluxes at each horizontal grid point
of the transport model with a temporal resolution of 8 days, separately for daytime and night-time. In doing so, it also optimized
the 4D atmospheric concentrations, which are the focus of this study. In the following, we focus on the period 2010-2022

inclusive.

2.2 Climatological fit

The analysis of CO2 concentration time series shows a growth rate that is similar everywhere in the world at all atmospheric
levels. This is the result of anthropogenic emissions, offset by about half by oceanic and terrestrial carbon sinks (Friedlingstein
et al., 2026), that lead to an increase of the concentrations, together with rapid atmospheric mixing. In addition, concentration
time series show a seasonal cycle that results mostly from vegetation uptake and respiration and also from oceanic and

anthropogenic fluxes. The amplitude and shape of this seasonal cycle vary spatially (e.g., Masarie and Tans, 1995). We
3
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therefore propose to build a climatological fit of the modelled time series as a general trend that is described by a temporally
smoothed version of the iconic Mauna Loa time series maintained by the Scripps Institution of Oceanography and NOAA/

Global Monitoring Laboratory (GML) (https://gml.noaa.gov/ccgg/trends/data.html) and a seasonal cycle that is described by

two harmonics:
[COL11(8) = [COIME() + A, + Al pcos (w(t + db,)) + AF,cos (20(t + dF,)) (1)

where [CO,],,(t) is the COz dry air mole fraction at location /, pressure p and time ¢ [C 0,]M! is the de-seasonalized and
smoothed time series of COz dry air mole fraction at the Mauna-Loa observatory, o (=2 n/365) is used to generate an annual
cycle, and 4%, A!, A%, d' and & are free parameters for the best fit of the data.

Note that the formulation of Equation (1) is equivalent to
[CO,).,, (&) = [COIME(E) + AD, + Alpcos(wt) + Af,sin(wt) + A7 ycos(2wt) + Afpsin(2wt) )

which is easier to optimize against data time series, as it is a linear combination of the 5 free parameters 4% to 4”.

We use a similar approach for the column-averaged dry air mole fraction of CO2 (XCO:2) as:
[XCO,],(t) = [CO,1ME(t) + BY + B} cos(wt) + Bfsin(wt) + B} cos(2wt) + B}sin(Qwt) 3)

Using the atmospheric modelling described in section 2.1, we fitted the model to retrieve the 5 parameters of each grid cell
and each of the 79 atmospheric layers. The fits are performed independently on the basis of the 2010-2022 time series. In the
following, we analyse the ability of this simple parameterization to reproduce the concentration time series and quantify the
error of both the full atmospheric modelling and its climatological fit against independent observations.

Note that, once the fit parameters have been adjusted, the CO2 concentration can be extrapolated in time using updated Mauna
Loa time series. This assumes that the seasonal cycle does not change significantly. This hypothesis is invalid over long time
periods in the context of climate change and changing land ecosystems. Indeed, an increase in the amplitude of the seasonal
cycle has been observed in the northern hemisphere during the second half of the 20" century (Graven et al. 2013, Forkel et
al, 2016). It nevertheless applies to periods of one or two decades, as is shown in the following.

Note that the modelled concentration can be extrapolated in time for a few years, on the basis of a typical atmospheric growth

rate of COz (=2.5 ppm/year in recent years).

2.3 AirCore measurements

For the evaluation of both simulations, we use a set of 80 AirCore profiles that have been acquired over France between 2016
and 2023. AirCore is a technique developed in 2010 at NOAA/ESRL which makes it possible to sample the atmosphere from
the surface to =30 km (Karion et al., 2010). The concept proposed by NOAA was implemented in France (Membrive et al.,
2017), and LSCE has a program of monthly sampling of the atmosphere. The balloons are launched from a location close to

the Trainou instrumented site located northeast of the city of Orléans. This site is part of the TCCON and Integrated Carbon
4
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Observation System (ICOS) networks. The air sampling is made on the descending portion of the flight. Figure 1 shows the

locations where the sampling apparatus returned to the ground, all of which are located within French territory.

