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Abstract. Global models are widely used to simulate biomass burning aerosol (BBA). Exhaustive evaluations
on model representation of aerosol distributions and properties are fundamental to assess health and climate im-
pacts of BBA. Here we conducted a comprehensive comparison of Aerosol Comparisons between Observations
and Models (AeroCom) project model simulations with satellite observations. A total of 59 runs by 18 models
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from three AeroCom Phase-Ill experiments (i.e., biomass burning emissions, CTRL16, and CTRL19) and 14
satellite products of aerosols were used in the study. Aerosol optical depth (AOD) at 550 nm was investigated
during the re season over three key re regions re ecting different re dynamics (i.e., deforestation-dominated
Amazon, Southern Hemisphere Africa where savannas are the key source of emissions, and boreal forest burn-
ing in boreal North America). The 14 satellite products were rst evaluated against AErosol RObotic NETwork
(AERONET) observations, with large uncertainties found. But these uncertainties had small impacts on the
model evaluation that was dominated by modeling bias. Through a comparison with Polarization and Direction-
ality of the Earth's Re ectances measurements with the Generalized Retrieval of Aerosol and Surface Properties
algorithm (POLDER-GRASP), we found that the modeled AOD values were biase®8%6 to 152 %, with

most models showing signi cant underestimations even for the state-of-the-art aerosol modeling techniques (i.e.,
CTRL19). By scaling up BBA emissions, the negative biases in modeled AOD were signi cantly mitigated, al-
though it yielded only negligible improvements in the correlation between models and observations, and the
spatial and temporal variations in AOD biases did not change much. For models in CTRL16 and CTRL19, the
large diversity in modeled AOD was in almost equal measures caused by diversity in emissions, lifetime, and
the mass extinction coef cient (MEC). We found that in the AeroCom ensemble, BBA lifetime correlated sig-

ni cantly with particle deposition (as expected) and in turn correlated strongly with precipitation. Additional
analysis based on Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) aerosol pro les suggested that
the altitude of the aerosol layer in the current models was generally too low, which also contributed to the bias in
modeled lifetime. Modeled MECs exhibited signi cant correlations with the Angstrém exponent (AE, an indi-
cator of particle size). Comparisons with the POLDER-GRASP-observed AE suggested that the models tended
to overestimate the AE (underestimated particle size), indicating a possible underestimation of MECs in models.
The hygroscopic growth in most models generally agreed with observations and might not explain the over-
all underestimation of modeled AOD. Our results imply that current global models contain biases in important
aerosol processes for BBA (e.g., emissions, removal, and optical properties) that remain to be addressed in future
research.

1 Introduction els produced substantial underestimations of AOD over BB
regions with highly varying extents despite using different
. . . . emission inventories (Kaiser et al., 2012; Veira et al., 2015;
Biomass burning (BB) injects large quantities of aerOSOISJohnson et al., 2016; Reddington et al., 2016; Mallet et al.,

into the atmosphere every year. It is estimated that BB is re- :
. 2021). For example, Kaiser et al. (2012) showed the global
sponsible for 26 % to 73 % and 27 % to 41 % of global or- ) P ( ) g

. o Monitoring Atmospheric Composition and Change (MACC)
ganic carbon (OC) and black carbon (BC) emissions, respec: | | dri e £ he Global Eire As-
tively (Bond, 2004; Andreae and Rosenfeld, 2008; Wiedin-aeroso model driven by emissions from the Global Fire As

similation System (GFAS) underestimated AOD by a factor

myer etal., 2011; Wang et al., 2014; Huang et al., 2015). ASof 2 to 4 for BBA, while Johnson et al. (2016) found that

aresult, BB aerosol (BBA) has a considerable impact on hu'the AOD was underestimated by a factor of 1.6 to 2 in the
man health and the global climate. For example, numerou

. Yimulations by Hadley Centre Global Environment Model
studies have shown that exposure to BBA can cause cardlcv rsions 2 and 3 (HadGEM2 and HadGEM3) based on the
vascular diseases and subsequently lead to premature deaéﬁobal Fire Emissions Database version 3 (GFED3). The

(Johnston et al., 2012; Lelieveld et al._, 2015). In add't'on’systematic underestimation of AOD in global models sug-
BBA can also alter the global and regional energy budgets

. . . o . L ests a potential negative bias in current BB emission inven-
by interacting with solar radiation directly and indirectly by 9 P g

difving the lifeti d albedo of cloud th hits rol tories (Reddington et al., 2016). Several factors could con-
modifying the lifetime and albedo of cloud through its role as tribute to producing such bias in emission inventories based

cloud condensation nuclei and ice-nucleating particles (En'on either satellite-detected burned areas (e.g., van der Werf

gelhart et al., 2012; Jahl et al., 2021). On a global scale, asg al., 2017) or re radiative power (FRP: e.g., Ichoku and

se;snjents of these he.alth af‘d climate i_mpacts rely d.ireCﬂ%IIison, 2014). The burned-area-based emission inventories
or indirectly on model S|mulat|0|js regard-mg BBAS d|str|PuT comprise uncertainties in satellite detection of burned areas
tions, composition, and properties (Martins et al., 2009; Lmand fuel load (Randerson et al., 2012; Andela et al., 2016),

etgl., Zofltﬁ; [?ong et 3'" 20319)' bles to d del while FRP-based emission datasets are largely affected by
ne ofthe irequently used variables 1o de Ne MOCEIrepre-y, . . hqlation of FRP into rates of biomass combustion

