N

N

2+QM+BHBM; i?2 #QiiQK@mT M/ iQT@/Qrl
172 K2i1? M2 +?2KB+ HbBMF mbBM; KmHIBTF
um M?QM; w? Q-J 'B2HH2 a mMQBb- S?BHBTT2 "Qml

>2::HBM- CQb2T :X * M /2HH- _Q#2'i "X C +FbQ|

hQ +Bi2 i?Bb p2 " bBQM,

um M?QM; w? Q-J "B2HH2a mMQBb- S?BHBTT2"Qmb[m2i-sBM GBM-J
i?2 #QIIQK@mMT M/iQT@/QrM 2biBK i2b Q7 i?2 K2i? M2 +?2KB+ HbBMI
KQbT?2 B+ *?2KBbi'v M/ S?vbB+b- kykj- kj- TTXd3N@3ydX RyX8RNOf

> G A/, BMbm@yjNNjR89
2iiTbh,ffBMbmX? HXb+B2M+2fBMbm@yjNNjR8
am#KBii2/ QM Rd 62# kykj

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X

.Bbi'B#mi2/ mM/2  * 2 iBpR *EMOKIBRM% 9Xy AMi2 M iBQM H GB+2M


https://insu.hal.science/insu-03993154
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

Atmos. Chem. Phys., 23, 789-807, 2023 Atmospheric
https://doi.org/10.5194/acp-23-789-2023 :

© Author(s) 2023. This work is distributed under Chemls_try
the Creative Commons Attribution 4.0 License. and Physu:s

Reconciling the bottom-up and top-down estimates of
the methane chemical sink using multiple observations

Yuanhong Zhaa!?, Marielle Saunois’, Philippe Bousquet, Xin Lin 2, Michaela I. Hegglin®*4,
Josep G. Canadeft, Robert B. Jacksorf, and Bo Zhend

LFrontier Science Center for Deep Ocean Multispheres and Earth System (FDOMES) and Physical
Oceanography Laboratory, Ocean University of China, Qingdao, China
2|aboratoire des Sciences du Climat et de I'Environnement, LSCE-IPSL (CEA-CNRS-UVSQ),
Université Paris-Saclay, 91191 Gif-sur-Yvette, France
S|nstitute of Energy and Climate Research — Stratosphere (IEK-7),
Forschungszentrum Jilich GmbH, 52425 Jilich, Germany
4Department of Meteorology, University of Reading, Earley Gate, Reading, RG6 6BB, United Kingdom
5Global Carbon Project, CSIRO Oceans and Atmosphere,
Canberra, Australian Capital Territory 2601, Australia
5Department of Earth System Science, Woods Institute for the Environment, and Precourt Institute for Energy,
Stanford University, Stanford, CA 94305, USA
Institute of Environment and Ecology, Tsinghua Shenzhen International Graduate School,
Tsinghua University, Shenzhen 518055, China

Correspondence: Yuanhong Zhao (zhaoyuanhong@ouc.edu.cn)

Received: 8 August 2022 — Discussion started: 31 August 2022
Revised: 13 December 2022 — Accepted: 16 December 2022 — Published: 17 January 2023

Abstract. The methane chemical sink estimated by atmospheric chemistry models (bottom-up method) is sig-
ni cantly larger than estimates based on methyl chloroform (MCF) inversions (top-down method). The dif-
ference is partly attributable to large uncertainties in hydroxyl radical (OH) concentrations simulated by the
atmospheric chemistry models used to derive the bottom-up estimates. In this study, we propose a new ap-
proach based on OH precursor observations and a chemical box model. This approach contributes to improving
the 3D distributions of tropospheric OH radicals obtained from atmospheric chemistry models and reconciling
bottom-up and top-down estimates of the chemical loss of atmospheric methane. By constraining simulated OH
precursors with observations, the global mean tropospheric column-averaged air-mass-weighted OH concen-
tration ([OHkop-m) is 10 10°molec.cm 2 (which is 2 10° molec. cm 3 lower than the original model-
simulated global [OH]op-m) and agrees with that obtained by the top-down method based on MCF inver-
sions. With OH constrained by precursor observations, the methane chemical loss is 471-508 d¢gyaged

from 2000 to 2009. The new adjusted estimate is in the range of the latest top-down estimate of the Global Car-
bon Project (GCP) (459-516 Tg ), contrary to the bottom-up estimates that use the original model-simulated
OH elds (577-612 Tgyr1). The overestimation of global [OKJp-m and methane chemical loss simulated by

the atmospheric chemistry models is caused primarily by the models' underestimation of carbon monoxide and
total ozone column, and overestimation of nitrogen dioxide. Our results highlight that constraining the model-
simulated OH elds with available OH precursor observations can help improve bottom-up estimates of the
global methane sink.

Published by Copernicus Publications on behalf of the European Geosciences Union.
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1 Introduction nitudes, interannual variations, and trends, resulting in
large differences in estimated @Hinks between the two

Methane (CH) is a potent greenhouse gas, with its 100-yearmethods. In the last global GHbudget, most of the
global warming potential of 27 (for non-fossil GHand 30 OH elds used to estimate the bottom-up ¢Hink were
(for fossil CHy) times that of CQ (Forster et al., 2021). The obtained from the atmospheric chemistry models that par-
tropospheric Clj mixing ratios have increased by more than ticipated in the International Global Atmospheric Chem-
1.6 times between the pre-industrial age and the present daistry (IGAC)/Stratosphere—troposphere Processes and their
resultingin 054 0:11 W m 2 of radiative forcing from 1750  Role in Climate (SPARC) Chemistry—Climate Model Ini-
to 2019 (Forster et al., 2021). After a short-term stabiliza-tiative Phase-1 (CCMI-1) project. However, these mod-
tion during 20002006, the atmospheric methane mixing ra-ls showed a wide range of 9.4<44 10° molec.cm 3 in
tio rose increasingly quickly from 5ppbvyt in 2006 to  mean tropospheric column-averaged air-mass-weighted OH
17 ppbvyr 1 in 2021, based on surface networks (Dlugo- ([OH]Jtrop-m) (Zhao et al., 2019; Saunois et al., 2020), thus
kencky, 2022). The rapid growth in atmospheric £éler ~ mostly higher than the values estimated by the MCF-based
the recent decade further challenges meeting the 1.562.0 inversions ( 10 10° molec.cm 3; Prinn et al., 2001; Bous-
targets of the Paris Agreement (Nisbet et al., 2019) and igjuet et al., 2005). Indeed, the mean LEhemical loss
therefore becoming an increasing concern (Jackson et alfpr 2000-2009, as calculated by bottom-up approaches, is
2020). 595 Tgyr ! (range 489-749 Tgyrt), much higher than the

Understanding the drivers of atmospheric methane505 Tgyr ! (range 459-516 Tgyr) estimated by top-down
changes rely on accurate estimates of the global methan€H, inversions (Saunois et al., 2020). Those top-down in-
budget, as methane concentrations in the atmosphere are thrersions using box models indicate that the OH changes may
net balance between emissions and sinks. To estimate thisave in uenced recent CHtrends, although with large un-
budget, the Global Carbon Project (GCP) has establishedertainties (Turner et al., 2017; Rigby et al., 2017), while
the global CH budget by gathering up-to-date observations more recent 3D inversions show no signi cant trend in OH
and model information (Kirschke et al., 2013; Saunois et al.,after 2000 (Naus et al., 2021; Patra et al., 2021). In contrast
2016, 2017, 2020). One of the remaining largest uncertainto top-down MCF-based inversions, atmospheric chemistry
ties, as pointed out by the most recentfidget (Saunois models simulate a positive decadal trend in OH and con-
et al., 2020), is the chemical loss of @H he chemical loss sequently CH chemical loss from the 1980s (Zhao et al.,
of CHy stems mainly through the reaction of gMith hy- 2020b).
droxyl radical (OH), which is also the most important £H Reconciling the bottom-up and top-down estimates of the
sink. methane chemical sink is essential for a more accurate es-