Figure 1: Location of the landings for the AirCore samples that are used in this paper for evaluation.

For each AirCore profile, we sampled the model at the location and time of the ground return. The AirCore measurements
were averaged vertically at the scale of the model layers. The averages were then used to compute the concentration difference
between the observation and the model.

For a spatial extension of the AirCore evaluation, we use the set of profiles acquired and distributed by NOAA (Baier et al.,

2021, https://doi.org/10.15138/6AV0-MY81). These include several tens of profiles acquired near Boulder (Colorado) and the

TCCON site of Lamont (Oklahoma) plus a few other profiles elsewhere in the United States, Finland, France and Australia.

2.4 TCCON

TCCON is a global network of ground-based Fourier Transform Infrared (FTIR) spectrometers that provide precise and
accurate measurements of the total column abundances of atmospheric greenhouse gases, including CO. (Wunch et al., 2011).
TCCON observations are based on high-resolution solar absorption spectra recorded in the near-infrared and are analyzed
using a common retrieval framework.

The network delivers XCO: with a precision better than 1 ppm and a trueness of about 0.4-0.8 ppm, supported by regular
calibration and validation activities. TCCON data are widely used as a reference for the evaluation and calibration of satellite
CO: retrievals, as well as for studies of carbon cycle variability and atmospheric transport.

TCCON provides column-averaged XCO: estimates that serve as a primary validation standard for space-based greenhouse-

gas missions. Owing to its long-term stability, standardized retrieval algorithms, and traceability to the WMO scale (through
5
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comparisons with aircraft and AirCore measurements), TCCON plays a central role in assessing biases, temporal stability, and
regional representativeness of satellite CO: products.

In this paper, we use TCCON estimates that were processed in November 2023 (GGG2020 version, Laughner et al., 2024).
Further information about TCCON, its measurements and processing can be found on the wiki page https://tccon-
wiki.caltech.edu/. The TCCON XCO:xz estimates are used here to evaluate both the CAMS modelling described in 2.1 and its

climatological fit described in 2.2.

3 Results

3.1 Time series

Figure 2 shows the time series of CAMS modelled atmospheric concentrations and the climatological fit using Equation (2).
The figure illustrates the growth rate that is identical at each level of the atmosphere, and the annual cycle that is much more
pronounced in the low atmospheric layers than at higher altitudes. The seasonal cycle takes different shapes depending on the
atmospheric layers, and it appears that two harmonics are sufficient to describe these shapes. Figure 2 is for one location, that
is chosen here because it is at the centre of the AirCore samples described in 2.3 (see Figure 1), but similar conclusions can be
drawn from the results at other locations, although the seasonal cycle amplitude is much less in the southern hemisphere (see
Figure 5).

As expected, there is some scatter around the climatological fit. This scatter is linked to inter-annual as well as synoptic
variability. For this particular location, it is on the order of 1 ppm in the mid and high atmosphere (above 700 hPa) but higher
in the low atmospheric layers, in direct interaction with COz fluxes at the surface. The misfit is a quantification of the variability
of atmospheric CO2 concentrations that cannot be described by the climatology. In the following, we evaluate both the CAMS
modelling and its climatologic fit against independent measurements. Note that neither the AirCore profiles nor the TCCON

measurements have been used to constrain the CAMS modelling. They are therefore truly independent from the modelled data.
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Figure 2: Time series of the CAMS modelled concentrations at various atmospheric levels in the atmosphere (dots) and best fit
adjustment (lines) using analytical equation (1). The RMS errors for the fit are provided at the lower-right of the figure. This is for
the location [48N 2E] which is at the center of the AirCore samples described in section 2.3. The datapoints and fit for each level

have been shifted by 10 ppm to avoid overlap (no shift for the lowest level).

3.2 Evaluation against AirCore profiles

We first use the 80 AirCore profiles described in Section 2.3 to evaluate both the CAMS modelling and its climatological fit.
The model vertical sampling uses hybrid sigma coordinates that vary with the surface pressures. All model-AirCore
comparisons are done at the hybrid sigma levels and we account for the surface pressure variations to sample the AirCore
profiles at the corresponding model layers. The results are shown for a standard surface pressure of 1013 hPa.