sen';anon I)ortEBA IS a:ar%soldoptlcal dgptht_(ACI)D), Wh':h ‘?'e't Kaiser et al., 2012). In addition, both emission datasets rely
pends on both aerosoiabundance and optical properties in uncertain emission factors converting burned biomass to
atmosphere. Previous studies have reported that global mod-
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trace gas or aerosol emissions (Stockwell et al., 2015). More- To better quantify and interpret the model bias of BBA, we
over, when these emission inventories are used to run modelspnducted a comprehensive inter-comparison between vari-
the OC emissions will be converted to emissions of organicous global models and observations. The aim of this work
aerosol (OA) based on the assumed=0& ratio, which s to provide a satellite-based assessment of state-of-the-art
differs extensively among models (Gli3 et al., 2021). It is global models in representing BBA, which has long been rec-
thus expected to see large diversities in simulated AOD fromognized as an important contributor to overall aerosol uncer-
models driven by varying BBA emission inventories. tainties (Kanakidou et al., 2005; Myhre et al., 2013). This
In addition to emissions, model performance for simulat- study focuses on AOD at 550nm — a basic optical prop-
ing BBA also depends on model con gurations. This has erty used to measure the abundance of aerosols in the atmo-
been reported for individual models. Reddington et al. (2019)sphere — during re seasons. A model ensemble was built
showed that increasing the aerosol hygroscopicity can reduckom three Phase-Ill experiments of the Aerosol Compar-
AOD errors simulated by Global Model of Aerosol Processesisons between Observations and Models (AeroCom) project.
(GLOMAP) over tropical BB regions. A similar impact of Such a comparison between models and satellite observation
hygroscopicity was also observed in Johnson et al. (2016nsembles will provide more robust results than individual
by comparing the modeled AOD errors between two aerosocomparisons, and the spread of individual models allows an
schemes in the HadGEM3 model. Schill et al. (2020) foundin-depth interpretation of the modeled diversities. Additional
that the large BBA biases in the remote troposphere couldnodeled variables and observations (e.g., total emissions,
be eliminated by increasing wet removal strength. Addi-aerosol load, precipitation, plume height, Angstrém expo-
tional con gurations that can alter model performance in- nent, hygroscopic growth) were also used to further aid in
clude, for example, model resolution (Bian et al., 2009), par-the interpretation. Prior to the model validation, we assessed
ticle size distribution (Mian Chin et al., 2009), complex re- a total of 14 satellite products to identify the possible uncer-
fractive index (Brown et al., 2021), aerosol lifetime (Bauer tainties induced by observations of AOD. The paper is or-
et al., 2013), and aerosol mixing state (Cappa et al., 2012ganized as follows. The details of the methodology and data
Brown et al., 2021). With different assumptions, methodolo- sources are presented in Sect. 2. Section 3 evaluates satellite
gies, and parameterizations selected for aerosol processes @servation uncertainties over the selected re regions and
models, model evaluations can be very different even whertheir impacts on model validations. Section 4 quanti es the
the same emission inventory is used. model bias in AOD. Section 5 presents the diversity in mod-
Apart from the issues in emissions and model con gura- eled AOD, which is further interpreted through three aspects
tions, the uncertainty in observations is another factor af-of the modeling processes.
fecting model evaluations. The AErosol RObotic NETwork
(AERONET) is frequently used as a solid observation dataseE Data and methods
for aerosols (Tombette et al., 2008; Smirnov et al., 2011).
However, AERONET is not particularly well aligned with
BBA regions and available observations are limited (e.g.,
in Africa, Siberia). Over specic BB regions, ight cam- This study evaluated the AOD at 550 nm simulated by mod-
paign measurements are applied to be compared with mockls from three AeroCom Phase-Ill experiments: the biomass
els for certain periods (e.g., Myhre et al., 2003; Johnson eburning emissions experiment (BBE), control experiment
al., 2016). But the temporal coverage of these campaigns i2016 (CTRL16), and control experiment 2019 (CTRL19). A
limited given the large inter-annual variability in res (van total of 18 different models were investigated in our study,
der Werf et al., 2017), and the observations suffer fromwith parts of the models participating in multiple experi-
uncertainties due to sampling instruments (Pistone et al.ments with different versions. Table 1 provides an overview
2019). In comparison, satellite datasets provide more conef these models; more details are provided in the Supplement
tinuous observations in space and time. Unfortunately, sateland listed references. The general settings of the three exper-
lite remote sensing, conducted by either a polar-orbiting oriments were as follows.
a geo-stationary satellite, suffers from a series of uncertain- The aim of BBE was to quantify the impact of BBA emis-
ties and noise that can originate from radiance calibrationsions on AOD simulations. All the participating models pre-
cloud screening, the effects of strong surface re ection, andsented simulations for the year 2008 using the prescribed BB
the variation in aerosol particle sizes and components (Li eemission input (GFED3). In addition, simulations with scal-
al., 2009; Schutgens et al., 2020; Falah et al., 2021). As ang factors of 0, 0.5, 2, and 5 (referred to as BBEO, BBEO.5,
result, the satellite-retrieved AOD displays signi cant vari- BBE2, BBE5) adapted to GFED3 emissions were also pro-
ations. For example, Schutgens et al. (2020) found that theided. These scaling factors were based on a preliminary
diversities of individual satellite products can reach up tosimulation by the Goddard Chemistry Aerosol Radiation and
100 % on regional scales. It is therefore necessary to underffransport (GOCART) aerosol model, which found that using
stand the uncertainties in the satellite products prior to thedefault GFED3 emissions would lead to AOD underestima-
model validation. tions over most re regions (Petrenko et al., 2012). The per-

2.1 Models and variables
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Table 1. The details of the AeroCom Phase-Ill models evaluated in this study.

Model Experiment Model version Lat long layer Meteorology Reference

CAM-Oslo CTRL16 CAM5.3-Oslo 192 288 30 ERA-Interim Kirkevag et al. (2018)
CTRL19 NorESM2 (CAM6-Nor) 192 288 32 Seland et al. (2020)

CAM5 BBE CAM5.3_f19 96 144 30 ERA-Interim Liu et al. (2012)
CTRL16 CAM5.3_f19

CAM5-ATRAS CTRL19 CAM5-ATRAS-v2.0 96 144 30 MERRA-2 Matsui (2017)

Matsui and Mahowald (2017)

ECHAM-HAM BBE ECHAMG6.1-HAM2.2 96 192 47 ERA-Interim Tegen et al. (2019)
CTRL16 ECHAMG6.3-HAM2.3
CTRL19 ECHAM6.3-HAM2.3

ECHAM-SALSA  BBE ECHAMG6-SALSA 96 192 47 ERA-Interim Kokkola et al. (2018)
CTRL16 ECHAMG6-SALSA
CTRL19 ECHAMG6.3-SALSA2.0

ECMWEF-IFS BBE ECMWEF-IFS-CY45R1-CAMS 256512 60 ECMWEF-IFS Rémy et al. (2019)
CTRL16 ECMWF-IFS-CY42R1-CAMS
CTRL19 ECMWEF-IFS-CY46R1-CAMS

EMEP CTRL19 EMEP_rv4_33 360720 20 ECMWF-IFS EMEP (2012)

GEOS CTRL19 GEOS-i33p2 181360 72 MERRA-2 Colarco et al. (2010)

GEOS-Chem BBE GEOS-Chem-v9-02 442 47 MERRA-2 Bey et al. (2001)
CTRL16 GEOS-Chem-v11-01 91144 47

GFDL BBE GFDL-AM4p0 180 360 33 NCEP/NCAR Donner et al. (2011)

GISS-MATRIX BBE GISS-ModelE2-MATRIX 90 144 40 NCEP/NCAR Bauer et al. (2008)
CTRL19 GISS-ModelE2p1pl-MATRIX

GISS-OMA BBE GISS-ModelE2-OMA 90 144 40 NCEP/NCAR Bauer et al. (2020)
CTRL19 GISS-ModelE2plp1l-OMA

HadGEM3 CTRL16 HadGEM3-GA7.1 144192 38 ERA-Interim Bellouin et al. (2013)

Mulcahy et al. (2020)

IMPACT CTRL16 IMPACT 96 144 30 Liu et al. (2005)

INCA BBE INCA 143 144 79 ECMWF Balkanski et al. (2004)
CTRL16 INCA-BCext Schulz et al. (2009)

OsloCTM BBE OsloCTM2 64 128 60 ECMWF Myhre et al. (2007, 2009)
CTRL16 OsloCTM3 80 160 60
CTRL19 OsloCTM3v1.02 80 160 60

SPRINTARS BBE MIROCS5.2-SPRINTARS 320640 40 ERA-Interim Takemura et al. (2005)
CTRL16 MIROCS5.9.0-SPRINTARS
CTRL19 MIROCG6-SPRINTARS ERA5

TM5 CTRL16 TM5-mp 90 120 34 ERA-Interim van Noije et al. (2014, 2021)
CTRL19 TM5-mp-r1058

Models participated in one or multiple experiments with either the same or different model versions. The experiments include biomass burning emissions (BBE) for 2008;
control 2016 (CTRL16) for 2006, 2008, and 2010; and control 2019 (CTRL19) for 2010.

Atmos. Chem. Phys., 22, 11009-11032, 2022 https://doi.org/10.5194/acp-22-11009-2022



Q. Zhong et al.: AeroCom model evaluation in re regions 11013

turbations in emissions would allow a quantitative analysis2.3 Observation data
of the AOD emission response.

The models in CTRL16 adopted the standard diagnostic
and presented simulations for 2006, 2008, and 2010. Th
modelers were advised to nudge the meteorology to (or drivé
the models by) their preferred datasets (see Table 1). Th
standard outputs mainly included 2-D elds at a monthly fre-
quency, which were extended by several other experiment&

total of 14 satellite AOD datasets were used in this study.
§able 2 provides an overview of the datasets. The AOD data
t 550 nm wavelength were obtained by either direct retrieval
r interpolation/extrapolation from the AOD at nearby wave-
engths.
The ground-based remote sensing data were taken from
ERONET DirectSun L2 v3 (Dubovik et al., 2000). The lo-
ations of the AERONET sites within the three re regions
are shown in Fig. la. Given that the sparse distribution of
AERONET sites results in poor spatial data coverage, espe-
cially in SHAF and BONA, we mainly used the AERONET
data to evaluate the satellite datasets, while model validations

launched subsequently (e.g., the remote sensing experimen
High-frequency (3 h) AOD data together with other informa-
tion (e.g., 3-D elds of the AOD) are currently available. In
this study, we examined 12 models with an AOD output at a
3 h frequency for 2006, 2008, and 2010.