The hydroxyl radical (OH) is a key species in tropospheric timate of the global methane budget and to better attribute
chemistry that reacts with most greenhouse gases and air pathe observed changes in atmospheric growth rates of. CH
lutants (Levy, 1971), being the main oxidant of the lower at- One way to improve the bottom-up estimates of the;Gidk
mosphere. Due to its extremely short lifetime (typically 1 s) and thus reconcile the difference is to correct the OH simu-
and spatial variability, direct observations do not allow for lated by atmospheric models using observations of OH pre-
the quanti cation of the global OH distributions. The OH for cursors. Indeed, uncertainties in the OH simulated by atmo-
calculating the chemical sink of CHs thus estimated either spheric models can be attributed to biases in precursor con-
from top-down or bottom-up methods. The top-down methodcentrations. For example, Naik et al. (2013) found that an
estimates OH mainly through inversions constrained by inde-underestimation of carbon monoxide (CO) in the Northern
pendent observations of 1-1-1trichloroethane (methyl chlo-Hemisphere can contribute to the overestimation of OH in
roform, MCF), assuming that emissions of this compoundthis hemisphere; Strode et al. (2015) estimated that remov-
are well known. Such MCF-based top-down methods haveing the model bias in @and water vapor (bO(g)) and reduc-
been widely used in the scienti c community to derive OH ing northern hemispheric nitrogen oxide (NO NOCNO)
trends, but it can only yield the global to latitudinal mean OH emissions can reduce a high bias in the global tropospheric
due to the sparse MCF observations and does not represefH burden by 10 %; Nicely et al. (2017, 2020) found that the
the chemical feedback on OH (e.g., Prinn et al., 2001; Bousinter-model difference in tropospheric OH is mainly driven
quet et al., 2005; Montzka et al., 2011; Naus et al., 2021;by the difference in model-simulated ultraviolet light ux
Patra et al., 2021). Bottom-up approaches on the other hantb the troposphere, the tropospherig, @O, and NQ mix-
simulate the OH by atmospheric chemistry models to accouning ratio. In addition, the budget analysis of OH production
for the chemical mechanisms that determine OH productiorand loss showed that about 90% of OH production is di-
and loss, but their estimates of the global mean OH usuallyrectly related to stratospheric and tropospheric ozong, (O
disagree with MCF-based estimates (Naik et al., 2013; Zhad1,0(g), and nitrogen oxide (NO), and 60 % of OH is re-
etal., 2019). moved by reaction with CO, Chland formaldehyde (C#D)

The global OH estimated by bottom-up model-based(Lelieveld et al., 2016; Zhao et al., 2020b). Thus, bottom-up
and top-down MCF-based methods are different in mag-estimates of the Cldsink from chemistry transport models
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(CTMs) can be improved if one can reduce the biases due taboard NASA's Aura satellite. The monthlys@olumns are
these OH precursors in modeled OH. available for 5 zonal mean.

Fortunately, several satellites have collected long-term Tropospheric @ is important in determining OH
continuous observations of the aforementioned OH precurproduction. We constrain its spatial distributions us-
sors with global coverage, providing the opportunity to eval-ing the tropospheric column {data from the com-
uate and improve bottom-up estimates of the4Ghhk. The ~ bined Aura Ozone Monitoring Instrument/Microwave Limb
chemistry reanalysis that assimilates satellite observationSounder (OMI/MLS) satellite observations, which are gener-
of O3, CO, NO, nitric acid (HNG;), and CO shows sig- ated by subtracting the co-located MLS limb measurements
ni cant improvement on both global OH burden and inter- (integrated over the stratosphere to derive stratospheric col-
hemispheric gradient (Miyazaki et al., 2020). Such data-umn ozone) from total column ozone retrieved by OMI, a
assimilation methods can well balance the model and obseJV-Vis nadir solar backscatter spectrometer (Ziemke et al.,
vation uncertainties, but they are not easy to apply to differ-2006).
ent models that simulate the broad range of global OH burden The tropospheric nitrogen oxide family (N@ NOC
(Naik et al., 2013; Zhao et al., 2019). In addition, they do not NOy) participates in both OH production — reaction of nitro-
allow partitioning the OH bias due to each precursor. In thisgen oxide (NO) with hydroperoxyl radical (H{por organic
context, the main objective of this study is to explore a simpleperoxy radicals (Rg) — and loss (mainly reaction of NO
approach to reconcile bottom-up and top-down estimates ofvith OH). In the Dynamically Simple Model of Atmospheric
the CH; sink by (i) improving the simulated atmospheric OH Chemical Complexity (DSMACC) used in this study (see
elds using multiple satellite observations and meteorologi- Sect. 2.3), the total reactive nitrogen (Nds constrained
cal data from reanalysis and (ii) assessing the contributiorby either NQ or NO concentrations. We constrain the spa-
of each main OH precursor to the bias in simulated OH andtial distributions of the boundary layer NQusing satel-
CHg sink. As a result, top-down estimates of £emissions  lite observations of N@tropospheric vertical column den-
will also bene t from the improved 3D distributions of OH sity (VCD) of the QA4ECV (Quality Assurance for Essen-
(zZhao et al., 2020a; Saunois et al., 2020). We rst evaluatetial Climate Variables) OMI N@retrieval product (Boersma
the OH precursors (CO, CKH O3, CHO, and NQ, the to- et al., 2018). Due to its short lifetime, N@mitted from the
tal column @, and HO(q)) simulated for the year 2010 by surface mainly remains within the planetary boundary layer
the CESM1-CAM4Chem (Community Earth System Model (PBL). Thus, satellite-retrieved VCDs are widely used in un-
using the Community Atmosphere Model version 4 as atmo-derstanding the N@distributions within the boundary layer
sphere component) and GEOSCCM (Goddard Earth Obseninstead of the whole troposphere (e.g., Cooper et al., 2020;
ing System Chemistry—Climate Model); these models partic-Geddes et al., 2017).
ipated in the CCMI-1 project, and they were used to esti- We also constrain tropospheric CO, gHand CHO to
mate the global methane sink in Saunois et al. (2020) andbetter represent OH loss in the troposphere. Distributions
represent two different chemical mechanisms. We then estiof CO and CHO are taken from 4D variational data as-
mate the observation-based OH elds by correcting modelsimilation of the tropospheric CO column retrieved from the
biases of the two modeled OH elds due to the abovemen-spaceborne MOPITT v7 instrument (Measurements Of Pol-
tioned OH precursors using the Dynamically Simple Model lution In The Troposphere v7 TIR-NIR product; Deeter et
of Atmospheric Chemical Complexity (DSMACC). By do- al., 2017) and column C}D from the OMI version3 prod-
ing so, we quantify the bias in tropospheric OH attributableuct (Gonzéalez Abad et al., 2015), respectively (Zheng et
to each precursor. Finally, we estimate the chemical sink ofal., 2019). The CHl distributions are taken from data as-
CHg4 using the observation-based OH eld and, based on thesimilation of surface Cll observations (Zhao et al., 2020a),
uncertainties inferred for OH, we reveal the dominant factorsmainly from the Earth System Research Laboratory of
contributing to the uncertainties in Gthemical sink at the the US National Oceanic and Atmospheric Administration
global and regional scales. (NOAA/ESRL, Dlugokencky et al., 1994). The assimilated

surface CO concentration and ¢pro les show good agree-
ment with independent ground-based observations and air-

2 Method craft observations, respectively (Zheng et al., 2019; Zhao et
al., 2020a).
21 Observational data Meteorological conditions, mainly water vapor ABg))

and air temperaturd§) can also in uence tropospheric OH.
The total column @, which mainly in uences the O'D) The B0 (represented as speci ¢ humidity) arlg, are
photolysis rate, is constrained by the National Aeronauticsconstrained by the second Modern-Era Retrospective anal-
and Space Administration (NASA) Solar Backscatter Ultra- ysis for Research and Applications (MERRA-2) reanalysis
violet (SBUV) Merged Ozone Data Set (MOD) (Frith et al., data from NASAs Global Modeling and Assimilation Of-
2014). The SBUV MOD column ©data are derived by ce (GMAQO) (Gelaro et al., 2017).
combining observations from nine SBUV-type instruments
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2.2 The 3D atmospheric chemistry model simulations The DSMACC model takes advantage of the kinetic pre-
processor (KPP) to generate the FORTRAN code for a cho-