Over France, the biases are very similar for the model and its climatological fit, as expected. They are less than 0.5 ppm for
the mid atmosphere but are significantly larger (1-2 ppm) both in the high atmosphere (above 200 hPa) and in the low
atmosphere (below 850 hPa). The standard deviation (StDev) of the model is less than 1 ppm in the middle atmosphere
(between 300 and 800 hPa) but takes large values (=2 ppm) in the mixing layer. The standard deviation of the climatological
fit is close to 1.5 ppm within the free troposphere, and takes large values in the low atmosphere, consistent with that of the

CAMS product.
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The larger StDev values of the climatological fit than the model are expected as the former cannot reproduce neither the inter-
annual anomalies nor the synoptic variability. Nevertheless, the 2 ppm standard deviation is much less than both the growth
over the analysis period and the amplitude of the seasonal cycle, which confirms that the climatological fit reproduces most of
the COz concentration variability. In addition, the standard error of the climatological fit is larger, but on the same order of

magnitude as the typical difference between the CAMS modelling and its climatological fit.
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Figure 3: Statistical comparison (Red: Biases; Blue: Standard deviation) of the AirCore vertical samples against both the CAMS

modelling (plain lines) and its climatological fit (dashed lines).

We acknowledge, however, that the statistics reported here may not be representative of the globe as a whole. On the one hand,
synoptic variability, which cannot be captured by the climatological fit, is larger at mid-latitudes than in tropical regions. On
the other hand, the high density of CO. monitoring stations in Western Europe provides strong observational constraints on
the CAMS modelling that are not available in all regions. Further evaluation against a more geographically distributed set of
measurements is therefore necessary. To this end, we use a more diverse dataset of AirCore profiles acquired and made
available by NOAA (Baier et al., 2023).

The dataset describes 145 profiles of atmospheric composition. More than half (84) of these profiles were acquired in the
vicinity of Boulder, Colorado. Note that the surface pressure at Boulder is around 800 hPa, whereas Figure 4 is shown as a

function of equivalent pressure based on the hybrid sigma levels. At this site, the bias is very small for most of the troposphere
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and increases to around 2 ppm in the stratosphere, which is consistent with the results of the French site. The standard deviation
is around 1 ppm in the free troposphere and stratosphere, and increases to =2 ppm in the mixing layer, again consistently with
the results presented above. Lamont, with 32 AirCore samples, shows a very high standard deviation in the low atmosphere.
A deeper analysis shows that this is due to 10 samples acquired between July 22nd and July 27", 2018 when the concentration
(observed and modelled by CAMS) differed strongly from the climatology. Other sites have too few samples for a meaningful
statistical analysis but the comparisons are consistent with a modelling error on the order of 2 ppm. The error appears to be on
the order of a few ppm, and larger in the low atmosphere.

Overall, the analysis of the NOAA dataset indicates that the statistical results obtained at the French site, for which a large

number of profiles are available, are broadly representative of those obtained in other regions where AirCore profiles are

available.
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Figure 4: Statistical comparison of the NOAA AirCore vertical samples (Baier et al., 2023) against the climatological fit of the CAMS
modelling. The statistical estimates are made for a number of locations where the profiles have been acquired. The figure indicates
in parentheses the number of available profiles to compute the statistics. Left figure shows the biases whereas the right figure is for

the Standard Deviation.
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3.3 Evaluation against TCCON

TCCON stations are distributed over the globe, which provides some indication of the spatial variability of the model
performance. However, the TCCON standard products only provide a total column estimate with no indication on the vertical
distribution. We therefore evaluate the total CO2 column concentration from the CAMS modelling as well as its climatological
fit as in Equation (3). The column is computed with a constant vertical weighting without accounting for the vertical sensitivity
of the remote sensing product (the TCCON product is a best estimate of the total column and is therefore relevant for our
evaluation). We also evaluate the CAMS and climatological vertical profiles: we compute a weighted total column using the
prior and the AK provided with the TCCON retrieval datasets.