The state of the art of aerosol modeling for 1850 (pre- lied tellite dat
industrial era) and 2010 (present day) was assembled ih° II:eor ?hnes\?e(raticl:ael p?oallés we used the Cloud-Aerosol Lidar
CTRL19. All models were nudged to (or driven by).a xgd I){Vith Orthogonal Polarization (CALIOP) L2 layer 5 km v4.20
ent data sources (see Table 1). Emissions from the Couple roduct. The EC data at 532 nm were compared with mod-

Model Intercomparison Project Phase 6 (CMIP6) were useoglil_(%szo ?m) wherle the ngc?jl da}ta wert?] i\/ﬁ"gblfi Fo:
when applicable. The model AOD was output at a daily or ata, we only considered columns that had at leas

monthly frequency. In this study, we selected 12 models thaf"® aerosol retrieval based on the cloud—aerosol discrimi-
provideyd agaily o)lljtput for 2012)/ nation (CAD) scores (CAD< 20) (Watson-Parris et al.,
) 2018). Columns with extreme CAD scores ( 100) were

In addition to AOD, other variables from the models were .
used to interpret model diversity when available. These ad-also excluded because they might have been the result of bad

ditional variables included emissions, total deposition (bothShOts (Watson-Parris ?t al., 20.18)' To ensure da‘Fa qpahty, we
dry and wet deposition), aerosol column load (with aerosolonIy used the most reliable retrievals that had extinction qual-

species resolved), the vertical pro le of the extinction coef- ity control (QC) ags of 0, 1, 2, 16, or 18. In addition to

cient (EC), precipitation, and the Angstrém exponent (AE, the direct comparison of vertical extinction pro les, we cal-

which was calculated using the AOD at 440 and 550 nm; theCUIated the weighted mean plume extinction height (PEH)

. : . based on the vertical EC and layer heighf for the aerosol
AE-based interpolation was adopted if AOD at 440 nm was )
not available for some models). layers below 6 km (Kof et al., 2016), as shown by Eq. (1):

We also prepared a questionnaire lled out by modelers P EC h;
to acquire information on the model con guration details PEHD —'E;Cl 1)
(see Supplement). Information was collected for models in
CTRL16 and CTRL19. In addition, we evaluated the modeled precipitation as it is

the cause of a major deposition process. The precipitation
data were taken from the Global Precipitation Climatology
2.2 Fire regions Project (GPCP), which incorporates precipitation from low-

orbit satellite data, geosynchronous satellite data, and surface
Based on the models considered, three key BB regions wergaindrop observations (Adler et al., 2003).

selected in this study: the Amazon (AMAZ), Southern Hemi-
sphere Africa (SHAF), and boreal North America (BONA). 5
Figure 1 shows the domains of these three regions and the
corresponding OC emissions from BB. In terms of their To mitigate sampling issues associated with sparsely dis-
aerosol emission, different re types could be identi ed in tributed observations, we conducted strict collocations before
each region. The BB emissions in AMAZ were dominated the data were evaluated (Schutgens et al., 2016a, b). Both
by tropical forest res and deforestation, whereas emissionmodel and observation data were rstly re-gridded into the
from savanna grassland res was the major source in SHAF1 1 spatial grid boxes. The temporal resolution was aggre-
In BONA, BB aerosols were mainly emitted from boreal for- gated into 3 h or daily intervals according to the model output
est res. Regions with agricultural waste burning or temper- frequency (see Table 1). For the satellite validation against
ate forest res were not considered due to their small contri-AERONET, we compared satellite data with AERONET at
bution on a global scale (van der Werf et al., 2010). Usingthe resolution of 1 1 3 h. Especially the plume height
the satellite observation of AOD, we de ned the re seasonsin models was validated against CALIOP on a monthly ba-
(dry seasons) over the three regions (see Fig. 1b) that wersis since CTRL19 models only provided data at such a res-
investigated in this study. olution. Vertically, the CALIOP data were aggregated into

.4 Data analysis

https://doi.org/10.5194/acp-22-11009-2022 Atmos. Chem. Phys., 22, 11009-11032, 2022
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Figure 1. Three focused re regions in this studg) Global map of BB OC emissions averaged for 2006, 2008, and 2010 based on GFEDA4.1s
(https://www.global redata.org/, last access: October 2021). The domains of the three re regions are shown by the red boxes together with
the AERONET sites (purple dots)) The monthly evolutions of BB OC emissions from six re types in AMAEL), SHAF (b2), and

BONA (b3), respectively. The un-collocated regional mean AOD observations from 14 satellite datasets are shown by the light-red-shaded
areas as interquartile ranges (only the grid boxes with more than 20 data available in a month are included). Emissions for BB were considerec
in terms of the biome/ re type: tropical forest and deforestation (DEFO), savanna (SAVA), temperate forest (TEMF), boreal forest (BORF),
peat (PEAT), and agricultural waste (AGRI).

100 m intervals, and all the extinction pro les from models companied each Taylor diagram with a plot showing the nor-

were linearly interpolated into the same resolution for vali- malized mean bias (NMB, de ned as the mean bias divided

dation. by the mean value of observation) to provide a comprehen-
The data aggregation and collocation were processed via sive evaluation.

command-line tool called Community Intercomparison Suite

(CIS; Watson-Parris et al., 2016). '_I'o quantitatiyely evalua'Fe3 Evaluation of satellite products

the model performance and satellite observation uncertain-

ties, we utilized Taylor diagrams to present the statistics, in-3.1  validating satellite products against AERONET

cluding the Pearson correlation coef ciem(standard de- dataset

viation (SD), and centered root mean square error (CRMSE)

(Tay|or' 2001) Tay|0r diagrams are presented in p0|ar CO'A Iarge number of satellite AOD datasets have become avail-

ordinates with the polar axis showing the SD of evaluated@ble, and it is important to use the dataset that can adequately

data and cosine of the polar angle showing thealue be- ~ Serve the speci c research goal. In light of the uncertain-

tween evaluated and “reference” data. The distance betweeltes in satellite observations, we evaluated individual satel-

the evaluated and reference data shows the CRMSE accordit€ datasets against AERONET observations before model

ing to the law of cosines. Both evaluated and reference dat¥@lidation in the three re regions. The evaluation was only

were normalized by the SD of reference data so that the refelconducted for data during the re seasons, and most obser-

ence was always located at [1, 0] (see Fig. 2a for an example)/ations were collected over AMAZ.

A Taylor diagram is a convenient way to visualize the perfor- Figure 2 shows the evaluation of 14 satellite datasets

mance of models or observations versus a reference datas@dainst AERONET observations for the three re regions

However, bias is not shown by Taylor diagrams, and we acduring the re season. The data points in the Taylor diagram
were normalized by AERONET data with different sampling

Atmos. Chem. Phys., 22, 11009-11032, 2022 https://doi.org/10.5194/acp-22-11009-2022
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Table 2. Details of the satellite datasets used in this study.