The 3D distributions of monthly mean OH elds and OH pre- ; : .
cursors for the year 2010 are taken from the REF-C1 experi-.sen chemical mechanism. In this study, the DSMACC model

ment of the IGAC/SPARC Chemistry—Climate Model Initia- 's compiled with MOZART-4 and GEOS-Chem chemical

. ] . ) mechanisms, respectively, to be consistent with the associ-
tive Phase-1 (CCMI-1; Hegglin and Lamarque, 2015; Mor- 0 4 3y mogels CESM1-CAM4Chem and GEOSCCM. The
genstern et al., 2017). The REF-C1 experiment is driven b

tate-of-th ! historical forci d ¢ ¢ yclear—sky photolysis rates of chemical species are estimated
state-ol-ine-art historical Torcings and sea surlace lemperay, q tropospheric ultraviolet and visible (TUV) radiation
tures ffom obser vat|or)s and covers 51 years (1.96072010)' model. Forced by meteorological variables @), Ta, and
We_lnclude S'm'_“"atlons from two mode_ls with different pressure), total columng)and gas concentrations simulated
chemical mechanisms: (1) the Community Earth Syste

. . mby the CESM1-CAM4Chem and GEOSCCM or generated
Model (CESM) using the Community Atmosphere Model from observations, and the diurnal cycle of the photolysis

version 4 as atmosphere component (CESMl_CAMA'Chemrates estimated by the TUV radiation model, the DSMACC
Tilmes etal., 2015, 2016) and (2) the GEOS-5 Chemistry Cli-. ; : :

mate Model (GEOSCCM: Molod et al., 2012, 2015; Oman etIS run forward until reaching the diurnal steady state of OH.
al., 2011, 2013; Nielsen et al., 2017). The tropospheric chemI\lICer et al. (2018) have estimated the response of OH to

) . changes in OH precursors by conducting DSMACC model
istry of CESM1-CAMAChem is based on MOZART-4 mech- o, 2vions for broad latitude and pressure bins. The results
anisms with minor updates (Emmons et al., 2010; Lamarqu

. h hat th , NOy, | col , ical
etal., 2012) and the GEOSCCM is based on the Global Mod(—g5 ow that the HO), NOy, total column @, and tropica

. o . expansion can lead to a positive trend in tropospheric OH,
eling Initiative (GMI) chemistry and transport model (Dun- ffsetti . -
: o tt t of th tive trend led by th CH
can et al., 2007), which was originally developed for theO Setiing most of the negative rend 1ed by the nsing

. concentrations from 1980 to 2015. Here, for each month, we
_GEOS_-Chem model. The CO, NOOs, CH“’_ CH0 mix- run the DSMACC model for each model pixel of the 3D grid
ing ratios, total column @ and meteorological conditions

. . . to better represent the heterogeneous spatial distributions
including Ta and HO(g) simulated by CESM1-CAM4Chem gf OH. For example, the CESM1—CAMA4Chem has 144 (lon-

and GEOSCCM in 2010 are compared with the observational . : C
data described in Sect. 2.1 in thel,?Su lement (Figs. S1-S3 ftude) 96 (latitudes) 13 (pressure level) model grids in
" PP 9S- 917954he troposphere. For each sensitivity experiment (Sect. 2.4),

We chose the CESM1-CAM4Chem and GEOSCCM in this

tudv si 1) their alobal OH trati dwe therefore conduct 179712 DSMACC model simulations
study since .( ) their glo al mean concentrations an (for the CESM1-CAM4Chem grid) each month.
OH distributions (both horizontal and vertical) are around
the multi-model mean values given by Zhao et al. (2019), al- _
beit not at the extreme of the model distribution; (2) the two 2.4 DSMACC experiments

madels mcludedmu&llal\ejopgmary n_on-me,\';lhane V(t)latlletorl- Table 1 lists the experiments conducted with the DSMACC
ganic compounds ( ) emissions (Morgenstern et & chemical box model. The reference experiment (Ref_model

2017); and (3) the chemical box model DSMACC already ; . .
; . in Table 1) is conducted by running the DSMACC model
includes the MOZART-4 and GEOS-Chem chemical mech'with the monthly mean chemical species concentrations

anisms (Sect. 2.3), which are similar to that used in CESM1 : - :
CAMA4-Chem and GEOSCCM, respeciively. and meteorological conditions simulated by the 3D models

. - . (CESM1-CAM4chem/GEOSCCM) for each pixel in 2010
A detailed description of the two _model settings relate_d using the corresponding chemical mechanisms. During the
to OH and the CCMI-1 model experiments can be found in DSMACC simulation for each month, the meteorological
Morgenstern et al. (2017) and Zhao et al. (2019). conditions and chemical species with a lifetime of a few
hours (e.g., NMVOCs) to several years (e.g.,{Lldre set
2.3 The chemical box model DSMACC to the monthly mean values from 3D model outputs and

Differing from 3D atmospheric chemistry models, which unchanged during the simulation. We estimated the diurnal
simulate the OH by gridded emissions inventories of its pre_steady—state solution for the chemical species with a short

cursors, a chemical box model simulates OH by prescrib-ifétime of a few seconds (e.g., OH and Hedicals). Since

ing precursor concentrations and the meteorological condiMost of the CCMI models provide the 3D distributions of

tions. Thus, one can estimate the sensitivity of OH to dif- & chemical species on monthly time resolution, the in u-
ferent precursor concentrations and meteorological parame2c€ Of sub-monthly variations such as the diurnal cycle
ters. Here, we use the Dynamically Simple Model of Atmo- for these chemical species and meteorological conditions on
spheric Chemical Complexity (DSMACC; Emmerson and OH concentrations are not represented in the DSMACC sim-
Evans, 2009) to estimate the sensitivity of OH to chemi- Ulations. In the All_obs simulation, the CO, N(0s, CH,

cal species including CO, NQOs, CHy, CH;0, the total ~ @nd CHO, total column @, Ta, and KO are replaced
column G, and meteorological conditions includifig and with the available observation-based data for 2010, while

H2O(g), following the approach of Nicely et al. (2018). other DSMACC inputs (pressure and. other_chemical species)
are the same as in the Ref_model simulation. For CO,,CH
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Table 1. The DSMACC model experiments.

Species Simulations Description

Ref Ref_model Chemical species and meteorological conditions from 3D model simulations for 2010
All All_obs All the chemical species and meteorological conditions listed below adjusted to match observations
NO, NO2_obs_PBL Adjust boundary layer N@ match the OMI QA4ECV product