The results shown in Figure 5 confirm the spatial variability of the statistics with smaller errors in the southern hemisphere
and in the tropics than in the mid and high latitudes of the Northern hemisphere. The errors are on the order of 1 ppm. As
expected, the errors are larger for the climatological fit than they are for the CAMS modelling, with three exceptions (Hefei,
Manaus and Darwin) where they are almost identical. The results when using the unweighted and weighted total columns are
very similar (see Figure 5) indicating that the noise introduced by the vertical sensitivity is small in comparison to other sources
of uncertainty.

Note that the prior used for the TCCON estimate (Laughner et al., 2023) shows a difference with respect to the posterior value
that is significantly larger than that obtained with the climatological fit. This strongly indicates that this fit could offer a better
prior for TCCON estimates. However, the TCCON posterior value is loosely constrained by its prior, so that the use of a better
prior may not change significantly the TCCON XCO:z estimates. For TCCON retrievals of the total column, the prior
information of importance is the vertical profile and the fidelity of the prior in the higher atmospheric levels that are less
constrained by measurements. Thus, although the climatology described in this paper appears closer to the “truth” than the
GGG2020 prior, there is no demonstration that its use would result in a better posterior estimate of the column from TCCON
measurements. Our analysis does show, nevertheless, that our climatology is accurate within =1 ppm, with spatial variations,

and in particular a North-South gradient.
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3.4 Amplitude of the seasonal cycle

245  Figure 6 shows the amplitude of the COxz seasonal cycle at various levels in the atmosphere along longitude 25°E, chosen to
maximize the coverage of land surfaces. The amplitude of the cycle is computed directly from the four 4’ coefficients (4’ to
A?) of Equation (2). As expected, the seasonal cycle amplitude is larger in the lower atmospheric layers than it is higher up.
The seasonal cycle also varies strongly with latitude: It is less than 2 ppm south of 30°S but takes values of more than 10 ppm
north of 10°N, a difference which is a direct consequence of the fraction of land surfaces at the mid and high latitudes of the
250 two hemispheres. Note that the seasonal cycle is rather high over the Sahara Desert (15-30° N) despite the absence of
vegetation. It results from the transport of COz from other regions of the northern hemisphere with vegetation cover that drives
a large seasonal cycle of the CO: fluxes. In the high atmosphere, the seasonal cycle amplitude is smaller than in the low
atmospheric levels but remains significant, up to 5 ppm. The seasonal cycle in the high atmosphere is not necessarily in phase

with that observed at lower atmospheric levels, as for instance shown in Figure 2.
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Figure 6: Amplitude of the CO; seasonal cycle at various atmospheric levels as a function of latitude along the 25°E meridian.
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Figure 7 shows a global map of the amplitude of the XCOz seasonal cycle. The range of variation is large with values less than
2 ppm in most of the Southern hemisphere (with some exceptions over South America, Africa and Northern Australia) and up
to 12 ppm over Siberia. The structure is mostly zonal, with a strong South-North gradient, although larger values are observed
over the eastern part of the continents (with respect to the western part) at the northern mid and high latitudes. Regions of high

elevation also show a reduced seasonal cycle of CO2 with respect to other regions of the same latitude.

Figure 7: Amplitude of the XCO; seasonal cycle.

3.5 Error of the Fit

Figure 2 shows time series of CAMS simulations together with the climatological fit at various levels in the atmosphere for a
specific location chosen at the centre of the AirCore landings of Figure 1. A similar analysis (not shown) can be performed
over the XCOz time series as in Equation (3). Figure 8 shows the RMS deviation of the XCO:» fit as a function of location.
Typical values are between 0.5 and 1.6 ppm with the smallest values observed in the Pacific, close to Hawaii and the Mauna
Loa observatory, and the largest value over northeast China. Over the northern hemisphere, the deviation of the fit is much
smaller than the seasonal cycle amplitude (Figure 7) indicating that the seasonal cycle is fairly constant from year to year,
which is a main hypothesis of the climatological fit developed in this paper. The deviation of the fit is less than 1 ppm over
most of the oceans but takes larger values over the continents of the Northern hemisphere where vegetation fluxes, together
with synoptic variability in the atmospheric transport, lead to day-to-day variations (Figure 2) that cannot be reproduced by
the climatology.