11015

Platform Instrument  Algorithms/products  Dataset name Reference
Aqua MODIS BAR v1.0 Aqua-MODIS-BAR Lipponen et al. (2018)
Deep Blue C6.1 Aqua-MODIS-DB Hsu et al. (2013, 2019)
Sayer et al. (2019)
Dark Target C6.1 Aqua-MODIS-DT Remer et al. (2005)
MAIAC v2.0 Agqua-MODIS-MAIAC  Lyapustin et al. (2018)
Terra MODIS BAR V1.0 Terra-MODIS-BAR Lipponen et al. (2018)
Deep Blue C6.1 Terra-MODIS-DB Hsu et al. (2013, 2019)
Sayer et al. (2019)
Dark Target C6.1 Terra-MODIS-DT Remer et al. (2005)
MAIAC v2.0 Terra-MODIS-MAIAC  Lyapustin et al. (2018)
Envisat AATSR ADV/ASV v2.30 AATSR-ADV Sogacheva et al. (2017)
ORAC v3.20 AATSR-ORAC Thomas et al. (2009)
Suv4.21 AATSR-SU North et al. (1999)
North (2002)
Bevan et al. (2012)
NOAA-18 AVHRR Deep Blue AVHRR-DB Sayer et al. (2017)
SeaStar SeaWiFS Deep Blue SeaWiFS-DB Hus et al. (2013)
PARASOL POLDER GRASP v2.1 POLDER-GRASP Dubovik et al. (2011)

Figure 2. Comparison of the 14 satellite AOD products against AERONET observations as shown by a Taylor degaach scatter

diagram of NMB(b). The colors and shapes of dots indicate different satellite datasets and re regions. All the satellite data were individually
collocated with AERONET data during the re seasons. POLDER-GRASP and SeaWiFS products over BONA are not shown because the
available sample size was too small %) after collocation.

for each product (Fig. 2a), while NMBs are shown in the ized Retrieval of Aerosol and Surface Properties algorithm
scatter diagram (Fig. 2b). All the satellite datasets agreedPOLDER-GRASP) dataset and two algorithms adopted to
with AERONET observations over AMAZ better than the Moderate Resolution Imaging Spectroradiometer (MODIS)
other two regions, with stronger correlations{ 0:85 to data (BAR and Dark Target) tended to overestimate AOD
0.95) and lower normalized CRMSE (0:5). For AMAZ, (3% to 13%), while the others resulted in underestima-
all the datasets had similar correlations and CRMSEs butions ( 1% to 20 %). Unlike in AMAZ, individual satel-

very different biases. The Polarization and Directionality of lite products agreed less well with AERONET and there
the Earth's Re ectances measurements with the Generalwere strong variations within each of them over SHAF and
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BONA (r D 0:31t0 0.91, CRMSID 0.51to 1.71). All prod-  ¢) or synchronously (i.e., the model data were collocated with
ucts except Aqua-MODIS-BAR underestimated AOD over the same sampling where all satellite products could provide
SHAF ( 7% to 73%), whereas most products overesti- data; see Fig. 3d—f). In the latter case, only products that had
mated AOD over BONA by up t&€€ 73 %. Both the spatial a similar overpass time to POLDER-GRASP were consid-
data coverage and the temporal data coverage in BONA andred (i.e., with an overpass time in the afternoon, excluding
SHAF were much lower than in AMAZ, probably due to datasets on board Terra and Envisat). For comparison, the un-
the higher surface re ectance (less forested), which madecertainty ranges of 25 %, 50 %, and 100 % for the interquar-
the retrievals more dif cult and less accurate (Fraser andtile for the spread of multiple products relative to POLDER-
Kaufman, 1985). Generally, we found that MODIS prod- GRASP are also shown.
ucts agreed well with the AERONET data, although details For the individual collocation case, we found that the un-
vary by the retrieval algorithm. For example, the MODIS- certainties inr and CRMSE (Fig. 3a—c) due to the different
BAR products were the best in AMAZ and SHAF, while satellite products were generally lower than 25 %, indicat-
the MODIS-MAIAC product was better than the others in ing a small impact when using different satellite datasets.
BONA. From the perspective of bias, we found that the vari- The impact on CRMSE was slightly stronger than that on
ations among satellite products were affected more by the alr, which suggested that different satellite products tended
gorithm than the instrument, which was related to the amounto have higher consistency in capturing the spatiotemporal
of spectral information used in the retrieval. For example, variations than the magnitude of AOD. In the case of NMB,
the data spread of the four instruments that adopted the¢he impacts of verifying against different satellite data prod-
DeepBlue algorithm (i.e., Aqua-MODIS-DB, Terra-MODIS- ucts were large only when the modeled NMB was small
DB, AVHRR-DB, and SeaWiFS-DB) was smaller than that (< 20 %). The majority of simulations had an NMB higher
for the MODIS products that used four different algorithms than 40 %, suggesting the uncertainties among the differ-
(i.e., BAR, DB, DT, and MAIAC) for all three regions. ent satellite products were less important for NMB and the
It should be noted that the evaluation was affected by repmodeled bias was dominated by the biases in the model in-
resentation issues. As shown by Fig. 1, there were morestead of the difference in satellite products.
AERONET sites located in re areas in AMAZ, while in For the synchronous collocation which eliminated the
SHAF, the AERONET sites were far from the re emission sampling differences (Fig. 3d—f), similar results were ob-
sites and the downwind area and only captured a small part afained with even much smaller satellite uncertainties. In this
the BB aerosol signals. In BONA, the temporal coverage ofcase, all the satellite products were collocated, which greatly
both AERONET and satellites was poor. Due to the stratocu+educed the frequency of cloud contamination issues and pro-
mulus and low broken cumulus cloud contamination, satellitevided more reliable results. Due to the synchronous collo-
retrievals of AOD were enhanced, which could lead to un-cation, a large portion of the original observations was |-
expected overestimations when compared with the groundtered and statistical noise may stand out. We then conducted
based observations over BONA (Toth et al., 2013). a 10 000-time bootstrap sampling with replacement to exam-
ine the potential effects of such noise. Each time, we ran-
domly excluded 20 % of the data to test the robustness of our
evaluations. The coef cient of variation for the satellite ob-
servation uncertainties from the 10 000-time bootstrap sam-
In this study, we utilized POLDER-GRASP to evaluate all pling was 1% to 10% for, 1% to 12 % for CRMSE, and
the models. AOD from POLDER-GRASP has been validated3 % to 27 % for NMB. For the stronger variation in NMB,
in a previous study which suggests POLDER-GRASP is su-over 85 % of simulations were subject to an NMB variation
perior to other products globally (Schutgens et al., 2021).of less than 10 %, suggesting very robust results for the above
The AE data have also been validated before, showing analysis. All this indicated that although there were different
good agreement with AERONET (Chen et al., 2020). In ourerrors in these satellite products, only a small part (account-
study, we also investigated how the observation uncertaining for < 25 % of the modeled errors) could be expected to
ties mentioned above may affect model validations, whichaffect the model validation. Given the small impacts, we de-
were indicated by the interquartile ranges of th&€ RMSE,  cided to validate models against the POLDER-GRASP prod-
and NMB based on validations using different satellite prod-uct for both AOD and the AE, which provided a degree of
ucts. The interquartile values were further compared with theconsistency for the whole analysis.
statistics (i.e.r, CRMSE, and NMB) when using POLDER- Though model validations during re seasons would not
GRASP to show the uncertainty range when using the spebe altered much by using different satellite datasets, this is
ci ¢ dataset. Before calculating the difference in model vali- not the case for other areas/periods. For example, in the same
dation (i.e.y, CRMSE, NMB) due to different satellite prod- re regions outside the re seasons, we found that the uncer-
ucts, each model was collocated with satellite products eitainties due to different satellite products could be as high as
ther individually (i.e., all the models were collocated with 50 9% in most cases (not shown). Therefore, we highly rec-
the different sampling of each satellite product; see Fig. 3a—

3.2 Impacts of different satellite datasets on model
validations
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Figure 3. Variation in model AOD evaluation due to different choices of satellite products in terms of the correlation coefaief)t

centered root mean square er(br €), and normalized mean bigs, f). The results are shown as comparisons between the values using
POLDER-GRASP (horizontal axis) and interquartile ranges (vertical axis) when validating each model with different satellite products. The
top (a—c) and bottom(d—f) panels show the results for individual and synchronous collocation, respectively. The color, shape, and size of
dots indicate different models, three re regions, and three AeroCom experiments, respectively. The dashed lines show the 25 %, 50 %, and
100 % slopes (the interquartile relative to POLDER-GRASP). The GISS-OMA data for BBE over BONA are not shipydue to the

very high CRMSE.