O3 03_obs Adjust troposphericd20 match OMI/MLS product

CHgy CH4_obs Adjust tropospheric GHo match the assimilated data

CO CO_obs Adjust tropospheric CO to match the assimilated data

CHy0O CH20_obs Adjust tropospheric GB to match the assimilated data

Oz column  O3col_obs Adjust total column ozone to match SBUV MOD data

H20(g) H20_obs Adjust water vapor to MERRA-2 data

Ta Ta_obs Adjust air temperature to MERRA-2 data

CH»0, and meteorological conditions, the observation-basedhe observation-based OH ([O4d}) in each 3D model pixel
data are taken directly from the monthly mean of the assim-for two different chemical mechanisms is estimated by cor-
ilated or reanalysis data as described in Sect. 2.2 (regrid toecting OH as simulated by the corresponding 3D mod-
model horizontal and vertical grid). For tropospheric NO els ([OH]node) by the ratio between OH simulated by DS-
and @, we use satellite data to generate the observationMACC experiments for the All_obs ([Oldkmacc all_obd
based DSMACC input. The associated uncertainties of usand for the Ref_model ([Oldkmacc_Ref mode) Case:

ing the satellite observations og@nd NG at overpass time OH

are discussed in Sect. 4.3. As the satellite observations propoHYps D TOHhodel Wsmacc all_obs . )
vide the tropospheric VCDs, the observation-based concen- TOHWsmAcC_Ref_model

trations are estimated by combining the satellite-observedrnen, we also perform eight sensitivity experiments (xk_obs
tropospheric columns and model-simulated vertical distri-in Taple 1) that only adjust one individual chemical species
butions. We estimate the tropospheric column density Sim-r meteorological condition (here and after representeg)as
ulated by atmospheric chemistry modeGirgp_mode) USING 1o the observations (obs), keeping the other parameters equal
the tropopause pressure estimated based on the WMO (Worlg, the simulated values from the chemistry—climate model.
Meteorological Organization, 1957) tropopause de nition. gecause of high computing costs, we conduct the sensitiv-
Then, we estimate the scaling factor for each model horizona,»[y experiments using only CESM1-CAM4C-chem outputs.
tal grid cell as the ratio of satellite observatiosp_obg t0 The OH biases due to each factof@HU) are estimated by

the modeled tropospheric column dens@ép_mode)- TN jntroducing the OH simulated in the sensitivity experiment
observation-based concentratioBgfa_obd in each model  yyx obs ([OHbswAce xk obd as:

pixel, which is used as the DSMACC input, is then estimated
by multiplying the corresponding model-simulated concen- TOHWsmAcc_xk_obs 3)
tration Cgyrid_mode) by the scaling factor: TOHld)SMACC_Ref_modei

Cirop_obs _ O TOHUY, D TOHUhodel T OHUl obs 4)

DHuk_obs D TOHUGhodel

Cgrid_obsD Cgrid_model .
Ctrop_model )
. ) 2.5 Chemical loss of CHg
For O3, we estimate th€€gyiq obsfor each 3D model pixel

in the whole troposphere using Eq. (1). For N@ve only  We estimate the yearly tropospheric chemical loss of, CH
estimateCqyrid_obsin the boundary layer (the boundary layer through reaction with OHL(cH,con) at global and regional
height is from the MERRA-2 reanalysis data) since the,NO scale from 2000 to 2009 by integrating the reaction ofyCH
emitted from the surface mainly remains within the boundarywith OH:
layer.

The Ref_model experiments can well reproduce the spa!‘ CHyCoH D
tial distribution of [OH}op-m Simulated by 3D models
(Fig. S4), which indicate that the chemical box model wherei is the index of the model pixel in the troposphere and
DSMACC can generally capture the response of OH tot isthe integration time step (3 h). The monthly 3D distribu-
the changes in OH precursor concentrations and metions of CH; mass fn(CHjg)) during 2000—-2009 are from data
teorological conditions. However, the Ref_model exper-assimilation of surface CHobservations from NOAA/ESRL
iments overestimate the [Ok}p-m by 7% and 36% (Dlugokencky et al., 1994) and tfg distributions are from
when compared with the global [Ok}-m simulated by ~ MERRA-2 reanalysis data (see Sect. 2.2). The reaction rate
CESM1-CAM4Chem and GEOSCCM, respectively. Thus, K (Ty) is a function ofT, as given by Sander et al. (2011):

K (Ta) m(CHg) OHUL; (5)
it
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Table 2. Modeled and observation-based estimates of global {@§1, CHs sink by tropospheric OH(cH,con) averaged during 2000

2009, and the CHllifetime against tropospheric OHd¢H,coR).

TOHWop-M  LcHCcOH  CH4COH
(10°molec.cm 3)  (Tgyr 1) (yr)
Modeled CESM1-CAM4Chem 11.9 540 9.1
GEOSCCM 12.6 565 8.7
Observation-based CESM1-CAM4Chem 9.9 434 11.4
GEOSCCM 104 461 10.7

1775

K (T)D2:45 10 % Ta: (6)
The contribution of each factot to the bias in chemical
loss of CH; through reaction with OH [ cH,con_xk) can be
estimated as:

X X

K (Tym(CHg) TOHUY, t; (7

L cHycoH_xk D
Pt
with Lch,con, we further estimate the CHifetime to re-

action with tropospheric OH ¢n,con) through the global
CHyg burden:

P

m(CHa)
i
L cHycOH

(8)

cH,con D

wherej is the index of the model pixel in the entire atmo-
sphere.

3 Results

3.1 Observation-based tropospheric OH
3.1.1 Global tropospheric OH burden

The global
mass-weighted OH ([Okfhp-m) simulated by CESM1-
CAM4Chem and GEOSCCM in 2010 are:21 10° and

12:6  10° molec. cm 3, respectively. By adjusting OH pre-

chemistry transport model (CTM) intercomparison experi-

ment (TransCom-CH4) after being scaled by a factor of 0.92
(Patra et al., 2011) but consistent with those estimated by
MCF-based inversions (10 10° molec.cm 3; Bousquet

et al., 2005; Krol and Lelieveld, 2003). The consistency

with the MCF-based estimates indicates that our approach
(correcting model bias through available observations) is
capable of capturing the global OH burden.

3.1.2 The OH spatial distribution

Figures 1 and 2 show the spatial distribution and zonal av-
erage of the [OHjop.m, respectively, estimated from the
observation-based and original model-simulated OH elds.
The observation-based OH elds show similar spatial dis-
tributions as their respective original model simulations,
with high [OH}irop-m (10-15 10° molec. cm 3) over East
Asia, South Asia, and northern Africa, corresponding to
the regions with high troposphericzONO,, and HO(g)
(Figs. S1 and S3). The lowest [Ofd}.m is found over
the high latitudes< 4 10°molec.cm 3) due to less ul-
traviolet radiation and over the Amazon forest (4-8
10° molec. cm 2) due to high biogenic non-methane volatile
organic compound (NMVOC) emissions. The observation-
based [OH{}op-m averaged over the northern tropics (0-

mean tropospheric column-averaged air-30 N) and northern middle to high latitudes (30-90 are

> 14 10°and> 7 10°molec.cm 3, respectively, for both
chemical mechanisms, which are higher than those over the
southern tropics (12.2—-18 10° molec.cm 3) and south-

cursors and meteorological conditions (total column ern middle to high latitudes (5.3:6 10° molec.cm 3, Ta-

Oz, tropospheric @, CO, CH;, CH,O, boundary layer

ble 3 and Fig. 2). The two observation-based OH elds show

NO2, H2Oq), and Ty) to the observations using the similar mean [OH}op.m Over most of the latitudinal bands,
DSMACC model, we estimated the observation-basedexcept for the southern tropics (0-3), where the mean
[OH]yop-m to be99 10° and 104 10°molec.cm®  [OH]yop-m estimated by the GEOSCCM chemical mech-
with  CESM1-CAM4Chem and GEOSCCM chemical anism is 14 10°molec.cm 2 higher than the one from
mechanisms, respectively (Fig. 1 and Table 2). Com-CESM1-CAM4Chem (Table 3 and Fig. 2).

pared with the original OH elds simulated by CESM1-  Compared to the original [Ok}p-m simulated by
CAM4Chem and GEOSCCM, the observation-basedCESM1-CAM4Chem and GEOSCCM, adjusting to obser-
OH elds reduce the model-simulated global [Qidj-m vations reduces the [Ojp.m by 2-8 10° molec.cm 3

by 2 10°molec.cm3. The global [OH}op-m  esti- over most regions except the tropical forests. The reduc-
mated by the observation-based OH elds in this studytion of mean [OHjop.m over the northern tropics (0—
is lower than the value estimated by Spivakovsky et30 N) and middle to high latitudes (30-9N) are >

al. (2000) (116 10°molec.cm 3), which is used in the 3 10° and> 2 10°molec.cm 2, respectively, which is
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Figure 1. Spatial distributions of air-mass-weighted tropospheric mean OH (g} in 2010 from model simulation&, d) and con-
strained by observation®, e), and the difference between modeled and observation-based {@HK] (c, f) estimated from CESM1-

CAM4Chem(a—c)and GEOSCCMd-f) simulations. The global mean values are shown in the inset in moleé.cm

Table 3. The modeled and observation-based [@§glm (in 10° molec. cm 3) averaged over latitudinal bands during 2000-2009. The
corresponding tropospheric Giink by OH ( cH,con) (in Tgyr 1) is given in brackets.