Overlaid on Figure 8 are the standard deviations of the differences between the climatological analysis and the TCCON
retrievals. In general, the typical differences with TCCON are slightly larger (a few tenths of a ppm) than the differences with
CAMS but the spatial structure is consistent with the largest and smallest values found in the same areas. This consistency
indicates that the deviation from the fit is a good indicator for the statistical error of the XCOz concentration as described by

the climatological product.
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Figure 8: RMS difference [ppm] between the XCO, CAMS simulation and the climatological fit. The symbols overlaid on the map
are at the location of the TCCON stations and indicate the error of the climatological fit with respect to the TCCON measurement,

as in Figure 5.

3.6 Vertical Covariance

We now analyze the vertical covariance of the climatological fit errors. One approach is to use the AirCore profiles described
in Section 2.3 and analyzed in 3.2. There are about 80 profiles available in the vicinities of both Trainou (France) and Boulder
(CO) locations, which is sufficient for a statistical analysis. The differences between the AirCore profiles and the climatological
fit are computed at the model level resolution and used to compute variance-covariances and vertical correlations, which are
shown in Figure 9 for the Trainou site and in supplementary figure S1 for Boulder. The number of profiles is insufficient at
the other sites for a meaningful statistical evaluation. Note that we also attempted an analysis for each of the 4 meteorological
seasons at the Boulder and Trainou sites, but the sample is then insufficient to draw firm conclusions.

The other approach is to use the CAMS simulation as the truth, compute the difference with the climatological fit at each time
step and atmospheric level, and then compute a vertical variance-covariance from the time series of the differences. This shall
be done independently for each of the model grid cells. In Figure 9, we show the result for the model grid cell [48N; 2E] at the
center of the French AirCore samples (Figure 1), but similar analyses can be produced over all grid cells.

As expected, there is some vertical correlation on the errors (both in the model and in the AirCore samples) which leads to
positive correlation and covariances. Some weak negative correlations are observed between the stratosphere and the
troposphere. The two methods lead to rather similar results. The variances and covariances have the same order of magnitude,
with larger values in the low atmosphere. There is a local maximum on the covariance around =150 hPa which corresponds to
the troposphere-stratosphere transition, whose height may vary with a temporality that is poorly reproduced by the modelling.
The vertical correlation estimates are rather similar, although slightly larger when computed against the model than against
the AirCores. Overall, for this particular location, it appears that the error variance-covariance of the climatological fit,
evaluated against the in-situ measurements, can be approximated by the value derived from the CAMS analysis.

Similar conclusions can be derived for the Boulder location (Figure S1). The surface is much higher (<1600 meters) with an

atmospheric pressure around 800 hPa. The variances and covariances are smaller than they are at the French site, both for the
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modelling approach and for the AirCore evaluation. The two approaches show very similar patterns, although the correlations

are slightly larger (vertically extended) in the modelling analysis than when using the AirCore measurements.
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Figure 9: Variance-covariance (left) and correlation matrices of the CO, concentration deviations. The first row is based on the
difference between the CAMS simulations and the climatological fit. The second row is based on the difference between the AirCore
315 profiles and the climatological fit. The figures on the left show the square root of the covariance (bound at zero), expressed in ppm
while the figures on the right show the correlation of the deviations. A similar figure for the Boulder site is shown in the

