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Abstract Methane (CH,) and carbon monoxide (CO) are gases with important climate impacts as direct and
indirect greenhouse gases, respectively. Methane has a warming potential 28 times that of carbon dioxide on a
100-year timescale, and carbon monoxide is a precursor to ozone in the troposphere. Modeling trace gas
concentrations in the Arctic atmosphere can be challenging due to Arctic conditions and sensitivity to long-
range transport, and comparing model outputs to remote sensing measurements is essential for ensuring that
models are performing well. Ground-based Arctic measurements are spatially sparse, so it is important to make
use of all such available data sets. In this study, we assess eight atmospheric models, comparing their
simulations of atmospheric CO and CH, column-averaged dry-air mole fractions for 2014 and 2015 with
ground-based retrievals of these species at three Arctic stations in the Total Carbon Column Observing Network
(TCCON). The multi-model mean had mean biases (* one standard deviation of the mean) of —5.4% + 8% at
Eureka, Canada, —6.5% + 8% at Ny—/&lesund, Norway, and —11% + 7% at Sodankyl4, Finland for CO, and
mean biases of —0.25% + 0.5% at Eureka, —0.90% + 0.5% at Ny—[oklesund, and —1.0% + 0.5% at Sodankyl for
CH,. Individual model mean biases range from —33% to +35% for CO and —2.5% to +1.9% for CH,. These
results indicate that models could benefit from improvements targeting simulations of Arctic CO.

Plain Language Summary Carbon monoxide and methane are important trace gases present in our
atmosphere. Both have impacts on the climate and carbon monoxide also affects air quality. Atmospheric
models that are applied to climate and air quality problems provide simulations of the concentrations of these
gases, but to ensure their accuracy, they must be evaluated against measurements. In this paper, we compare
model simulations of carbon monoxide and methane to measurements from three Arctic stations in the Total
Carbon Column Observing Network. We find that the average of our models underestimates the amount of
carbon monoxide at one of the three stations, but not at the other two. We also find that the average of the models
underestimates methane at two of our three sites, but by a smaller amount. The results of this study show that
carbon monoxide and methane distributions across the sensitive Arctic region are not simple and that models
could be further improved.

1. Introduction

The Arctic is a sensitive ecosystem that is warming at three to four times the global average rate (IPCC, 2021;
Rantanen et al., 2022). Significant intervention is necessary to mitigate the drivers of anthropogenic climate
change. Carbon dioxide (CO,) is the most important anthropogenic greenhouse gas but presents unique chal-
lenges for policymakers as it has a very long atmospheric lifetime, meaning that the climate impacts of emission
mitigation are most evident on long timescales. Short-Lived Climate Forcers, or SLCFs, are atmospheric species
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with lifetimes shorter than that of CO,, and thus the climate impacts of policy changes with regard to these species
can be seen on much shorter timescales (AMAP, 2021). Carbon monoxide (CO) is chiefly of concern as an SLCF
due to its role as a precursor to ozone in the troposphere (AMAP, 2021). Modeling of CO requires accurate
emissions inventories, as wildfire smoke and other pollution plumes can have major impacts on total column CO
in the Arctic (e.g., Fisher et al., 2010; Lutsch et al., 2020; Viatte et al., 2015). The models used in this analysis
include Earth system models, climate chemistry models, and chemical transport models. Previous validation
studies of these models with in situ surface measurements, ground-based measurements, and satellite data found
that the models tended to overestimate summertime Arctic free tropospheric CO, but underestimate it in the sprin
(Flood et al., 2024; Whaley et al., 2022).

1ouoa-pd€Q

Methane (CH,) is also a precursor to tropospheric ozone and is a greenhouse gas with a global warming potenna

ud

about 28 times that of CO, on a 100-year time scale (Forster et al., 2021). CH, has a longer atmospheric lifetim
than CO, and its atmospheric burden is increasing, particularly since 2006 (Nisbet et al., 2023). Previous studie
have found that AMAP model simulations of CH, have smaller biases than those of CO (Flood et al., 2024
Whaley et al., 2022).
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Models can cover spatial and temporal ranges for which it is difficult or impossible to obtain measurements. Th
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Arctic is particularly sensitive to this issue as most long-running remote sensing measurement records of a
mospheric trace gas concentrations rely on sunlight, and the high Arctic receives no sunlight for several months o

Ke

the year, during polar night. In order to be confident in model predictions of the Arctic atmosphere, we mu
validate model simulations against measurements. The Total Carbon Column Observing Network (TCCON) is

m m;

network of high-resolution Fourier transform infrared spectrometers that was established to validate satellit

oS3

measurements of greenhouse gases, but has also been used to validate model simulations (e.g., Cogan et al., 2012
Messerschmidt et al., 2013; Ostler et al., 2016).