90-30 S 30-0S 0-30N 3090 N

Modeled CESM1-CAM4Chem 5.9 (49) 14.2(173) 17.8(226) 9.4 (93)
GEOSCCM 6.2(50) 16.1(192) 18.5(229) 9.6 (94)

Observation-based CESM1-CAMAChem 5.3 (42) 12.2 (144) 145 (178) 7.2 (69)
GEOSCCM 5.6(46) 13.6(161) 14.9(183) 7.4(72)

larger than that over the southern tropics (0-Sy 2 sphere due to low VOCs and NQOnixing ratios (Fig. S7).
10° molec. m 3) and middle to high latitudes (30-98 by Using satellite observations, Choi et al. (2014) showed that
0:6 10°molec. cm 3). The Northern Hemisphere to South- the high NQ mixing ratios in the free troposphere are mainly
ern Hemisphere (KB) ratios of the simulated OH elds are located near polluted urban regions (e.g., North America, Eu-
reduced from 1.35 to 1.24 for CESM1-CAM4Chem and rope, and Asia), which is more similar to the N@istribu-
1.26 to 1.15 for GEOSCCM. Although the=N ratios of  tion simulated by 3D atmospheric models (Fig. S1). Thus,
the observation-based OH elds are still higher than the 1,although the OH eld estimated by Spivakovsky et al. (2000)
which is obtained from MCF-based inversions (Bousquet etgives an NS ratio of 1, its spatial distribution may have bi-
al., 2005; Patra et al., 2014), incorporating available observaases due to the simpli cation in the NQlistributions.
tions has signi cantly reduced the model-simulatedS\ra-
tio. 3.2 Contribution from individual factors to model biases

The spatial distribution of the observation-based OH of in [OHirop-um
this study is different from the OH eld estimated by Spi-
vakovsky et al. (2000). The OH eld estimated by Spi- BY conducting the sensitivity simulations listed in Table 1,
vakovsky et al. (2000) shows a high [QKp.m over the re- ~ We estimate the contribution of individual factors to model
gions with biomass burning emissions (Fig. S5). Instead ofPiases based on Egs. (3) and (4). The sensitivity of OH to
considering the detailed spatial distributions of nitrogen ox-model biases in tropospherics(stratospheric & HO(g),
ides, Spivakovsky et al. (2000) use a series ofyNJo les and NQ; emissions havg been. tested in Strode et al. (2015)
for land and ocean over large regions (Fig. S6). As shownUsing GEOSCCM. In this section, we extend the procedure
in Figs. S5 and S6, the highest [Qdj-m over South Amer-  Of Strode et al. (2015) by including more factofg, CO,
ica and Africa estimated by Spivakovsky et al. (2000) corre-CH20, CHs, and NG in the boundary layer.
spond to high NQ mixing ratios over these two regions. The
OH shows high positive sensitivity to NOn the free tropo-
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Table 4. Contributions from individual factors to the difference in
global [OH}rop-m and tropospheric Ciisink by reaction with OH
between CESM1-CAM4Chem simulated and the corresponding
observation-based OH elds (modeled—observation-based).

-loH]trop_M CH4 Sink
(10°molec.cm 3)  (Tgyr 1)

H20(g) 0.1 10
Ta 0 0
Column 3 0.4 22
CcO 1.3 60
O3 0:3 17
NO, 0.3 22
CHq 0.1 5
CH,O 0.1 6
Total 2.0 108

sions that assimilated MOPITT observations, the CESM1—

CAM4Chem underestimates the global tropospheric mean

CO mixing ratio by 24 ppbv (Fig. S1). Based on the DS-
Figure 2. (a) Zonal-averaged [Okihp-m of modeled (solid lines)  MACC simulations CO_obs and Ref CESM (Table 1), we
and observation-based OH eld (dashed lines) estimated from g that the negative bias in CO contributes most to the dif-

CESM1-CAMAChem (yellow) and GEOSCCM (blue) simula- ¢or0nce in the modeled versus observation-based {QHi

tions. (b) Difference of zonal-averaged [Ofjp-m between mod- . 3. . )
eled and observation-based OH eld&) Difference between 513 fi 10 :cnc(z)l(()ac cm= Tabl(_-:- 4tand F;]g. .3)' Tf(\je Iundedres
CESM1-CAMA4Chem simulated and observation-based zonal-'Mauon o IS cOMmMOn In atmospheric models and was

averaged [OHjop-m (black line) and the contribution from each _treated.elther as a cause or an effect of the overestimated OH
OH precursor (colored bars) to zonal-averaged differeide. N previous studies (Naik et al., 2013; Monks et al., 2015;
f) Same aga—c) but for the tropospheric CHsink by reaction Strode et al., 2015). For example, based on the Atmospheric
with OH. Chemistry and Climate Model Intercomparison Project (AC-
CMIP) simulations, Naik et al. (2013) found that the posi-
tive bias in OH was most likely due to the underestimation
Table 4 summarizes the contribution of each chemicalof CO when compared with both satellite and surface obser-
precursor and meteorological condition to the differencevations. In contrast, Strode et al. (2015) did sensitivity simu-
between CESM1-CAM4Chem simulated and observation{ations using the GEOSCCM model and showed that reduc-
based global [OHjop-m- On the global scale, the total con- ing OH bias could improve the accuracy of modeled CO. In
tribution of the eight individual factors to the difference in this study, we do not intend to solve the cause-and-effect is-
[OH]trop-m estimated from the simulation xk_obs 02 sue between CO and OH since the discrepancy in {g4h
10° molec.cm 2 (Table 4), consistent with that estimated of 1:3 10° molec. cm 3 could also be understood as the

from the simulation All_obs (Table 2). On the regional scale, global tropospheric [OH] changes that would be needed to
they show small differences (usualy 10 % of the signal, simulate the observed CO.

Fig. S8), which can be attributed to the nonlinear chemistry. The underestimation of the CO mixing ratio is larger over

Indeed, although the atmospheric OH is produced and rethe Northern Hemisphere (30 ppbv) than over the South-
moved through complex nonlinear chemical reactions, onérn Hemisphere (18ppbv) (Fig. S1). The largest bias in
can infer the large-scale [Otdp.m changes by roughly sum-  [OH]p-m induced by CO is found over the northern tropics

ming the in uence from individual factors. (1:9 10°molec.cm 3) followed by those over the north-
ern middle to high latitude regions and the southern tropics
3.21 Contribution from CO (1:2 10°molec.cm 3; Fig. 2). Naik et al. (2013) demon-

strated that the model bias in CO contributes to the over-
CO is the largest OH sink in the troposphere (Lelieveld etestimation of the modeled#§ ratio in [OH}op-m. In this
al., 2016; Zhao et al., 2020b). The sensitivity simulation study, although the underestimation of CO leads to a larger
CO_obs shows that a 1 ppbv increase in CO can result irpositive bias of [OH}op-m over the Northern Hemisphere
a decrease in OH by up to more than 30* molec.cm 3 than the Southern Hemisphere, the observation-based ad-
(Fig. S7). Compared with the CO distributions from inver- justment only reduces the positive bias of theS\ratio
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Figure 3. Spatial distributions of the contribution of individual factors to the difference between CESM1-CAM4Chem simulated and
observation-based (modeled—observation-based){gyH}. The global mean values are shown inset in molec.gm