supplementary.
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4 Discussion

4.1 Physical interpretation

The results demonstrate that a large fraction of the atmospheric CO: variability can be represented by the combination of (i)
the growth rate measured at the iconic Mauna Loa station and (ii) a stationary seasonal cycle described by two harmonics. This
confirms that, at first order, the temporal evolution of atmospheric CO: is dominated by large-scale processes that are spatially
coherent: the anthropogenic trend and the biospheric seasonal exchange.
The success of the approach reflects two key properties of atmospheric COx:
e Rapid large-scale mixing, which ensures that the long-term growth rate is nearly uniform across latitudes and vertical
levels.
e  Strong periodicity of biospheric fluxes, particularly in the Northern Hemisphere, which produces a remarkably regular
seasonal cycle whose shape is well captured by annual and semi-annual harmonics.
The fact that the residual variability is typically below 1-2 ppm in the free troposphere indicates that interannual changes in
fluxes and synoptic transport, while detectable, remain second-order compared to the seasonal amplitude of the concentration
(up to 10-12 ppm at northern mid-latitudes).
However, the degradation of performance in the planetary boundary layer highlights the intrinsic limitation of any
climatological approach: surface flux variability and boundary-layer dynamics introduce short-term fluctuations that cannot

be captured by stationary harmonics.

4.2 Relation to previous empirical background models

The approach developed here has similarities with empirical background models such as those proposed by Reuter et al. (2012)
and Laughner et al. (2023), which describe atmospheric CO: using a simple analytical formulation and a reference to the
Mauna Loa and American Samoa observations for the latter. Our approach is slightly more complex, however. Indeed, Reuter
et al. used only 17 coefficients to describe the CO: variability over the full Earth and atmospheric levels, while the approach
of Laughner et al. (2023) is purely analytical with a set of empirical values embedded within the equations. Our approach uses
only 5 coefficients, but these are different for each grid point and atmospheric level. Thus, while the two former approaches
are purely analytical and can be implemented as a simple analytical function, our approach requires a 25 Mbytes dataset as
input. We have compared the performance of these approaches. Although the fully analytical functions do reproduce the main
variations of atmospheric COz, their performance appears limited compared to our approach. Reuter et al. (2012) assumed a
constant growth rate in the atmosphere while the true growth has accelerated in the past decade. This is corrected in the method
of Laughner et al. (2023) that uses observations to constrain the mean trend, but the evaluation against TCCON shows that our
approach leads to significantly lower errors. Besides, Laughner et al. assumed no variation of the concentrations along the

longitudes, which is a strong limitation, in particular for the low atmospheric levels.
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The analytical approach of Reuter (2012) or Laughner et al. (2023) may be sufficient when only a rough estimate of the CO2
profile is needed. Our approach brings additional accuracy at the cost of some complexity.

The SLIMCO?2 approach presented in Appendix A of Noel et al (2022) has many similarities with that proposed here. Both
use more than 10 years of a global 4D description of atmospheric CO2 (CarbonTracker for SLIMCO2, CAMS for our product).
The main difference is our use of an analytical function versus the explicit estimate of the detrended concentration at 36 time
steps within the year. Another difference is the way the growth rate is modelled, based on the Mauna Loa time series in our
approach, and assuming a linear growth between the global mean value derived from the atmospheric transport simulation on
January 1% in SLIMCO2. Through direct contact (Maximilian Reuter, personal communication), we compared the XCO2
estimates of the two approaches over a number of selected targets. The temporal profiles of XCO: generated by the two
methods are very similar (trends and seasonal cycles) although not identical. There are some differences in the overall trend
and the seasonal cycle described by our method is smoother. The statistical difference is on the order of 0.30 ppm and varies
spatially with a maximum of 0.47 ppm among the targets we analysed. Overall, the differences are significantly smaller than
the likely differences between the modelled value and the truth. The differences result from the variations in the two

approaches. There is no strong argument for using one versus the other.

4.3 Implications for satellite retrievals

Our simple modelling of the atmospheric CO: could be used as an accurate prior for satellite retrievals of the atmospheric
concentration. Indeed, the validation against both AirCore measurements and TCCON stations has shown an accuracy better
than 1.5 ppm on XCOz, and a reasonable description of the vertical profile. This suggests that the proposed formulation could
serve as a physically informed prior for column or profile retrievals. Because the formulation is linear in its parameters, it can
be easily implemented and can also be updated as new Mauna Loa data become available. Besides, as the de-seasonalized
growth rate does not vary strongly from month to month, the Mauna Loa time series can be extrapolated in time over a few
months with no significant added error on the climatological product.