Previous studies have compared the models evaluated in this study to satellite data (Whaley et al., 2022, 2023), i
situ surface data (Whaley et al., 2022, 2023) and partial columns from ground-based FTIR stations in the Networ]
for the Detection of Atmospheric Composition Change (NDACC) (Flood et al., 2024). TCCON data, as used i
this study, are tightly quality controlled across a global network, and their accuracy and precision are high as
result. The data product, a column-averaged dry-air mole fraction (Xgas), is different from the data products use

eﬁoﬂ’e:é’saféuﬁvﬁ ‘asn

in the other papers in several notable and important ways. Firstly, the TCCON Xgas is a column average from O t
70 km, which is much higher than the 0-7 km partial columns used in Flood et al. (2024), and the surfac
measurements used in Whaley et al. (2022). The CH, column in particular has a significant contribution abov:

AP pseu

7 km, meaning that the inclusion of parts of the atmosphere above 7 km are important for evaluating mode

Uy

performance. None of the comparisons to satellite data for CO and CH, have included a profile that covers th
entire troposphere—TES and MOPITT comparisons used 600 hPa levels, and ACE-FTS profiles do not includ
information below 5 km of altitude. Therefore, this is the first model-measurement comparison for this spec1f1
suite of models that includes both the troposphere and the whole stratosphere.

In this study, we aim to quantify the biases of eight atmospheric models that recently conducted simulations fog.
the Arctic Monitoring and Assessment Programme (AMAP) SLCF Assessment Report (AMAP, 2021). Th
model outputs were compared to retrieved quantities of CO and CH, at three Arctic TCCON stations. This pape
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is organized as follows: in Section 2, we describe the models and ground-based data used and define the product
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used for comparison. In Section 3, we present and discuss the results of our analysis, including monthly mean
correlations, and biases. Conclusions are summarized in Section 4.

2. Methods
2.1. Models

AMAP is a working group of the Arctic Council that is using a suite of models to inform policy recommendations
for SLCFs. The eight atmospheric models used for this study are CESM, CMAM, EMEP-MSC-W, GEM-MACH,
GEOS-Chem, MATCH, MRI-ESM2, and WREF-Chem, all of which provided CO (and, for CMAM, GEOS-
Chem, and MRI-ESM2, CH,) output for the 2021 AMAP SLCF Assessment Report (AMAP, 2021). These
models were chosen from the set of models that participated in the AMAP SLCF assessment for their simulation
of species that TCCON retrieves. For each model, outputs were given as vertical volume mixing ratio profiles at
3-hourly intervals on various model-specific grids for the years 2014 and 2015, with the exception of GEM-
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MACH, for which profiles were provided only for 2015. These model outputs were provided by the AMAP SLCF
modeling team (CCCma, 2023), and were used in AMAP (2021) and by Whaley et al. (2022, 2023). Table 1
provides a summary of the models used in this study, including their output species and spatial grids. These
models include two Earth System Models (ESMs), one Chemistry Climate Model (CCM), four Chemical
Transport Models (CTMs), and one combined CCM + CTM. All models used the same anthropogenic emissions
inventory, ECLIPSE v6b (Evaluating the Climate and Air Quality Impacts of Short-Lived Pollutants, Stohl
et al., 2015) from the IIASA GAINS (International Institute for Applied Systems Analysis—Greenhouse gas—
Air pollution Interactions and Synergies) model (Hoglund-Isaksson et al., 2020). Table 2 provides the 1nvent0rles,
for biogenic, volcanic, forest fire, and agricultural emissions used by each model, as well as the meteorology fog-
each. All eight models used prescribed CH, concentrations based on box model output from Meinshauserg_
etal. (2017) for 2014 and from Olivié et al. (2021) for 2015. The prescribed concentrations are input at the bottomg-'
model layer and the global distributions of CH, then evolve based on the processes in each model. a:

The CESM configuration used for this study is a CESM2.0 version using the Community Atmosphere Modecé
version 6 chemistry (CAMv6-chem) coupled with the Community Land Model version 5 (CLMv5) to represen§
chemical reactions and biogenic emissions respectively. It uses the Modal Aerosol Model (MAM4) to traclé
aerosol species including sulfate, black carbon, organic and secondary organic aerosols, dust, and sea salt. Ths;_
runs used in this study are forced with prescribed sea surface temperatures and sea-ice concentrations frorrg-_
merged Reynolds/HADISST products (AMAP, 2021). g

<
CMAM runs for this study use the specified dynamics setup, where model horizontal winds are nudged towar@
reanalysis data. CH,-NOx chemistry is used for the troposphere, where it does not include larger VOCs but doeg.
include wet and dry deposition, interactive NOx emissions from lightning, corrections of clear-sky photolysi%
rates for clouds, and N,O5 hydrolysis on sulfate aerosols. For the stratosphere, the chemistry includes the effectg
of HOy, NOy, Cly, and Bry on O5, CH,,, N, O, and CFCs. The model was also nudged to ECMWF ERA-Interini®