by 0.02. This means that the=N difference of the CO bias of NMVOCs (represented as HCHIdsoprene) and N
is not suf cient to explain the inconsistency between the (Fig. S7). Compared to the QA4ECV NQetrieval prod-
CESM1-CAM4Chem simulated and MCF-based3\ratio  uct, CESM1-CAM4Chem overestimates tropospheric;NO
in [OH]trop-m- over most regions except northern China and tropical forests
(Fig. S1).
At the global scale, the overestimation of pN@eads
to a positive bias in [OH}p-m by 0:3 10° molec.cm 3
Tropospheric @ can contribute to both primary and sec- (Table 4). At the regional scale, correcting for the PBL
ondary OH production. Compared to satellite observationsNO, does not in uence the NS ratio of OH. As shown
from OMI, CESM1-CAM4Chem simulations show a large in Fig. 3, the overestimation of PBL NQresults in a pos-
overestimation of troposphericz@ver the 15-60N region itive bias in [OH}op-m Over most of the continental re-
(up to 14 DU, 40 %) and an underestimation (14 DU, 40 %) gions. Over tropical and temperate oceans, one can also
over the tropics and Southern Hemisphere (Fig. S1). see that the slight overestimation in p@eads to a sig-
Atthe global scale, the model bias in @ads to anegative ni cate positive bias in OH by 0.5-1 10° molec.cm 3
bias on [OH]rop-m by 0:3  10° molec. cm 3, much smaller  since the sensitivity of [OHpp-m to NO, can be very high
than that caused by CO (Table 4). However, at the regiona{10” molec.cm 3 ppbv 1 NO,) over the regions with low
scale, The CESM1-CAM4Chem simulated [@k}jmisen-  NOy and NMVOC mixing ratios. Over northern China, al-

3.2.2 Contribution from tropospheric O3

hanced by 1 10°molec.cm 3 over the tropics (155— though the model shows a large underestimation inp NO
15 N)and 0:5 10°molec.cm 3 over the mid-Southern  (Fig. S1), the [OHop-um is slightly smaller after adjustment.
Hemisphere (15-605), while it is reduced by 0.1-8 This is because the OH is not sensitive to an increase in NO

10° molec.cm 2 over the mid-Northern Hemisphere (15— over high NG regions or even shows a negative response
60 N) when adjusted to OMI/MLS tropospheric columa O  (Fig. S7).

(Fig. 2). The adjustment reduces theSNratio of [OH}rop-m

by 0.07; however, it still cannot explain the overestimation 3 5 4 contribution from total column O

of the NES ratio but leads to a larger correction than the one
with CO alone. Total column @ mainly in uences G(D) photolysis through

absorbing UV radiation. The CESM1-CAM4Chem simula-
tion mainly underestimates the totag @olumns by up to

10DU over tropical regions compared with the SBUV
The sensitivity of OH to N@ is highly variable. We esti- MOD observations (Fig. S2). On a global scale, the under-
mate that a 1ppbv increase in M@an lead to a change estimation of the total column4Xan lead to an overestima-
of OH ranging from 3 10° molec.cm 3 to more than tion of the [OH}rop-m by 0:4  10° molec. cm 3 (Table 4 and
C10 10°molec.cm3, depending on the mixing ratio Fig. 3), comparable with that due to tropospherigc O

3.2.3 Contribution from boundary layer NO»
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3.2.5 Contribution from CH4 and CH»0O

In CCMI-1 simulations, atmospheric chemistry models pre-

scribe the lower boundary conditions for @Hollowing

the Representative Concentration Pathway (RCP6.0). Com

pared to the posterior CH elds from inversions by as-
similating the surface Cldobservations, the tropospheric
mean CH mixing ratios used in the CESM—CAM4Chem are

80 ppbv lower over the tropical and extratropical regions
with high biomass burning and anthropogenic emissions an
40 ppbv lower over other regions. However, due to the low

sensitivity of [OH] to CH, changes (Fig. S1), the underesti-
mation in CH, only leads to a small positive bias in the global
mean [OHJrop-m by 0:1  10° molec. cm 3.

The CESM1-CAM4Chem overestimates &MHby more
than 50 % over land but slightly underestimates,Orbver
tropical oceans (Fig. S1). Since @8 contributes to only a
small part (6 %) of the total OH loss (Zhao et al., 2020b),
the large bias in the CESM1-CAM4Chem simulated,OH
only leads to a small positive bias global mean [¢dglv by
0:1 10°molec.cm 3 (Fig. 3).

3.2.6 Contribution from meteorological conditions

H>O(q) is a major OH precursor that contributes to the
primary production of OH and can in uence OH pro-
duction and loss rates. Compared to MERRA-2 reanalysi

data, CESM1-CAM4Chem overestimates zonally average%

H>O(g) mixing ratios near the surface and around 800 hP
by 1:5gkg ! (Fig. S3). The sensitivity experiments show
that a change in specic humidity by 1gkd can lead
to a change in OH by 3 10° molec.cm 3 over the re-
gions with high OtD) photolysis and low NMVOC mix-
ing ratios (Fig. S7). As shown in Table 4 and Fig. 3, glob-
ally, the model bias in BOy) only leads to a small bias
(0:1 10° molec. cm 9) [OH]trop-m, but regionally, the model
bias in HO(g) can lead to a bias in [Oljp.m by the mag-
nitude of 5 10° molec. cm 3, even larger than that induced
by the bias in CO. Fof,, the model only shows a small bias
(< 1 C)compared with MERRA-2 reanalysis data (Fig. S3).
Thus, model bias in [OH}p-m induced byT, is negligible
(Fig. 3).

3.3 Chemical sinks of CH4 as estimated by
observation-based OH elds

3.3.1 Global and regional OH chemical sink of CHy4

S
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pospheric OH loss estimated by the two observation-based
OH elds are 11.4 and 10.7 year for CESM1-CAM4Chem
and GEOSCCM, respectively, well within the range esti-
mated by Prather et al. (2012) based on the MCF-inversions
(11:2 1:3yr) and much longer than estimated by the orig-
inal model-simulated OH elds (9.1 years for CESM1-
CAM4Chem and 8.7 years for GEOSCCM).

As shown in Table 3, more than 70 % of the tropospheric

CH,COH Occurs over tropical regions mainly due to both

(tigh OH andT,. Constraining the tropospheric OH by pre-

cursor concentrations reduces the troposphegig,con by
30Tgyr ! (16 %) over the southern tropics,50 Tgyr 1
(21 %) over the northern tropics, and25Tgyr 1 (25 %)
over the northern middle to high latitude as estimated by
both CESM1-CAM4Chem and GEOSCCM OH elds. Over
the southern middle- to high-latitude regions, there are only
limited changes ( 5Tgyr 1) in troposphericL ch,con-
Thus, constraining tropospheric OH by precursor concentra-
tions changes the inter-hemispheric distributioh 8f,coH.
The values ofLch,con estimated by the observation-
based OH elds are 35 and 75Tgyr ! lower than that
estimated by the corresponding original model-simulated
OH elds over the Southern and Northern Hemisphere,
respectively (Table 3). Thus, the inter-hemispheric differ-
ence ofL cH,con (north—south) estimated by observation-
based OH elds (60 Tgyr! by CESM1-CAM4Chem and
48 Tgyr 1 by GEOSCCM) is 40 % lower than estimated
y the original model-simulated OH elds (98 Tg yt by
ESM1-CAM4Chem and 81 Tgyt by GEOSCCM).

3.3.2 Global total chemical sink of CHg

We estimate the global total GHchemical sink for 2000—
2009 by gathering (1) the troposphetien,con estimated
using the original model-simulated and observation-based
OH elds, (2) the CH, loss in the stratosphere (26 Tg yr
estimated by CESM1 CAM4-chem and 36 Tg yiestimated

by GEOSCCM simulations) and GhHbxidized by chlorine
(11 Tgyr 1) given by Saunois et al. (2020). We then com-
pare the chemical sink estimated in this study with that es-
timated by the bottom-up and top-down methods given by
the previous GCP global C+budget (Saunois et al., 2016,
2020).