ommend evaluations of satellite datasets before using themespectively. Models produced signi cantly smaller NMB
for model validations. over AMAZ than over the other two regions, though the inter-
model variation was also found to be the highest among the
three regions. More than half of the simulations showed an
4 Evaluation of AeroCom models underestimation of AOD by a factor of 2, consistent with
] . previous studies (e.g., Kaiser et al., 2012; Veira et al., 2015;
We then evaluated AOD in AeroCom models in three ex- johnson et al., 2016). In Fig. 5, we compared the daily AOD
periments using the POLDER-GRASP product. All model series for the model ensembles with POLDER-GRASP ob-
data were collocated with POLDER-GRASP sampling. Theseryations. For most models, the underestimations of AOD
model evaluation is shown in Fig. 4 via Taylor diagrams andenged to be exacerbated during the peak of observations.
bias plots. The values ranged from 0.1 (INCA over BONA | addition to the overall model evaluations, we also eval-
in BBE) to 0.78 (ECMWF-IFS over SHAF in CTRL19) for  ated the modeled temporal (time series for all the re re-
all models and regions, with a median value of 0.63. Overgjons) and spatial patterns (temporal averages for individual
80 % of the model simulations had anvalue higher than grid boxes during re seasons). In Fig. 6, we compared the
0.5, but only 24 % of simulations had correlations strongertemporal and spatial correlations of modeled AOD with ob-
than 0.70, suggesting a generally moderate capability folseryations. Most models showed similar temporal and spa-
capturing the spatiotemporal variation in aerosol data. Fotjg| correlations ranging from 0.6 to 0.9, which were slightly
CRMSE, the modeled variation (de ned as the interquartile higher than the overall correlations shown in Fig. 4 due to
range divided by the median value, 51 %) was stronger thanyata averaging. Both the spatial and the temporal correla-
that forr (22%), indicating a higher modeled disparity of tjons in most models clustered in this range, which partly
the AOD magnitude than the spatiotemporal trends. Basegyplained the similarity of the overall correlations mentioned
on an analysis of variance forand CRMSE (Fig. 4a—C), we  apove. We found there was no signi cant difference between
found that the models showed similar performance over thgnhe temporal and spatial correlations in individual models
three regions as there was no signi cant difference found.from the three experiments. Although the AOD errors dif-
The median NMBs of models (Fig. 4d) for AMAZ, SHAF,  fered substantially per model, the spatial and temporal varia-

and BONA were 28% ( 6% to 54% as interquartile),  tjon among models tended to be small. For the model ensem-
54% ( 30%to 63%), and 54% ( 46% to 57 %),
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Figure 4. Validation of AeroCom models against POLDER-GRASP observations for AOD during re seasons. The validations of models
from the three AeroCom experiments are shown as Taylor diagrams for(BBETRL16 (b), and CTRL19(c). The NMB for all the
models is shown in panédl). The colors and shapes of dots indicate different models and re regions. All the model data are collocated with
POLDER-GRASP data. The evaluation is for 2008 in BBE; for 2006, 2008, and 2010 in CTRL16; and for 2010 in CTRL19. The GISS-OMA
data for BBE over BONA are not shown {g) due to the very large normalized CRMSE.

bles, we found there was no signi cant difference among theels forr, CRMSE, and NMB. As expected, NMB increased
three experiments for both spatial and temporal correlationsmonotonously with the increase in emissions. Most models
even though improvements might occur in emission inven-would produce signi cant positive bias when the scaling fac-
tories and/or models following the time sequence from BBEtors to GFED3 reach 5, but more than half of models still
to CTRL16 to CTRL19. We also compared the variations in underestimated AOD when BBA emissions were doubled.
temporal and spatial AOD biases, as shown in Fig. 7. HereSuch trends were also found for CRMSE with a much weaker
the variations were de ned as the ratio of interquartile to me- sensitivity. Similar phenomena were also found in the other
dian values of the time series (temporal variations) or spatiatwo experiments. For example, we found the ECHAM-HAM
averages (spatial variations) of absolute modeled AOD biasmodel agreed well with observation in the CTRL16 experi-
The spatial variations were signi cantly smaller than tempo- ment which used 3.4 GFAS emissions, while it produced
ral variations for all three experiments, suggesting the differ-large underestimation when the CMIP6 emissions (much
ent temporal evolution of AOD biases was the leading causdower than 3.4 GFAS) were used (see Fig. 4d). Given the
of the large NMB diversity in Fig. 4. It partly suggested that metrics of CRMSE and NMB, the ensemble of models in
current emission inventories had a better representation oBBE showed the best agreement with observations when the
BBA emissions over space than over time. emissions were scaled by a factor of 2. This systematic re-
Since the modeled AOD bias is strongly affected by in- sponse of modeled bias also suggested a possible underesti-
put emissions (Kaiser et al., 2012; Johnson et al., 2016), wenation of emissions in the applied inventory (GFED3). How-
also investigated the model response to the changes in emigver, correlations in most models did not improve along with
sions based on BBE. This scaling-up procedure has beethe increased emissions since there was no further spatiotem-
used to x overall AOD errors for BBA in previous stud- poral information added into the emissions.
ies (e.g., Kaiser et al., 2012; Johnson et al.,, 2016; Veira The modeled AOD bias during re seasons could be due
et al., 2015). Figure 8 shows the evaluation of these modio both BBA and background sources (e.g., anthropogenic,
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Figure 5. Daily time series for the AOD mean bias for AMAA1-c1) SHAF (a2—c2) and BONA(a3—c3)in BBE (a), CTRL16(b), and
CTRL19(c) experiments. All the model data are collocated with POLDER-GRASP during re seasons. Data are shown for 2008 for BBE
and 2010 for CTRL16 and CTRL19.

biogenic, dust, and sea salt aerosols). However, it is dif - rst evaluate the diversity in modeled AOD and the possible
cult to isolate BBA errors from the background based on ex-drivers that could lead to such variability and then compare
isting simulations. Since we found that most models underthose drivers with available observations to understand the
estimated AOD in the BBEL simulations, it was not possi- model variability and therefore bias. This practice will also
ble to determine the real BBA impacts by comparing BBEL1 contribute to future model development. Unless stated other-
and BBEO simulations. Instead, we compared the collocatedvise, data in this section are presented as area averages for
BBEO AOD (background) with POLDER-GRASP observa- the whole re season based on the raw model outputs without
tion during re seasons. The modeled AOD in BBEO varied any collocation. The aim is to determine the general drivers
substantially by a factor of 9 in the three regions. Comparedof variation in AOD for model ensembles rather than individ-
with observations, the background averagely accounted foual models, although evaluations for speci ¢ models are also
only 14 %, 12 %, and 11 % of total AOD over AMAZ, SHAF, presented where suf cient information is available.

and BONA, respectively. We also compared the modeled

AOD biases during non- re seasons with those during re 5.1 Decomposition of modeled AOD diversity

seasons, with the former showing much smaller magnitude ) N )

compared with the latter (0.04 vs. 0.35, for the absolute mear] h€ diversities of AOD were decomposed into three factors,
bias). This analysis supports the notion that AOD bias over-€- totall aerosol emissions, aerospl lifetime, and the MEC,
the re regions was dominated by the BBA rather than back-2S described by the following function:

ground sources. AOD D emission lifetime MEC; (2)
where emission indicates the total emissions of OA (includ-
5 Model diversity and its interpretation ing secondary organic aerosols, which were treated as emit-

ted aerosols given the fast transformation), BC, sulfur diox-
As the above model evaluation could not provide suf cient ide (SQ), sulfate (SU), mineral dust (DU), and sea salt (SS)
information on the causes of the model biases, we exploravithin the re regions; lifetime is de ned as the average to-
the diversities of AOD in this section. Our strategy is to tal aerosol load divided by total emissions within the re
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Figure 6. Comparison of the temporal and spatial correlations between modeled AOD and POLDER-GRASP observations. Results are
shown for the three experiments individually BBE, b CTRL16,c CTRL19). All the model data are collocated with POLDER-GRASP

during re seasons. The correlations are then calculated using either the time series of the regional averages (horizontal axis) or the spatial
averages for all the re seasons (vertical axis). The dashed red lines showtharge.