[e]
reanalysis 6-hourly fields at all model levels below 1 hPa (AMAP, 2021). For CH,, the tracer is set to a singlé>

Q
global-averaged value in the bottom two model levels but is prognostic elsewhere, being advected around and&.
destroyed in the chemistry of the model. The prescribed value in the bottom two layers evolves over time, linearl g’
interpolated between values given at the midpoint of each year. 3

Q
EMEP-MSC-W rv4.33 is used for this study. The top of the model is set to be at 100 hPa, and 20 vertical levels ares
used, on eta-hybrid coordinates. EMEP-MSC-W chemistry includes coarse nitrate formation, N,Os hydrolysis o é
o
stratospheric chemistry (Whaley et al., 2022). ECLIPSEv6b is used for PM2.5 and coarse PM emissions as well as 5
agricultural waste burning, but not black carbon and organic carbon—these are derived from the PM2.5 and =

coarse PM emissions (AMAP, 2021). 3

[a]
Q
o
o
aerosols, as well as other gas-aerosol loss processes, but this is confined to the troposphere; this run did not haver
=3

0
GEM-MACH has 84 vertical levels in a hybrid coordinate between the surface and 0.1 hPa; the model outpu%
submitted to AMAP and used for this study consists of the lowest 35 of these levels, which extend roughl)g
between the surface and 200 hPa. GEM-MACH includes a chemistry module that includes gas-phase, aqueousgﬁ
phase, and heterogeneous chemistry and aerosol processes. Aerosols included SO,, NO5;, NH,, primary ancf;
secondary organic aerosols, organic carbon, crustal material, and sea salt. It used a limited-area domain to coveg
the Arctic at high spatial resolution. The emissions inventories for GEM-MACH are unique among the modelg
L
global ECLIPSE v6b 2015 baseline emissions. The North American wildfire inventories used the Canadian Foresg'
Fire Emission Prediction System (CFFEPS) to process fire hotspot data from the MODIS, AVHRR, and VIIRSs
satellite instruments. Biogenic emissions for GEM-MACH were calculated online (AMAP, 2021).

used for this paper—they are a combination of the 2015 Canadian national Air Pollution Emission Inventories and

GEOS-Chem includes wet and dry deposition schemes, with the wet deposition scheme including both water-
soluble aerosols and gases. It relies on local meteorology for dust aerosol, lightning NOx, biogenic volatile
organic carbons (VOCs), soil NOx, and sea salt aerosols. In the case of this study, it is GEOS-FP meteorological
data that is assimilated, though GEOS-Chem generally has the ability to assimilate other meteorologies.
Tropospheric gas chemistry for GEOS-Chem includes HOx-NOy-VOC-ozone-halogen-aerosol mechanisms, and
the stratospheric chemistry includes ozone (AMAP, 2021). For methane, GEOS-Chem includes a north-south
gradient in the near-surface prescribed concentrations. The monthly production and loss rates are based on the
NASA Global Modeling Initiative, but CH, seasonal cycles and chemistry are not included in this run.
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MATCH used ECMWF ERA-Interim reanalysis data (3-hourly for precipitation, 6-hourly otherwise) for mete-
orological outputs. Only the lowest 38 of 60 levels are used, reaching up to about 16 km altitude in the Arctic
(AMAP, 2021). Its chemistry is described by Andersson et al. (2007).

The MRI-ESM2 simulation horizontal wind fields are nudged toward the 6-hourly Japanese 55-year Reanalysis
(JRA-55). CMIP6 provided both monthly biomass burning emissions and major volcanic aerosols (the latter from
the stratospheric aerosol data set). The aerosol component of this model includes black carbon, organic carbon,
sea salt, dust, and aerosol precursor gases (SO, and dimethyl sulfide) (AMAP, 2021). For CH,, MRI-ESM2
provides prescribed global annual averages for the surface to 900 hPa levels. It includes a relatively complet%_

P>-

description of stratospheric ozone chemistry including HOx, NOx, Cly, and Brys; its stratospheric chemistry als
includes N,O and CFCs (Whaley et al., 2022). The model then includes CH, in advection and chemical reaction
such that CH, model-specific outputs are given above these levels.