Importantly, the vertical covariance analysis indicates that errors of the climatological fit are vertically correlated, especially
within the troposphere. This has consequences for the specification of background error covariance matrices in inversion
systems. The similarity between covariance structures derived from CAMS and from AirCore comparisons suggests that the
model-based estimate provides a reasonable approximation of real atmospheric variability. Thus, the covariance matrices,
which have been derived based on the CAMS vs analytical fit differences, may be used for the satellite-based inversions of the

COz profiles.

4.4 Potential for satellite retrieval validation

The proposed climatological product may also provide a useful framework for a first evaluation of space-borne CO: retrievals.

Because it captures the dominant components of atmospheric variability — namely the long-term trend and the stationary
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seasonal cycle — it defines a physically consistent baseline against which satellite products can be evaluated. Obviously, the
satellite products aim at improving our knowledge of atmospheric concentration, and are therefore designed to achieve an
accuracy that is higher than that of the climatological product. Yet, a comparison of the retrievals against this climatology may
be used as a first validity check during the commissioning phase.

In regions where the residual variability relative to the climatology is small (e.g. remote oceanic areas, tropical regions, or the
Southern Hemisphere), the atmospheric state is largely controlled by well-mixed background conditions. In such regions,
discrepancies between satellite retrievals and the climatological estimate are more likely to reflect retrieval biases, instrumental
effects, or forward-model errors rather than unresolved atmospheric variability. These areas therefore offer favorable
conditions for assessing systematic errors and long-term stability.

Conversely, in regions where the residual variability is large — in particular over continental mid- and high latitudes of the
Northern Hemisphere — synoptic transport, boundary-layer dynamics, and heterogeneous surface fluxes introduce short-term
fluctuations that are not captured by the climatological representation. In these areas, differences between satellite products
and the climatological estimate cannot be interpreted solely as retrieval errors, since part of the discrepancy may arise from
real atmospheric variability. The spatial structure of the fit residuals thus provides an objective indicator of where satellite
validation can rely on a stable background and where additional caution is required.

More generally, the product may help separate two components of satellite error diagnostics: (i) systematic biases relative to
a well-characterized background, and (ii) representation errors linked to unresolved atmospheric variability. This distinction

is particularly relevant for the evaluation of high-precision missions targeting sub-ppm accuracy.

4.5 Limitations of the approach, and potential for improvements

Several limitations of the approach must be acknowledged, and offer opportunities for improvements.

Our approach uses the measurements at Mauna Loa to describe the mean growth rate at all points over the globe. We made
this choice because the Mauna Loa time series is easily accessible, continuous, regularly updated and available over a long
time period. The near-uniform growth rate observed across latitudes and vertical levels is consistent with characteristic
tropospheric mixing times of a few weeks zonally, a few months meridionally within a hemisphere, and approximately one
year between hemispheres (Jacob et al. 1997). The one-year time scale for inter-hemispheric exchange suggests the use of a
different growth rate for the Northern and Southern hemispheres. Thus, over the southern hemisphere, one could replace the
Mauna Loa time series by that from American Samoa, operated by NOAA-GML (Thoning et al., 2025) or the observations
from Amsterdam Island operated by LSCE, two locations in the Southern Hemisphere that sample “background”
concentrations. We compared the smoothed de-seasonalized time series of Mauna-Loa and American Samoa. There is a bias
of =2.5 ppm, with higher concentrations at Mauna Loa, due to the time required for anthropogenic CO- emissions, which occur
predominantly in the Northern Hemisphere, to be transported to the Southern Hemisphere. The bias is increasing with time as

a result of increasing emissions. We used the American Samoa time series, instead of Mauna Loa, to quantify the trend and
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redid the evaluation against TCCON. There is no significant improvement, nor degradation, of the consistency with TCCON

COz2 column estimates, although we expected some differences between Northern and Southern Hemisphere stations.

The method assumes that the seasonal cycle does not change significantly over the analysis period. Yet, observations of surface
concentrations of CO:2 over several decades indicate an increase in the amplitude of the seasonal cycle in the Northern
hemisphere (Graven et al., 2013; Piao et al., 2018). Our approximation appears valid over 13 years, but long-term changes in
biospheric phenology exacerbated by climate change could eventually invalidate this assumption. A new fit against updated
time series may therefore become necessary in the future to account for these changes.