As shown in Fig. 4, the bottom-up estimates in the GCP
global CH; budget (blue bars) have a large range (483-
738Tgyr 1 in Saunois et al., 2016 and 489-749 Tg¥yr
in Saunois et al., 2020), much higher than those from

Using the observation-based OH eld, we estimate thatthe top-down method (514 Tgyt in Saunois et al., 2016

the global tropospheric CHloss by reaction with tropo-
spheric OH [ cH,con) averaged during the period 2000
through 2009 is 434 and 461Tgyr for CESM1-

and 459-516 Tgyr' in Saunois et al., 2020). The GH
sinks simulated by CESM1-CAM4Chem (549 Tg ¥y and
GEOSCCM (585Tgyrl) were included in the bottom-

CAM4Chem and GEOSCCM, respectively. These estimated!P estimates in Saunois et al. (2020) (green bar) and are

are about 105 Tgyr* lower than estimated by the original
model-simulated OH elds (540 and 565 TgVk; respec-
tively; Table 2). The corresponding Ghifetimes against tro-

Atmos. Chem. Phys., 23, 789-807, 2023

slightly lower than the average value estimated using differ-
ent OH elds (595 Tgyr1).
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Figure 4. Global total chemical loss of CHestimated by the bottom-up and top-down methods from the previous GCP glohdiu@get

(blue bars; Saunois et al., 2016, 2020), simulated by GEOSCCM and CESM1-CAM4Chem which is included in the bottom-up estimates
in Saunois et al. (2020) (green bar), and that estimated in this study using the model-simulated and observation-based OH elds and CH
distributions assimilated surface observations (black bars). The colored bar shows the contribution of individual factors to the difference in
the chemical loss of Clbetween CESM1-CAM4Chem simulated and the corresponding observation-based OH. The blue, green, and black
bars correspond to the left axis, and the colored bar corresponds to the right axis.

In this study, the global total CHchemical sinks esti- 3.3.3 Contribution from the model biases of individual

mated using the originally simulated tropospheric OH and OH precursors to chemical sink of CHy

constrained Chl mixing ratios are 577 and 612 Tgyr

for CESM1-CAM4Chem and GEOSCCM for 2000-2009, . . . -
: . We further quantify the in uence of model biases in indi-

respectively, close to the mean values estimated by the. .

; . vidual OH precursors on the bottom-up estimates ofsCH
bottom-up method (around 600 Tg ¥ using different OH chemical sink (L J. At the global scale, the un-
elds but much higher than the top-down estimates (around CHiCOH Xk g ’

. : derestimation of CO and total columnz@nd the over-
500 Tgyr 1) (Fig. 4). It should be noted that in the bottom-up N B
estimates of the chemical loss of ¢l the previous GCP, estimation of N@ by the CESM1-CAM4Chem lead to a

iti i 1 0 1 (40
global CH; sinks were calculated using model-simulated positive ?Ias of .60 Tayr (11./0)’ 2279 yr (4%), and
. : : L 22Tgyr * (4 %) in tropospherid cH,con (Fig. 4 and Ta-
CHa mixing ratios (Saunois et al., 2020). The £hhixing ble 4), respectively, while an underestimation of tropospheric
ratios simulated by CESM1-CAM4Chem and GEOSCCM , esp Y, W . troposp
. ! . Oz leads to a negative bias of 17 Tgyr(3%) in tropo-
are lower than that used in this study (Fig. S1). Thus, the . .
. . ) ) . T sphericL cH,con. Although the model bias of [Okdp-m
chemical sink of CH estimated in this study is higher than . ) -
. . . 1 induced by HO(g is negligible on the global scale, the
that estimated in Saunois et al. (2020) b0 Tg yr -. After . :

I . : bservation-based adjustment 0f®}y) leads to a reduc-
adjusting the main OH precursors to observations, the glob ion in troposphericL cr,con by 10Tgyr b (2%), since
chemical sink of CH for 2000-2009 is 471-508 Tg yt, as L . ’
estimated using the two observation-based OH elds, morethe model overestimation of @) is concentrated over the

. . . middle- to low-latitude regions where tropospheric £bXi-
consistent with top-down method estimates500 Tgyr °). .dation mainly occurs (Figg.] S3). The modgl bigs in&Hand

The above anal_y ses show that the Ia_r ge uncertainties II&H4 itself leads to a small positive bias of1 % respectively
the bottom-up estimates of the ¢Hhemical sink are at- onL cr.con
,COH-

tributable to the use of the model-simulated OH elds with . .
As the tropospherid-cH,con mainly occurs over the

known biases. Constraining the OH eld with available pre- middle- to low-latitude regions, the biases in [Qibfl.w over

cursor observations to correct the global OH, the magnitudqhe high latitudes (north of 6N or south of 60S) due
of the methane loss is more in line with top-down methane 9

inversions. Therefore, we partly reconcile the bottom-u andt 0 an overestimation of CO and underestimation g0
' , We party P a%o not substantively contribute to the bias lircH,con

top-dO\l/jvnttestlmates gf Ithe Q;fmlf' AC:t_hoggh Omy ttwcl) 0;OZO(Fig. 2). Over the regions north of 18I, nearly all the pre-
Z?Zecnongi d%rrne_(ljminmtcr)]isesstjzn Oeusrlzae 'rr:)ag# T:cz)alr? zea'éneragursors considered in this study contribute to the overes-
Y, PP 9 imation of L cy,con (55 Tgyr t in total), of which 47 %

ized to other chemistry—climate models. Instead of directly(26 Tgyr 1 is contributed by model underestimation of CO.

using the OH elds simulated from an atmospheric chem-South of 15N, the underestimation of tropospherics O

istry model, the bottom-up estimates can use the Precursol ¢ its in an underestimation tfcrcon by 22 Tgyr Y

observations and box-model based approach proposed heré . L .
to reduce model biases of OH elds. partly offsetting the overestimation dfcH,con induced

by CO (34 Tgyr 1) and other precursors (40 Tg yrin to-
tal) (Fig. 2). As previously mentioned, the inter-hemispheric
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difference ofL cn,con derived from the observation-based bias in [OH}op-m. For the N&S ratio of [OH}op-m, the pos-
OH elds is 48 Tgyr ! smaller than estimated using the OH itive bias in [OH}rop-m Over the Northern Hemisphere (0.1~
eld originally simulated by CESM1-CAM4Chem. The bi- 0:3 10° molec. cm 3) and the negative bias over the trop-
ases in CO, tropospheriaand boundary layer Nfleadto  ics and Southern Hemisphere (0.53-1 10° molec. cm 3)
an overestimation of the inter-hemispheric difference of tro-due to tropospheric ©dominate the higher &8 ratio of
posphericL c,con by 15, 15, and 9 Tgyr!, respectively, [OH]trop-m estimated by the CESM1-CAM4Chem than the
dominating the bias in the inter-hemispheric difference inobservation-based OH eld. At the regional scale, the model
tropospherid cH,coH. bias in HO(g) can lead to bias in [OK}p-m even larger than
that induced by CO.

4 Conclusions and discussion

4.2 Conclusions for the CH4 sink
In this study, we aim to reconcile the top-down and bottom-

up estimates of the major global GKink and to quantify ~The global CH loss by reaction with tropospheric OH
the contribution of each factor to the overestimation of tropo- (L cH,co) estimated from the observation-based OH elds
spheric OH that is generally found in atmospheric chemistryis 434 and 461Tgyr' for CESM1-CAM4Chem and
models and to the consequent overestimation of Gemi- ~ GEOSCCM, respectively, averaged over 2000 to 2009,
cal loss in the bottom-up studies. To do so, we propose a newhich is lower than that estimated from the original model-
approach based on precursor observations and a chemicgimulated OH elds by around 105 Tgyt. Based on the
box model to improve the 3D distributions of tropospheric results from CESM1-CAM4Chem, at the global scale, the

OH radicals issued from atmospheric chemistry models. ~ underestimation of CO and total columi,@nd overestima-
tion of NO, lead to positive biases in troposphelign,con

by 60Tgyr ! (11%), 22Tgyr! (4%), and 22 Tgyr!