Pu

ubd (suon

WRF-Chem version 3.8.1 is used for this study. Pressure levels follow the terrain, the model top is set to b
50 hPa, and stratospheric concentrations are taken from climatologies. This model run uses Morrison doubleS

d|IM

%

moment scheme microphysics, and short- and long-wave radiative effects from the Rapid Radiative Transf

0

Model for General Circulation Models. Temperature, relative humidity, and winds are all nudged toward glob.
NCERP Final Analysis meteorology, which is also used to set boundary and initial conditions (AMAP, 2021). Mor
detail about the models can be found in the references listed in Table 1, in the AMAP 2021 Short-Lived Climat
Forcer Report (AMAP, 2021), and in Whaley et al. (2022).

&1 Suy|

Aiea

2.2. The Total Carbon Column Observing Network

TCCON is a global network of high-resolution Bruker IFS 125HR Fourier-transform infrared (FTIR) spec
trometers. TCCON has very good site-to-site consistency due to the use of nearly identical instruments at all site

YO ©@sn'jo sa|ni 1o}

and the use of the same retrieval algorithm (Wunch et al., 2011). All column-averaged dry-air mole fraction
(Xgas) are retrieved from near-infrared solar absorption spectra using the GGG2020 version of the GGG/GFI
algorithm (publicly available at https://tccondata.org/) (Laughner et al., 2024). This algorithm uses a scalin
profile retrieval that assumes that the shape of the profile of a given species is the same as that of the prior profile
and then scales those profiles (Wunch et al., 2011). While not all species retrieved by TCCON are SLCF
TCCON retrieves both CO and CHy, the two species evaluated in this work.

s%mi‘ﬂz

ie

gpautanob o

The TCCON data used in this study have a lot in common with the retrieved partial profiles in Flood et al. (2024
but there are several notable differences. TCCON data are retrieved using a profile scaling retrieval that include
profile information up to 70 km in altitude, much higher than the 0-7 km partial columns compared in Floo

et al. (2024) and so contain more information about the stratosphere and above. TCCON retrieved Xgas are als

éﬂe%qﬁ{

=
qBd1|

more precise and accurate than the retrieved quantities of other ground-based networks (Wunch et al., 2011

Q
]

Scaling retrievals are less sensitive than a full profile retrieval to certain errors that can arise due to the shapes
calculated spectral lines. However, if the profile shape is not accurately predicted a priori, there is no opportumt

a‘lﬁ;e‘$3

to correct this. In order to minimize this error, the prior profiles used in the GGG2020 retrieval are generated ever
3 hours. One particularity of the GGG2020 retrieval algorithm is that in order to most accurately capture the shap
of the CO profile in the stratosphere, outputs from CMAM?30 (a version of CMAM with specified dynamics) ar
used for the prior for altitudes with pressures <10 hPa, and blended with the GEOS FP-IT prior used for the rest o
the priors between 30 and 10 hPa (Kolonjari et al., 2018; Laughner et al., 2023). Notably, this specified-dynamics-
setup of CMAM is also used for the CMAM model outputs analyzed in this study.

“asuadif suow@.xoﬁ

Data from the three Arctic TCCON sites, summarized in Table 3 with locations shown in Figure 1, were used in this
study. The Eureka TCCON instrument is housed in the Polar Environment Atmospheric Research Laboratory
(PEARL) Ridge Lab, which is located in a semi-arid environment on a ridge 610 m above sea level on the shores of
Slidre Fiord (Fogal et al., 2013). The FTIR instrument at Ny—/oxlesund is placed inside the dedicated NDACC
building at 23 m above sea level. Ny—/o\lesund is on the west coast of Spitsbergen at the Kongsfjord; the local
topography is flat, the topographic context is within a valley, and the surface cover is barren or sparsely vegetated.
The TCCON station at Sodankyli is located at an altitude of 188 m above sea level, surrounded by Boreal Forest
(Kivi & Heikkinen, 2016).
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Table 3
Arctic TCCON Sites Included in This Study
Altitude (m.a. Data collection period of year Color code for
TCCON site Latitude Longitude s.l.) (approximate) plots Reference
Eureka (Nunavut, Canada) 80.05°N  86.42°W 610 March—September . Strong et al. (2022)
Ny—;\lesund (Svalbard, 78.92°N  11.92°E 27 March-September Buschmann &
Norway) et al. (2022) iy
o
=]
Sodankylé (Finland) 67.37°N  26.63°E 188 February—October %
Kivietal. 2022) 3
E
2
2.3. Comparisons )
(]
The 3-hourly model vertical profiles in the grid cells that included the thre&.
TCCON stations were extracted from the model files. These vertical proflle's:"l
were not sampled along the line of sight of the instruments but selected frong
Q
the grid cells that contained the TCCON stations. Given the model grid cel®
size and altitude range, we do not expect there to be significant errors from nof
accounting for the line of sight in the comparisons. TCCON priors an&;
averaging kernels are produced on a 3-hourly basis that fortunately matcly
with the model timestamps, except for those of GEM-MACH. GEM- MACI—g
LEureka outputs are at 02:00, 05:00, 08:00..., etc., instead of 00:00, 03:00, 06:00, etc.,
the latter of which was the case for every other model. For GEM-MACHZ
smoothing was done with the TCCON averaging kernels and priors that Weré