Our approach shows large errors in the lower atmospheric layers where surface fluxes and mixing heights vary rapidly. A
purely harmonic representation cannot reproduce synoptic variability, frontal passages, or localized flux events. This is
inherent to the climatological approach.

We have validated the CAMS and climatological fit against AirCore over a single region which may not be representative of
the whole globe. This region (central France) shows a large seasonal cycle and synoptic variability, when compared to other
regions of the globe, as shown in Figures 6 and 7. Yet, other regions (such as Siberia and Eastern Asia) show even larger cycle
amplitudes and variability which may be difficult to handle by our simple approach. In addition, the CAMS modelling over
western Europe is well constrained by a high density of surface observations that is not available elsewhere. One may therefore
question the representativeness of some results. Figure 4 shows some additional comparisons using the AirCore from NOAA
(Baier et al., 2023), that are consistent with the results of the France samples, but most have been acquired over the United
States which is also well constrained by the surface observations. Further validation using airborne measurements over more

diverse areas could provide additional evaluation.

5 Conclusion

In this paper, we have developed and evaluated a climatological representation of atmospheric CO- variability at seasonal and
interannual scales based on a multi-year 4D reanalysis. This representation is available in near-real time thanks to the near real
time availability of the CO2 measurements at the Mauna Loa station, operated by the Scripps Institution of Oceanography and
NOAA. The analysis confirms that, at first order, atmospheric CO: variability is dominated by a globally coherent growth rate
and a largely stationary seasonal cycle driven by biospheric fluxes. The seasonal component can be robustly represented using
only two harmonics, showing that most of the observed variability can be described with a limited number of parameters.

Evaluation against independent AirCore vertical profiles and TCCON column retrievals demonstrates that the typical
representation error of the climatological fit is on the order of 1-1.5 ppm for XCO-, with smaller errors over the Southern
Hemisphere and oceanic regions, and larger residuals over northern continental areas. These results confirm that a substantial

fraction of atmospheric CO- variability is highly regular in space and time.
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The residual deviations from the climatology, typically around 1 ppm and regionally up to 1.5 ppm, define the scale of
atmospheric variability that cannot be captured by a stationary representation. This provides a physically based benchmark for
assessing the accuracy requirements of satellite retrievals and highlights the level of systematic precision needed for
applications in atmospheric inversions.

Beyond its analytical interest, the climatological product offers a compact and practical framework for representing
atmospheric CO: fields and their associated error structures. By separating the dominant climatological signal from higher-
frequency variability, it may facilitate the evaluation of satellite observations, the specification of prior information in retrieval
algorithms, and the interpretation of regional CO: anomalies. The climatological product may also be used for other purposes
when an estimate of the CO2 concentration is needed, in particular in near-real-time. For instance, it is used among other

predictors by the Copernicus Marine Environment Service (https://marine.copernicus.cu/) to estimate the surface ocean

fugacity and air-sea fluxes about one month behind real time (Chau et al. 2024).

The use of the climatological product relies on a dataset (netCDF file) that provides the 5 parameters on a latitude-longitude
grid and for 79 atmospheric levels. The file is 25 Mbytes. In addition, the analysis led to variance-covariance matrices for each
of the model grid points. The corresponding file will be used as prior information for the derivation of COx profiles based on

the MicroCarb satellite measurements. The file is 400 MB and is available for other uses (see Data availability below).

Data availability

Two NetCDF files have been created in the context of this study and are available for any use. The first one contains the 5 A’
coefficients in Equation (2) on a lat-lon-pressure grid. The second one contains the vertical variance-covariance matrices
(Figure 9 and S1) on a lat-lon grid. They are available on request from the corresponding author or at the following links:
https://sharebox.Isce.ipsl.fr/index.php/s/xGCD36KuYmN3OcZ

https://sharebox.Isce.ipsl.fr/index.php/s/dT5etwySTrWgIBN
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