Figure 7. Comparison of the temporal and spatial variations in modeled AOD errors. Results are shown for the three experiments individually
(a BBE, b CTRL16,c CTRL19). All the model data were collocated with POLDER-GRASP. The variation is calculated as the ratio of
interquartile to median values of the absolute bias for time series (temporal variations) and spatial averages (spatial variations). The dashec
red lines show the V1 range.

regions; and the MEC is de ned as AOD divided by total extent by the different mechanisms of DU production and
aerosol load, which is strongly associated with the modelecbiogenic sources. For example, the €2C ratios were set
aerosol optical properties (e.g., size distribution, refractiveas 1.4, 1.8, and 2.6 in ECHAM-HAM, GEOS, and SPRINT-
index, hygroscopicity). Emissions, aerosol load, and AODARS, leading to emissions being 34 % and 88 % higher in
were rst calculated as regional and seasonal averages so th#te latter two models, respectively. The difference in these
the lifetime and MEC were determined on a seasonal levelatios is a consequence of the different assumptions regard-
for the focused regions. Note that the de nition of lifetime in ing the oxidation of freshly emitted OC. The widely used
this study is different from the usual one as we are consid+atio of 1.4 was established based on eld measurements
ering open systems. However, the timescale here called lifeever urban regions (Turpin and Lim, 2001) and was therefore
time is still determined by the same relevant process (e.g.more representative of anthropogenic OC emissions. More
deposition). This is discussed in detail in Sect. 5.1. recent investigations of the BB plume have suggested that
Figure 9 shows the diversities of the three factors. Thethe oxidation levels are higher for both fresh and aged BB
slope of the line between each dot and the origin indicateOC particles (Aiken et al., 2008; Brito et al., 2014; Tiitta
the aerosol lifetime (Fig. 9a) and MEC (Fig. 9b) for a spe- et al., 2014). Increasing the GAC ratio can directly lead
ci ¢ model averaged for the whole re season, respectively. to an elevated AOD in models, and a ratio higher than 1.4
The emissions varied by a factor of 10 among the mod-has been suggested for BB aerosols in some previous stud-
els. Such large deviations resulted from different emissionies (e.g., Reid et al., 2005; Aiken et al., 2008; Johnson et
inventories (mainly for CTRL16 models) and the different al., 2016). Omitting GISS-MATRIX and GISS-OMA which
schemes for estimating non-BB aerosols (e.g., dust, biogeniproduced an unexpected positive AOD bias (see Fig. 4), we
sources). For the CTRL19 experiment with its prescribedfound that the modeled NMB generally decreased with an
emission inventory (CMIP6), the input emissions were al- increase in the OAOC ratio for CTRL19 models. For exam-
tered mainly by the different GAOC ratios and to a lesser ple, the average NMB of AOD for the model group that used
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Figure 8. Changes in correlatiofa), centered root mean square ertlo), and normalized mean bigs) in BBE in responding to different

scaling factors adopted to BBA emissions (0, 0.5, 2, 5). The colors and shapes of dots indicate different models and re regions. All data
are collocated with POLDER-GRASP for re seasons in 2008. The BBE5 CRMSE and NMB for several models are not shown given the
extremely large values.

Figure 9. The dependence of total aerosol load on total aerosol emisé&gred dependence of AOD on aerosol lg@d, indicating

the aerosol lifetime and MECs, respectively. The data are average values for all the re seasons based on the raw model output without
collocation, and the light-colored error bars indicate the corresponding temporal variations (as standard deviation). The color, shape, and
size of dots indicate different models, three re regions, and two AeroCom control experiments, respectively. The dashed red lines show
the linear trends, with a regression function and correlation coef ciantaléo shown. Note that some CTRL16 models provide data for
different years (2006, 2008, and 2010), which are illustrated separately.

the ratio of 1.4 (i.e., CAM5-ATRAS, ECHAM-HAM, and found. For the three regions, the relative variation (i.e., in-
ECHAM-SALSA) was 61 %, whereas the value was only terquartile value divided by the median value) was found to
22 % for the group using a ratio of 2.6 (i.e., CAM-Oslo, be the lowest for the MEC (49 %, 41 %, and 40 % for AMAZ,
NorESM2, OsloCTM, and SPRINTARS). The NMB of the SHAF, and BONA, respectively), moderate for aerosol life-
models using a ratio of 1.6 to 1.8 was within an intermedi- time (62 %, 49 %, and 26 %, respectively), and highest for
ate range (43% to 46 %). This shows the importance of emissions (62%, 95%, and 64 %, respectively). For the
determining realistic values of the GAC ratio. However, it  aerosol lifetime and MEC, which were mainly affected by
does not necessarily mean that higher/O ratios can ad- model aspects other than emissions, we found their ensem-
dress the underestimated AOD. For example, both SPRINTble median values were similar among the three re regions.
ARS and OsloCTM produced signi cant overestimations in HadGEM3 over BONA presents an outlier case for lifetime,
AMAZ using an OA=OC ratio of 2.6 that was higher than which is probably related to high local DU emissions. We
many in situ observations (e.g., Brito et al., 2014; Zheng etalso noticed that the DU emission in HadGEM3 covered a
al., 2017). much wider area than in the other models due to the use
When all three re regions were considered simultane- of different mechanisms (Woodward, 2001; Mulcahy et al.,
ously, there was a general linear response of the aerosol 10a2020).
to aerosol emissions and of AOD to aerosol loads. Never- The contributions of aerosol emissions, aerosol lifetime,
theless, signi cant diversities in the lifetime and MEC were and the MEC (which were found to be statistically indepen-
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dent of each other) to the overall variation in AOD were

evaluated. We used Eq. (2) to investigate such contributions.

In the case of the AOD variation induced by emissions, we

calculated the AOD variation (i.e., the standard deviation)

over all modeled emissions and a random combination of

aerosol lifetime and MEC values from the model ensem-

ble. This calculation was repeated for all the combinations

of aerosol lifetime and the MEC, and the variation in AOD

attributable to emissions was then quanti ed as the aver-

age value of all the standard deviations. Similar calculations

were also applied to aerosol lifetime and MEC values. It was

estimated that aerosol emissions, aerosol lifetime, and the

MEC accounted for 38 %, 33 %, and 29 % of the variation in

AOD, respectively, suggesting only small differences in de-

termining the overall variation, although emissions might be

slightly more important than aerosol lifetime and the MEC.

We also applied this evaluation to individual re regions, and Figure 10. Dependence of the modeled aerosol lifetime on the
similar conclusions were obtained. This suggests that reductimescale of total deposition. The color, shape, and size of dots in-
ing the uncertainties associated with emissions uncertaintie§icate different models, three re regions, and two AeroCom con-
might have only a moderate impact on the accuracy of thdrol experiments, respectively. The embedded diagram shows the

BBA simulations, and uncertainties in the lifetime and MEC same results zoomed in to a smaller scale (excluding INCA and
should also be considered HadGEMS3 in BONA). The Pearson correlatiar) andp value @)