‘Ny-Alesund

ASodankylé

Figure 1. A map showing the Arctic TCCON stations used in this analysis.

such that Ap; is the pressure thickness for level j, calculated as:

setting the first term to 0 where no j + 1 term exists and setting the second term to O for the first pressure level
(j=1). In Equation 2, g is the TCCON gravity profile, malr is the molar mass of dry air (0.0289644 kg/mol), fd 1,0
is the dry water profile, defined to be:

S|t

closest in time (i.e., 1 hour later). Integration of the model data to create a
Xgas data product was done in accordance with the recommended procedur:
for model comparison with TCCON data (Laughner, 2023) such that:

8ie

=
Agpaulanob

T T
Xgas =h xprior +d (xmodel _xprior)~

e oy}

here, Xpiqr is the TCCON prior at the time of the model vertical profile X qqel

fide

d is the element-wise product of the TCCON averaging kernel a, and pressurs
weighting function A.

h is defined as follows:

Ap.
h = b @

J dry
dry M40
alr ( +fdr)(,),/ miY )

Mair

9SUIDIT SUOWIWIOS dAI3EI) 3|qed!

ap Pt =p)  p=(p—pm) 3)
A ) log 2
g g%

1 -1
-1 4
(f,;z% ) @
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where f “l is the wet water profile (a TCCON product), and m o 1s the molar mass of water (0.01801528 kg/mol).

The TCCON prior data product is a wet mole fraction, Wthh was dried using:

t
Joas

fly = e
gas l_ﬁ;{)

®)

Model profiles are dry mole fractions, and therefore did not need to be dried.

—_—

&Hpuod-pue

The vertical coordinate for TCCON averaging kernels and priors is altitude, with pressures provided at each leve
For the models, no altitudes were provided—pressures were given as the vertical coordinate and the pressureg
could vary slightly from profile to profile, depending on how levels were defined in each model. All calculationg’

Bu

were performed using the TCCON averaging kernel pressures as the index (which extend from the surface t

‘o

0.046 hPa), interpolating model profiles and TCCON priors onto that pressure grid in order to ensure all vector:

o

used a common vertical coordinate. Where the vertical range of a model profile did not cover that of the TCCO
averaging kernel (i.e., the TCCON averaging kernel either started lower in the atmosphere, reached higher, o

0‘*/(

|1u

both), TCCON a priori values were used to “fill in the blanks.” For cases where differences and percent dif=
ferences between models and TCCON data were calculated, a 3-hourly mean of the TCCON data, centered on th
model time, was calculated at the time of the model output. Percent differences were calculated as:

Kieiqifrau

n+10y

Xgasmogel — X8ASTCCON % 100%
Xgastecon

~
&)

S Jo s3]

such that a positive percent difference indicates that a model is biased high relative to TCCON, and vice versa
Mean percent differences were calculated for each model at each site, and the standard deviations of these meang
are used as error bars.

For correlations, we plot TCCON on the x-axis and models on the y-axis. Correlation coefficients (R values) ar
calculated to assess the consistency of the model compared to TCCON measurements, that is, the likelihood of th

Te s|dile v

o6 3!

model predicting a proportionally higher Xgas value when TCCON measures a higher Xgas value. Monthl

N

means for each model at each site were also calculated, such that the monthly mean for a model is the average o
all predictions that have a corresponding TCCON prior and averaging kernel for that month and year. Monthl

Kq féu

means were split by year (e.g., a mean is calculated for both June 2014 and June 2015, not June in general) as thi
better accounts for conditions that may change from year to year, such as wildfires, and because GEM-MAC

dde 3t

outputs were only provided for 2015.

ey

Root mean squared error (RMSE) was calculated as follows, where N is the number of model predictions used:

eI 3]

~
~

1 & 2
RMSE = NZ (Xgasmodel,- - XgaSTCCON;) :
i=1

oﬁuuo; E)

A multi-model mean (MMM) was calculated by taking the mean of all model outputs at a specific timestamp. I
order to account for the time offset of GEM-MACH, for this calculation only, GEM-MACH outputs wer
interpolated onto the timestamps that all other models used for 2015. This time series was then compared t
TCCON as above. In the case of the monthly mean of the multi-model mean, the average of all model monthly
means was used, as in Flood et al. (2024). This was done so that the standard deviation of this mean would better

Bu

usdn

reflect the variation in the models.