(4 %), respectively, while an underestimation of tropospheric
We estimate two 3D observation-based OH elds based onOz leads to a negative bias in troposphekign,con by
three components: (i) simulated tropospheric OH and re-17 Tgyr (3 %). The inter-hemispheric difference in the tro-
lated chemical species from global 3D atmospheric chem-posphericL cy,con is therefore reduced by 40% (around
istry models (here CESM1-CAM4Chem and GEOSCCM),35Tgyr 1) when estimated using the observation-based
(ii) sensitivities of tropospheric OH to its precursors in each OH eld. Although the bias in the KS ratio of [OH}op-m
model grid cell estimated by the chemical box model DS-is dominated by the tropospherig ©@oncentration, the pos-
MACC using a chemical mechanism similar to the 3D model, itive bias in the inter-hemispheric difference btn,con

and (iii) observations of chemical species related to OH pro-s determined together by the biases in CO (15 Tdyr
duction and loss (CO, £)boundary layer N@, CHy, CHO, tropospheric @ (15Tgyr 1), and boundary layer NO
and total column @) and meteorological conditions () (9Tgyr 1.

andTy). The chemical box model DSMACC can be compiled  Using the tropospheridcH,con estimated with our
using different chemical mechanisms, making it possible toobservation-based OH elds, the global total g£lehemi-
apply this approach to other atmospheric chemistry modelsal sink is 471-508 Tg yr*. This quanti cation is more con-
and improve their representation of OH. sistent with top-down estimates in the previous GCP global

The global [OHjop-m estimated from observation- CHj budget (459-516 Tg yit, Saunois et al., 2016, 2020)
based OH elds is 10 10°molec.cm 2 in 2010 based than it was before the adjustment (577—-612 Tglyr The
on two different chemical mechanisms, which is 2 bottom-up method in the previous GCP global £ibtidget
10° molec.cm 3 lower than the original model-simulated estimated the Clichemical sink directly using the OH elds
global [OH}op-m, consequently reaching consistency with simulated by atmospheric chemistry models. However, the
the value derived by MCF-based inversions (around 10 uncertainties in the model-simulated OH lead to an unreli-
10° molec. cm 3; Bousquet et al., 2005; Krol and Lelieveld, able range in the bottom-up estimated £¢hemical sink,
2003). The observation-based adjustments also change thauch higher than that estimated by the top-down method.
latitudinal distribution of OH, reducing its north—south ra- Our results highlight that constraining the OH elds using
tios from 1.35 and 1.26 to 1.24 and 1.15 for CESM1- available precursor observations can improve the bottom-up
CAM4Chem and GEOSCCM, respectively, closer to, albeitestimates of the Cldsink and help reconcile the difference
not as low as, the one obtained from MCF-based inversiondetween the top-down and bottom-up estimates of thg CH
(slightly smaller than 1). sink.

Based on the simulations from CESM1-CAM4Chem,
globally, the overestimation of [Olg}p.m arises mainly from
the underestimation of CO and total columg, @nd the over-
estimation of boundary layer NQwhich contribute 13 Although the observation-based 3D OH elds presented in
10°,0:4 10°,and 03 10°molec.cm 2, respectively, tothe this study can capture the global tropospheric OH burden and

4.1 Conclusions for OH

4.3 Discussion
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chemical loss of Chl, unresolved uncertainties and limita-
tions remain.

used to constrain individual factors. Data products reg-

1. The method presented in this study cannot improve the

chemical mechanisms in the models and does not fully
explain the overestimation of the=S ratios of OH.

The differences in global [Ok}p-m between the two
observation-based OH elds estimated from CESM1-
CAM4Chem and GEOSCCM simulations is:50

10° molec. cm 3. Besides precursor concentrations, the
inter-model difference in tropospheric OH is partly at-
tributable to their differences in chemical mechanisms
(Nicely et al., 2018, 2020). As discussed by Murray
et al. (2021), the oxidative efciency of NMVOCs
and lifetime of NG simulated by different models
can largely determine inter-model differences in tro-
pospheric OH and their responses to changes in pre-
cursors. Reducing the uncertainties due to the modeled
chemical mechanisms relies on additional observations
to improve the simulation of the oxidative ef ciency of
NMVOCs and NQ lifetime, which is beyond the scope

of our study.

The N=S ratio of [OH}op.m after observation-based
adjustment is still higher than the one obtained from
MCF-inversions (less than 1.0). This difference indi-
cates that the overestimation of theratio by at-
mospheric models cannot be fully explained by the un-
derestimation of CO and overestimation of @ver the
Northern Hemisphere as mentioned in previous studies
(Naik et al., 2013). The overestimation of theBira-

tio may also be attributable to chemical mechanisms
included in the atmospheric chemistry models. Both
CESM1-CAM4Cchem and GEOSCCM do not include
the OH recycling by isoprene and simulate low OH val-
ues in regions with high NMVOC emissions, such as
rain forests in the Southern Hemisphere (Zhao et al.,
2019). Including the chemical mechanism such as OH
recycling by isoprene (Lelieveld et al., 2008) would
help to further reduce the#$ ratio for model-simulated
OH elds.

. The constraints brought on tropospheric OH are limited
by quality of observations and time resolution of avail-
able model outputs.

Data constraining the OH precursors come mainly from
satellite observations and reanalysis data, the uncer-
tainties of which are not considered in this study. For
example, the MERRA-2 reanalysis data signi cantly
overestimate HO(q) in the upper troposphere (Jiang et
al.,, 2015); The QA4ECV tropospheric NO/CD is
lower compared with surface observations under the exy
tremely high-pollution case compared with surface ob-

servations (Compernolle et al., 2020). The performanceThe new approach proposed here to

ularly improve and, since the sensitivity of OH to each
precursor is estimated by the chemical box model, we
can easily improve the OH using the updated observa-
tional datasets.

The OMI measures concentrations of chemical species
around local time 13:30 LT, but most of the CCMI mod-
els only provide monthly means for 3D distribution of
chemical concentrations. The monthly mean J\N&hd

O3 concentrations simulated by 3D models are there-
fore constrained only by such afternoon observations.
For O3, of which the tropospheric mean lifetime is
234 2:2d (Young et al., 2013), we assume that not
considering diurnal variations only has a small in u-
ence. This is not the case for N@ith a much shorter
lifetime ( 1d, Jaffe et al., 2003). By comparing the
tropospheric N@ VCDs observed by SCIAMACHY
(SCanning Imaging Absorption SpectroMeter for At-
mospheric Chartography; overpass time around local
time 10:00 LT) with OMI, previous studies show that the
tropospheric N@ VCDs have signi cant diurnal varia-
tions (Boersma et al., 2008, 2009). Diurnal variations of
NO_ VCDs are controlled by complex factors including
local emissions, photochemistry, deposition, advection,
etc., and vary among different seasons over different re-
gions (Boersma et al., 2008, 2009). Considering the di-
urnal cycle of NQ photolysis, tropospheric NO/CDs
over remote regions should be lower during daytime
than nighttime (Cheng et al., 2019). Constraining the
model-simulated monthly mean NQ&CDs with satel-

lite data at the overpass time leads to an overestimation
of the high bias of modeled tropospheric N&CDs.
Thus, the @ 10° molec. cm 3 estimated in this study
gives an upper limit of the high bias in global [Qfd}p-m

due to boundary layer N

Since we only have the tropospheric N®CDs, an-
other key factor that could in uence the tropospheric
OH burden but is unconstrained in this study is N©

the free troposphere. Although the N@ixing ratio is
usually less than 1 ppbv in the free troposphere, the sen-
sitivity of OH to NO, can be very high in low N@re-
gions. However, a potential model bias due to lightning
NOy emissions, which had proven to contribute signif-
icantly to the upper-tropospheric OH burden (Murray
et al., 2013; Turner et al., 2018), is not adjusted in our
study. Satellite retrievals for upper-tropospheric NO
(e.g., Belmonte Rivas et al., 2015; Marais et al., 2021)
could help quantify OH biases due to free tropospheric
NO, and the contribution of lightning NOemissions.

.4 Future developments

improve the

of this method depends on the accuracy of observation8D OH elds and chemical loss of CHcan be applied
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