are shown.
5.2 Diversity of aerosol lifetime

In this section, we discuss the potential factors that contributey contributing less than 20 % of the total aerosol load. As a
to the diversity of aerosol lifetime. Because we focused onresyit, the coarse-mode aerosols dominated the total aerosol
three separate open systems, we described the aerosol budg@nposition, resulting in a relatively short aerosol lifetime.
of each region as a simple box model, as shown by Eq. (3): when the INCA model was omitted, the correlation between
dB E the reciprocal of aerosol lifetime and the deposition timescale
s DE DCI OCP L! B (i.e., depositiorrload) was 0.95, suggesting that 90 % of the
D | ocP L modeled variation in aerosol lifetime could be explained by
- — 3) deposition. The variation in regional transport and the chemi-
B B cal budget together only contributed around 10 % of the vari-
whereB, E, D, |, O, P, andL indicate the average of total ation in aerosol lifetime and was therefore much less impor-
aerosol burden, emission, deposition, in ow, out ow, chem- tant to the overall difference in AOD. The timescale of the
ical production, and chemical loss of a focused region. For aotal deposition had a variation of 72 % (i.e., the interquartile
closed system and a steady state without chemisyQ D value divided by the median), which was slightly higher than
P DL DO and a lifetime can be de ned &=B D D=B. the aerosol lifetime (62 %).
For an open system and steady state and with ongoing chem- The modeled deposition was primarily a consequence of
istry, E=B does not equaD=B but both are still timescales wet deposition (61 % of the total deposition on average)
de ning the system. Here we show that for these re regions, even during the dry re season. The modeled wet deposi-
E=B correlates wittD=B. Figure 10 displays the linear de- tion, which occurred mainly due to below-cloud scaveng-
pendence of the modeled aerosol lifetime on the timescaléng (Andronache, 2003; Zhang et al., 2004), was related to
of total deposition and all other processes. For most modthe size distribution of aerosols and raindrops as well as
els, the reciprocal of aerosol lifetim&£B) responded lin-  to the precipitation intensity (Seinfeld and Pandis, 2006).
early to the timescale of depositioD£B), except for INCA  Figure 11 compares the modeled timescale of total depo-
from CTRL16. This suggests that the difference in depositionsition and precipitation strength. Note that not all models
is a leading contributor to the variation in aerosol lifetime. provided both deposition and precipitation outputs; the con-
HadGEM3 simulations in BONA (the outliers of the aerosol clusion of the evaluation may need to be re-examined when
lifetime trend in Fig. 9) still followed the same linear trend, more data become available in the future. The modeled pre-
con rming that the short aerosol lifetime is a direct result of cipitation differed among the models by factors of 3.8, 13.6,
the strong deposition of coarse mineral dust. For INCA, theand 2.2 for AMAZ, SHAF, and BONA, indicating a sub-
simulated aerosol load was much lower than other modelsstantial model discrepancy. When all regions were consid-
and the modeled aerosol composition was very different withered, there is a signi cant positive correlation between the

D
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sions. For example, ECHAM-HAM and ECHAM-SALSA,
which allowed 25 % of BB aerosol emissions to be emit-
ted above the planetary boundary layer (PBL), generally
had a higher plume height than models that distributed
emissions within the PBL (e.g., GEOS, GISS-MATRIX).
For validation, we further compared the aerosol vertical
pro les between models and CALIOP observations (see
Fig. 12b1-b3). To highlight the aerosol layer, we normal-
ized each vertical pro le based on the maximum (EC_max)
and minimum (EC_min) extinction coef cients to remove
the magnitude difference. The normalized EC was cal-
culated as (EC_modelEC_min)=(EC_max EC_min).
Over AMAZ and SHAF, only a few models (ECHAM-HAM,
ECHAM-SALSA, CAM5-ATRAS, GISS-OMA, and GISS-
MATRIX) could capture the peak aerosol extinction at 2 to
4km, whereas other models tended to show the strongest
F_igure 11. De'pgnd'ence of the mod_eled timescale pf total depo-tel,:(ém;tt)f:rvaet dlc()av)\(/tei:lc?iltt)lau?)eeZkg dt::ta 4T(l:r:fagﬁf[ nogergoi(gll\sl A,
sition on precipitation strength during re season in 2010. The . - ’ .
color, shape, and size of dots indicate different models, three re'V€'® found W't_h a similar pro le. Compared with PEH from
regions, and two AeroCom control experiments, respectively. TheCALIOP, the simulated BBA plume tended to be too low for
three dashed lines indicate the GPCP data averaged for each regiodll the models. A similar underestimation was also reported
elsewhere for AeroCom models with the bias being attributed
to wet deposition being too strong in the models (Kof et al.,
modeled precipitation and the timescale of total deposition.2016).
For comparison, we also compared models with GPCP data.
GEOS, SP_RINTARS, .’:_m_d T_M5_Were among the models v_vith5.3 Diversity of MEC
an overestimated precipitation in all three re regions, which
suggested systematic errors in the modeled lifetime. On aModeled MECs are affected by several factors (e.g., particle
regional basis, models exhibited large regional variationssize, complex refractive index, and hygroscopicity). As BBA
Almost all models tended to overestimate the precipitationis dominated by OA and very similar refractive indices are
over BONA by up to 69 % (ECHAM-HAM from CTRL19), used in models (see Supplement), the choice of refractive in-
which might partly explain the underestimated AOD in this dices is not discussed. Here we mainly examined the impacts
region. There were large disparities in precipitation simula-of particle size and hygroscopicity.
tion over AMAZ, ranging from 21 % to 130 %. In contrast, Because particle size information was missing for the Ae-
we found that most models underestimated both AOD andoCom models, we used the modeled AE as it is an indica-
precipitation in SHAF, suggesting other important sourcestor of particle size (Shuster et al., 2006). Figure 13a shows
of AOD bias in addition to precipitation. However, we did the dependence of modeled MECs on AEs. The modeled AE
not observe a clear dependence of AOD biases on precipvaried from 0.21 to 2.2. Ambient particle size is the result
itation biases. For example, biases of 6% ar@% were  of emitted particle sizes and particle processing after emis-
found for precipitation and AOD, respectively, over AMAZ sion (see Supplement). Among all models, the lowest AE
in CAM5-ATRAS from CTRL19, whereas the corresponding was found in INCA from CTRL16 due to the large contri-
AOD biases were 14 % and86 % over BONA. This sug- bution from coarse-mode SS, which also led to lower ex-
gests that factors other than precipitation affect AOD biaseginction coef cients because of the lower MECs for SS than
signi cantly. OA. When omitting INCA, a signi cant negative correla-

In addition to precipitation, we also examined the im- tion was found between MECs and AEs¥ 0:58), al-
pacts of aerosol plume height on the aerosol lifetime. Fig-though there were large variations between models. The cor-
ure 12a compares the modeled plume height (as reprerelation for CTRL19 models that were driven by the same
sented by PEH) and aerosol lifetime. Based on the lim-emission inventory was even strongef) 0:73). The neg-
ited number of models with data available, there was aative correlation suggested that a larger size (smaller AE) re-
generally increasing trend in the aerosol lifetime as thesulted in a stronger extinction per mass unit for typical BB
plume height increased D 0:65) except for one outlier aerosols, which agreed well with the observations (Laing et
(IMPACT over BONA), suggesting that plume height could al., 2016; Kleinman et al., 2020). This can also be explained
also affect the modeled aerosol lifetime. Generally, theby the Mie-scattering theory. In Fig. 13a, we show the rela-
modeled PEH varied by a factor of 4, partly due to the tion between MECs and AEs for pure OA based on the Mie-
model assumption in the re injection height for BB emis- scattering theory. We assumed that the radius of dry OA par-
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Figure 12. Variation in modeled plume heigkd) and validation of modeled aerosol vertical pro le against CALIOP for AMAZY, SHAF
(b2), and BONA p3). The color scheme ih1-b3is the same as ifa), with the solid and dashed lines showing the model data from CTRL16
and CTRL19 experiments (if both are available for the same model), respectively. The gray-shaded(b)edmin the  ranges for the
CALIOP observation.