3. Results and Discussion
3.1. Carbon Monoxide

Figure 2 shows the monthly mean column-averaged dry-air mole fraction of carbon monoxide (XCO) for each
model simulation and the TCCON FTIR measurements at each station. The complete 3-hourly data sets are
plotted in Figure S1 in Supporting Information S1. Figure 2 shows that most models replicate the seasonal cycle
that is observed in the FTIR XCO product, but some models exhibit varying bias over the course of the year. MRI-
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Figure 2. Monthly mean XCO from the model simulations and the TCCON measurements for the three Arctic sites. Error
bars (for TCCON) and shaded areas (for models) represent the standard deviations for each monthly mean.
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ESM2 generally performs quite well, while MATCH performs very well in the spring, tending toward a slightl
high bias in the fall. Three models—CESM, CMAM, and GEOS-Chem—are consistently biased low but follo
the seasonal pattern observed in the TCCON data well. GEM-MACH is consistently biased high, with this bia
being slightly stronger in the spring compared to the fall at Eureka and Ny—Alesund. EMEP-MSC-W perform:
similarly to GEM-MACH, with a high positive bias in the spring and a lower bias in the fall. WRF-Chem, b,
contrast, is biased low in the spring but high in the fall. The multi-model mean, shown in Figure 3, performs we
when compared to TCCON values, especially at the two most northerly sites, Eureka and Ny Alesund. Othe
analyses have found that model means tend to be biased low in the spring and high in late summer for CG&
(AMAP, 2021; Flood et al., 2024; Whaley et al., 2022); we do not see this effect to a statistically significan
degree, although the multi-model mean is lower in the spring compared to the late summer. At Ny—:Alesund, th
multi-model mean is biased low in May 2014, but we lack data for April and June 2014, so it is difficult t
determine whether this is representative of the rest of the early season. However, the bias compared to TCCON i
consistent over the spring and fall of 2015, where it is insignificant.

sAoba
IM ‘Bu
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¥

-]
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11801 eolrdd
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&wuwo)

The model XCO is plotted against TCCON XCO in Figure 4 for all eight models and three sites. Linear fits an
correlation coefficients (R* values) show a large degree of variation both between models and between the sam
model at different sites. R values tend to be highest at Sodankyli for most models, with the exception of CMAM§. )
MATCH, and WRF-Chem, for which the largest R* values are at Eureka. Due to the shorter polar night ab a
Sodankyld, there are more observational data points at this station compared to Eureka and Ny-Alesund, which

Tsu

may have an impact on the quality of the fit. The models with the strongest correlations (largest R values) are
CMAM at Eureka and Sodankyld, with R? values of 0.61 for Eureka and 0.56 for Sodankyld, and MRI-ESM2 at
Ny—Alesund, with an R? value of 0.53. EMEP-MSC-W and WRF-Chem have slopes closest to one, with values of
0.72 and 0.82, respectively, for Eureka, 0.70 and 0.86 for Ny-/gdesund, and 1.00 and 0.80 for Sodankyld. A
summary of the slope, y-intercept, R? values, as well as mean percent difference for each model, and RMSE (both
discussed below), can be found Table S1 in Supporting Information S1.

Figure 5 presents the mean percent differences in XCO between each model and TCCON for the three stations.
CESM, CMAM, and GEOS-Chem are significantly biased low, while EMEP-MSC-W, MRI-ESM2, and WRF-
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Figure 3. The multi-model mean of the monthly mean XCO from the model simulations and the TCCON measurements for
the three Arctic sites. The TCCON error bars represent the standard deviation for each monthly mean (same as in Figure 2),
while the multi-model mean shaded areas are the standard deviations of the set of model monthly means.

/{%I'M uo (suo

Chem agree with TCCON data within their standard deviations (although this can obscure seasonal biases th:

uo

vary in sign, such as with WRF-Chem). MATCH is biased high at Eureka but agrees within error bars for Ny
Alesund and Sodankyld, and GEM-MACH is biased high for all three sites. The error bars here also offer ai
indication of the consistency of the model, for example, while WRF-Chem agrees with TCCON measurements o

T

average within uncertainty, it has large standard deviations and has a larger variation in bias by season. Model
with a low mean bias but a high RMSE indicate that the model was biased high for some of the year and low fo

mm;/(

another portion of it. Overall, the mean percent differences are relatively large, with biases around 20% not bein

9|

uncommon. Other analyses have found that surface and mid-tropospheric CO are underestimated at high latitude
by models including the ones used in our analysis (AMAP, 2021; Flood et al., 2024; Whaley et al., 2022, 2023)
The low bias of most models for CO may be due to underestimating wintertime CO emissions (Jiang et al., 20152
Kasibhatla et al., 2002; Pétron et al., 2002), or an overestimation of OH, leading to underestimating CO lifetime
(Miyazaki et al., 2012; Monks et al., 2015; Quennehen et al., 2016).

