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As described in Gaubert et al. (2016), our reanalysis of MOPITT CO uses the Community
Atmosphere Model with Chemistry of the Community Earth System Model (CESM/CAM-
Chem) (Tilmes et al., 2015) and the ensemble-based Data Assimilation Research Testbed
(DART) (Anderson et al., 2009). Both conventional meteorological observations and MOPITT
V5J (MOPITT-CO) multispectral retrievals of CO partial columns (Deeter et al., 2013; Worden
et al., 2010) are assimilated every 6 h as described in Barré et al. (2015).
We investigated the impact of assimilation on the chemical state and disentangle the
chemistry and dynamical effect on the CO trends, and related OH trend. We found that:
Ø The assimilation of CO highlights the non-linear impact of the coupled tropospheric

chemistry, reducing CO emissions leads to higher chemical CO chemical production,
through a natural OH feedback (Gaubert et al. 2016, JGR).

Ø The assimilation of CO improves the modelled methane lifetime (Gaubert et al. 2016,
JGR).

Ø The decrease of CO observed in the large decade leads to an increase in globally average
OH and therefore a decreasing trend in the CH4 lifetime.

Ø Increasing both CH4 and OH leads to a positive trend in CO atmospheric chemical
production.

These trends are consistent with global modelling of OH sources and sinks (Holmes et al.
2013; Naik et al., 2013; Dalsøren et al. 2016). The OH trends are explained by an increase in
the ratio of sources to sinks, where the main sources are NOx, water vapor, and ozone, and
CO and CH4 are the sinks (Wang and Jacob 1998; Dalsøren and Isaksen, 2006; Fiore et al.
2006; Murray et al. 2014). Nicely et al. (2017) found that O3, the O3 photolysis, CO, and
chemical mechanism differences are the main drivers of OH variations, between global
models. Thanks to the increasing availability of satellite observations, chemical reanalysis
(Fortems-Cheiney et al. 2011; Inness et al., 2013; Miyazaki et al., 2015; Gaubert et al., 2016;
Flemming et al., 2017) provide explicit modelling of the main factors driving OH while
optimizing the major species (CO, NO2, O3, H2O, CH4) controlling OH.
Here we compare our results with the Tropospheric Chemistry Reanalysis version 2 (Miyazaki
et al., 2015; Miyazaki et al., 2017) to investigate how robust and consistent is the derived
trend.

Figure 1: Yearly global integrated tropospheric CH4 lifetime with respect to OH and (right) yearly
global integrated tropospheric air mass-weighted OH calculated for all simulation experiments
(MOPITT-Reanalysis, Control-Run, Control-SCO, and DART-Control) of this work.

Ø We used the widely employed Seasonal Trend decomposition
using LOESS (locally weighted scatterplot smoothing), or STL
[Cleveland et al., 1990].

ü This method is designed to identify the trend (T) and the
seasonal (S) component from a given time series (Y), as well as a
second order remainder (e). The general model is to decompose
the time series into those 3 additive components as follow:
Ø Y t = T t + S t + e t

ü The algorithm is composed of two recursive procedures that is
solving iteratively for the trend component (with a smoothing
window twin in months) and the seasonal component (with a
smoothing window swin in years) and minimize the residuals
e(t) = Y(t) – T(t) – S(t)

ü We test a range of realistic value and computed the algorithm
twice to isolate Trends, Interannual Variability (IAV) and the
seasonal cycle, we kept the fit that has the lowest residuals
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Figure 7. Initial results of model evaluation for CO2 in CAM-Chem (TCCON and NOAA WDCGG for 2016, OCO-2 and DC-8 during NASA 
KORUS-AQ May 2016. Rightmost panel shows two modeled anthropogenic tags from Korea and East Asia North.

Figure 6. Ensemble of mean estimates of CAM-chem
source contributions to CO concentrations along the
DC-8 flight tracks during the KORUS-AQ period for
Seoul, Taehwa and the west Sea. Different colors
indicate tagged CO sources. Black dashed line
represent average DC-8 observations. Right panel,
The shaded area corresponds to the range of
estimates from top 50% of Taylor scores across the
ensemble of simulations

Preliminary results 

Direct emissions from fossil fuel, biofuel, and/or biomass combustion are typically calculated using
information on combustion efficiency (CE), which is the ratio of CO to CO2. Differences in CE across
different source sectors (e.g., power plant: high CE, domestic heating: low CE, flaming fire: high CE,
smoldering fire: low CE) can be distinguished with measurements of CO and CO2.
With the increasing availability of satellite (eventually collocated) measurements of CO and CO2, we
need to understand how much emissions contributes to total columns and what are the emission and CE
signature are within the column. The goal of this study is to investigate how well we represent
combustion efficiency when coupling state of the art carbon fluxes estimate and coupled chemistry
climate model. We added CO2 fluxes into CESM/CAM-Chem to be able to track CO and CO2 speciation
simultaneously.

We investigated source contributions to carbon
monoxide (CO) observed during the KORUS-AQ
campaign over Korea by analyzing tagged CO
simulations from the Community Atmosphere
Model with chemistry (CAM-chem).

Ø CO concentrations in the model are underestimated by 30–40%
during KORUS-AQ likely due to underestimated anthropogenic CO
emissions and OH overestimation.

Ø Sources from middle East Asia dominate continental outflows to
Korea, but domestic emissions are more important for CO within
the PBL in Korea

Ø Contributions using CAM-chem tags agree with FLEXPART-WRF back
trajectories, WRF NO2 inert tracers, China signature VOCs,
and CO/CO2 ratio

We conduct a set of CAM-chem simulations using different
model resolutions (0.9°´1.25°, 1.9°´2.5°, and 0.47°´0.63°),
anthropogenic emission inventories (HTAP, CREATE, and
CMIP6), and prescribed meteorological fields (GEOS-FP and
MERRA-2). We then conduct 9 additional simulations with
increased anthropogenic CO and/or VOC emissions.

Figure 2: Example of time series decomposition using STL with many
different sets of parameters. Black circles on the first row is the
original time series, the global tropospheric OH form the NCAR-
MOPITT reanalysis run. The fit presented on first row is the sum of the
trend component (second row, first STL trend component) the Inter-
Annual Variability (third row, trend component from the second STL
calculation) and the seasonal component (fourth row), the remainder
is the difference between the fit and the original time series.

ü Chemical reanalysis allows to observationally
constrain sources and sinks of OH, in space and
time.

ü Tropospheric OH and CO trends from two
independent reanalysis show similar trends
magnitude and variability for global and broad
latitudinal bands.

ü Consistent results confirms the hypothesis of a
positive trends in OH during the decade 2000-
2010.

ü Next steps is to perform more sensitivity
analysis and to compare most of the existing
reanalysis to date
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Figure 3: Top row, Monthly global tropospheric airmass weighted OH
trend, obtained from the STL with error bar from different combination
of fit parameters. Bottom row, instantaneous growth rate calculated
with the trend component only (solid line) and with trend and IAV
(dashed line).

Figure 4: combined trend and IAV component of the STL decomposition
of the tropospheric CO across the Northern Extratropics (NE), the Tropics
and the Southern Extratropics (SE)

Figure 5: combined trend and IAV component of the STL decomposition of
the tropospheric OH across the Northern Extratropics (NE), the Tropics and
the Southern Extratropics (SE)
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