Rsnjo

sepi.e YO

No one type of model outperforms the others—CMAM and MRI-ESM2 are the two models with the highest R
values, and CMAM is a Chemistry Climate Model while MRI-ESM2 is an Earth System Model. MRI-ESM2 als

has the lowest absolute mean bias, but EMEP-MSC-W and MATCH are the next lowest, and EMEP-MSC-W an
MATCH are Chemical Transport Models. CESM, EMEP-MSC-W, GEM-MACH, GEOS-Chem, MATCH, MRI
ESM2, and WRF-Chem all have detailed tropospheric HOx-NOx-hydrocarbon O5 chemistry with VOCs an
secondary aerosols (Whaley et al., 2022); CMAM has a more limited treatment of tropospheric chemistr
(CMAM chemistry is limited to CH,-NOx-O; without VOCs). CMAM and MRI-ESM2 both have a full
simulated stratosphere and are the only models to include a relatlvely complete description of stratospheri
chemistry (Whaley et al., 2022). Since these models have the largest R? values, this appears to be important fofl
accurately reproducing CO variations. As mentioned in Section 2.2, outputs from CMAM are used for th
TCCON CO prior at altitudes with pressures <10 hPa, and blended with the GEOS FP-IT prior between 30 hP
and 10 hPa. This is fairly high in the atmosphere, especially for CO, which is primarily tropospheric; the amoun
of CO in the column at altitudes above 10 hPa is very small compared to the total column of CO. While it i
possible that this commonality between the TCCON priors and CMAM contributes to CMAM's higher corre
lation coefficients, it seems unlikely to us that this is a major factor in the agreement.

&bﬁ%m

qEo8dedyrAgpauia

81D @)
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17 suowWwo? o

GEM-MACH may be biased high in part due to its use of MOZART-4 for the lateral boundary condition (Gong'
etal., 2018); MOZART-4 CO is high compared to MOPITT in the southern hemisphere and some more southerlﬁ
parts of the northern hemisphere (Emmons et al., 2010). It is difficult to determine why MATCH may be biased
high at Eureka—it is the only model to use MEGANV2 (although many other models use MEGANV2.1) for
biogenic emissions (Table 2), and its chemistry is unique as well (Andersson et al., 2007)—either of these could
be contributing to the high bias. All models have a more positive bias at Eureka and a more negative bias at
Sodankyld regardless of whether the model is overall biased high or low, though these inter-site differences are
not statistically significant. Short timescale effects such as wildfire plumes can be seen in Figure S1 in Supporting
Information S1; each model handles fire plume transport differently and many have varying atmospheric
chemistry schemes. It is therefore difficult to determine which aspect of model treatment of fire plumes is driving
the inter-model differences.
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Figure 4. Correlation plots of model versus TCCON XCO for all 3-hourly points. The 1:1 correlation line (model = TCCON) is shown in light gray, and lines of best fit
obtained by linear regression are shown in magenta. The equations of the lines of best fit and the associated R? values are included in the panels. Pink dots indicate
Eureka, blue dots indicate Ny-Alesund, and yellow dots indicate Sodankyla.
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Figure S. (a) Mean percent differences in XCO between each model and TCCON data set (calculated using Equation 6) for all
3-hourly points at each site. Error bars represent the standard deviation of the set of percent differences used for the mean.
MMM indicates the multi-model mean. (b) Root Mean Squared Error (RMSE) (ppb) by model and site.

3.2. Methane

Figure 6 shows the monthly mean column-averaged dry-air mole fractions of methane (XCH,) for three AMA
models and the TCCON FTIR measurements at each station, with the 3-hourly data sets plotted in Figure S2 i
Supporting Information S1. Combined, the three panels in Figure 6 show that one of the models, GEOS-Che
overestimates CH, at all three sites, and the other two models, CMAM and MRI-ESM2, both underestimate CH
at all three sites. CMAM and MRI-ESM2 perform similarly, and both reproduce the variation seen in the TCCO
FTIR data. None of the three models show the same degree of increase in CH, from spring to fall as seen in th
TCCON data. This can be seen more clearly in the multi-model mean (Figure 7), where we see that while th
multi-model monthly mean agrees with TCCON data within uncertainty for all months, the absolute differenc
between TCCON monthly means and the multi-model monthly mean is larger in the fall than in the sprmg at al
sites. From the CH, correlation plots, shown in Figure 8, we find that CMAM and MRI-ESM2 have R? values tha
are closer to 1 than for GEOS-Chem. GEOS-Chem also shows a very limited range of predicted CH, (muc
smaller slope) compared to the other two models considered.
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Previous studies validating a suite of models, including the ones used for this study, using satellite and in sit
measurements found that CH, from the models were biased slightly low at high latitudes, but that models failed t
reproduce the variability seen in surface-level measurements near CH, sources (Whaley et al., 2022). Our result
generally agree with Whaley et al. (2022), with CMAM and MRI-ESM2 consistently biased low compared t
TCCON observations and GEOS-Chem being biased high. The TCCON column-averaged measurements may b
more representative of the finite-resolution models than in situ surface point measurements, but the lack o

e@omq@au&de ay}

oAl

umuoga

vertical profile information from the measurements limits the type of comparisons that can be made. The low bia:
of CMAM and MRI-ESM?2 CH, may be due to a missing or inaccurate north-south gradient (which tends to caus:
alow bias in the Arctic); GEOS-Chem does use a north-south gradient, but this may also increase the variability o
the model prediction (Flood et al., 2024; Whaley et al., 2022). Flood et al. (2024) found that all three models wer
biased low, with CMAM and MRI-ESM2 being biased low by about 10%, and GEOS-Chem being biased low b
about 7%. We find that CMAM and MRI-ESM2 are biased low by about 2%, and GEOS-Chem is biased high by
about 1%, meaning that the model results compared to each other are overall consistent, but show better
agreement with TCCON measurements. Given that TCCON Xgas measurements are not the same as the NDACC
0-7 km partial columns used in Flood et al. (2024), it is difficult to determine what is driving the difference in
agreement. GEOS-Chem is the only model for which CH, does not participate in stratospheric chemistry, but
instead follows a prescribed monthly loss rate. This may be limiting the dynamic range of XCH, for this model.

s

oSl

The multi-model mean reproduces the seasonal variation in CH, well, and, when averaged monthly, agrees with
TCCON monthly means within uncertainty for all sites (Figure 7).
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Figure 7. The multi-model mean of the monthly mean XCH, from the model simulations and the TCCON measurements for the three Arctic sites. The TCCON error
bars represent the standard deviation for each monthly mean (same as in Figure 6), while the multi-model mean shaded areas are the standard deviations of the set of
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Figure 9 shows the mean percent differences and RMSE between models and TCCON retrievals for XCH,.
with XCO, the models have smaller biases at Eureka and larger biases at Sodankyld when the biases are negativ
and larger biases at Eureka and smaller biases at Sodankyld when the bias is positive. None of these models alon:
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Figure 8. Correlation plots of model versus TCCON XCH, for all 3-hourly points. The 1:1 correlation line

(model = TCCON) is shown in light gray, and lines of best fit obtained by linear regression are shown in magenta. The
equations of the lines of best fit and the associated R? values are included in the panels. Pink dots indicate Eureka, blue dots
indicate Ny—;\lesund, and yellow dots indicate Sodankyla.

4. Conclusions
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This study compared simulations of CO and CH, by eight AMAP SLCF models to ground-based TCCON FTI
measurements at three Arctic sites. Column-averaged dry-air mole fractions (Xgas) were calculated from th
model outputs (3-hourly vertical profiles) and compared to 3-hourly averages of TCCON Xgas data product
retrieved using the GGG2020 version of the GGG/GFIT retrieval algorithm. TCCON was chosen as a validatio
measure due to its high site-to-site consistency and history of use for validation of both model and satellite data;

also complements the use of surface measurements and partial columns for validation in previous studies (Floo
et al., 2024; Whaley et al., 2022).

o

qw

85udsIT8u

Individual model performance varied, with MRI-ESM2 outperforming other models for CO, but no one model
clearly outperforming others for CH,. The multi-model mean agreed well with the TCCON measurements for
both species at all sites, having a mean bias of —5.4% + 8% at Eureka, —6.5% + 8% at Ny—[o\lesund, and
—11% % 7% at Sodankyld for XCO, and a mean bias of —0.25% at Eureka, —0.90% at Ny-;\lesund, and —1.0% at
Sodankyld for XCH,. Individual model mean biases range from —33% to +35% for XCO and —2.5% to +1.9% for
XCH,. The mean percent differences show that three out of eight models agree with TCCON within one standard
deviation for XCO at all sites, with one more model agreeing within one standard deviation at two out of three
sites, while no model agrees with TCCON within one standard deviation for XCH,. Future studies would benefit
from expanding both the latitude range considered (to investigate any possible latitudinal dependence of the
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Figure 9. (a) Mean percent differences in XCH, between each model and TCCON data set (calculated using Equation 6) for
all 3-hourly points at each site. Error bars represent the standard deviation of the set of percent differences used for the mean.
MMM indicates the multi-model mean. (b) Root Mean Squared Error (RMSE) (ppm) by model and site.
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biases observed) and the time periods modeled, as all three Arctic TCCON sites have data records going back to
least 2010. As more models develop the capacity to simulate emissions-based atmospheric CH,, we recommen
that the TCCON data set continue to be used for these model evaluations.
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