ticles ranged from 0.02 to 0.5 pm. The radius of 0.02 um cor-strong correlation was found for AOD biases with AE biases,
responded to the smallest emitted particle assumed in all thevhich was largely due to the interaction of multiple factors
models examined (see Supplement), and the radius of 0.5 pand a non-linear model response.
indicated the upper edge of the accumulation mode (Tegen The hygroscopicity was quanti ed as the extinction en-
et al., 2019). Hygroscopic growth was considered to occuthancement factor (EEF), which was de ned as the ratio of
based on the Koéhler theory under a relative humidity (RH) AOD at the ambient RH to AOD at zero RH (dry AOD). Fig-
of 50%, and the value for OA was set as 0.06 referring ure 14 illustrates the relation between MECs and EEFs in
to Zhang et al. (2012). A series of sensitive tests suggestechodels. For most models, a small EEF Z) was observed,
that hygroscopic growth did not affect the calculation much.and we did not observe clear patterns between EEFs and
The refractive index was set to 1.53-0.00%s assumed MECs, probably because the hygroscopic growth was not
in most models. The extinction cross-section was retrievedsigni cant given the low hydrophilicity of OA and the dry air
from the lookup table from ECHAM-HAM, based on which conditions during re seasons. Such a narrow range agreed
MECs and AEs were calculated. The calculated MEC in-well with observations from in situ measurements (see Table
creased with increasing particle size (decreasing AE), whiclB), though the “dry” conditions in measurements (RI20 %
agreed with the modeled relations. Note that many modelgo 30 %) usually differed from models. Except for these mod-
deviate from our Mie calculation though the Mie theory was els, there were a few models that showed strong hygroscopic
applied in those models. Possible causes for such deviationgrowth, accompanied by a positive correlation with MECs
might include, e.g., the aerosol composition (i.e., nhon-OAfor each model. Such anomalies are related to the assumed
components), mixing state for multiple species (e.g., BC),BBA properties including, e.g., particle size, mixing state,
assumptions about the size distribution (e.g., bins, distribu-and hygroscopicity parameterizations for OA given its domi-
tion width), and treatment for the mixing of particles with nance (Takemura, 2005; Burgos et al., 2020). In addition, we
different size distributions. also found the modeled relations between the MEC and EEF
The negative correlation between AEs and MECs sug-were closely related to the treatment of “clear-sky/all-sky”
gested the possibility of evaluating and subsequently conassumptions. For example, the clear-sky data from the GISS-
straining the MEC by the AE. In Fig. 13b we validate mod- OMA model showed similar EEFs to other models, whereas
eled AEs against observations from POLDER-GRASP forthe all-sky data exhibited much higher EEFs. For those mod-
the re season. Because most of the AE data for CTRL19els with higher hygroscopicity (i.e., GEOS-Chem, GISS-
models had a monthly resolution, we collocated all the OMA, IMPACT, and SPRINTARS), the predicted MECs un-
model data with observations on a monthly basis. Comparedier the same EEF varied substantially by a factor of 5 per
with POLDER-GRASP observations, the majority of mod- model, suggesting that the modeled MEC diversity was con-
els tended to overestimate AEs by up to 0.85. BONA hadtrolled by other factors. When all models were considered to-
the highest overestimation on average (0.27), followed bygether, there was no clear pattern between EEFs and MECs
AMAZ and SHAF. Given the previous analysis of the MEC found.
dependence on the AE, the underestimation of particle size
may have led to a considerable underestimation of MECs and
thereby AOD. Similarly to the impacts of precipitation, no
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Figure 13. Dependence of modeled MECs on the £} and the validation of the modeled AE against POLDER-GRASP (@gtdata in

(a) are model original output without collocation. The dashed linajshows the relation calculated based on Mie-scattering theory and
the ECHAM-HAM lookup table. Modeled AEs i(b) are collocated with POLDER-GRASP (shown as red lines) on a monthly basis during
re seasons.

Table 3. The extinction enhancement factor (EEF) for BBA at 550 nm wavelength from in situ measurements.

Region Dry RH, % Reference RH, % EEF Reference
Brazil 30 80 1.01-1.51 Kotchenruther and Hobbs (1998)
Australia 20 80 1.1-1.7 Grasetal. (1999)
Indonesia 20 80 1.2-2.1 Grasetal. (1999)
Southern Africa 30 80 :B6 0:08 (fresh) Magi and Hobbs (2003)
1:42 0:05 (aged)
India 40 85 158 0:21 Sheridan et al. (2002)
China 30 80 1.64 Jung and Kim (2011)
India 40 85 132 0:14 Dumkaetal. (2017)
6 Conclusions model ensembles from the three AeroCom experiments ex-

hibited a smaller inter-model spread of AOD correlation with

In this paper, we conducted a comprehensive evaluation andbservations than AOD errors (e.g., CRMSE, NMB). Models
interpretation of AOD errors in AeroCom models over three seem to have a similar capability to model the spatiotempo-
key BB regions. We rst evaluated 14 satellite AOD datasetsral variation in BBA, probably due to the similarity of in-
against AERONET and identi ed their errors. These errors put emissions as we found pretty strong correlation€:7)
in satellite observations were then compared with model eramong the emission inventories used by these models (see
rors, with a much larger magnitude for the latter found in Supplement). Most of the diversity in model errors is due to
most models. We noticed that such a small impact from dif-a season-wide bias. That said, temporal biases seem larger
ferent satellite products only applied for our validations overthan spatial biases. We also provided evidence that AOD er-
BB regions during re seasons. Specially, we found that therors during the re season were dominated by BBA errors,
errors due to different satellite observations were comparabl&vith only a small contribution from the background. Based
to the model errors for the non- re seasons over the three BBon BBE simulations, we found negative biases could be re-
regions. duced by scaling up BBA emissions. However, we showed

Detailed model validations against POLDER-GRASP ob- that scaling up emissions was not a perfect solution to ad-
servations suggested that most of the models still largelydressing model bias as the correlations did not improve sig-
underestimated AOD, especially when using the standaradhi cantly, suggesting that the spatial and/or temporal bias
emission inventories (e.g., GFED3, CMIP6). We did not ob- still existed.
serve signi cant improvements in modeled AOD in the lat-
est experiment (CTRL19) compared with previous ones. The
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POLDER-GRASP was found to be superior to other satel-
lite products used in this study. The other uncertainty stems
from the assumption of clear-sky conditions. As we evalu-
ate model AOD against satellite data which are always clear-
sky observations, clear-sky model AOD should be used for
comparison. However, models have very different treatments
of the clear-sky assumption. For example, SPRINTARS con-
siders the 20 % cloud fraction clear sky, while GISS-OMA
assumes cloud-free only for 0% cloudiness. Although strict
collocation can partly address this issue, uncertainties may
still exist. Such an issue should be investigated more in fur-
ther model validations.

Code and data availability.  All the model data can be accessed
at the https://aerocom.met.no/ (AeroCom wiki; last access: Octo-
Figure 14. Dependence of modeled MECs on extinction enhance-ber 2021). The POLDER-GRASP dataset can be found at https:/

ment factor (EEF) in models for 2010. The gray-shaded area showgownload.grasp-cloud.com/download/polder/ (GRASP OPEN; last
the EEF range from in situ observations according to previous studaccess: October 2021). All the other observations can be found in

ies (see Table 3). Both clear-sky and all-sky results are shown fotheir references as listed. The data processing in this work was done
GISS-OMA data. via CIS (Community Intercomparison Suite; http://www.cistools.

net/, last access: October 2021). Codes to create individual g-
ures can be obtained from the corresponding author upon request

(g.zhong@vu.nl).
We further analyzed the large diversity in re AOD as re-

sulting from emissions, lifetimes, and MECs, which all ex-

hibited large diversities too. When all models were consid-sSupplement. The supplement related to this article is available
ered, we showed that the contributions of these three factorsnline at: https://doi.org/10.5194/acp-22-11009-2022-supplement.
to the overall AOD diversities were similar, though emissions

exhibited slightly higher importance. In spite of the large

inter-model diversities, the model ensembles show very sim-Author contributions. ~ QZ and NS proposed the research idea
ilar lifetime and MEC values over different BB regions, sug- and designed the analysis. QZ carried out the analysis and wrote
gesting that basic model assumptions underlie the lifetimehe paper. NS and GvdW provided scienti ¢ advice and valuable
and MEC for the current model ensemble. We suspect tha?”lggs(sztgnélflo ;i"zeh;higa;‘}‘sgﬂgt'STéN;_"éT'M SCE?{ZT'\S"ZA&’;?S’
rglatlwely §|mple change; N thes.e assumptions may produc C, AP, BJ, JEP, NB, RBS, and GM submitted the AeroCom model
signi cant improvement in BBA simulations.

L . . .. data used in this study. All the co-authors contributed to reviewing

_ Modeled lifetime was correl_ated with m_odeled precipita- and revising the manuscript.
tion strength. Comparisons with observations suggested di-
verse and region-speci ¢ precipitation errors. Modeled life-
time was also related to plume height, which was found tocqpeting interests. At least one of the (co-)authors is a mem-
be strongly underestimated by models. We found MECs deter of the editorial board oAtmospheric Chemistry and Physics
pended on how models simulate the AE (or particle size). WeThe peer-review process was guided by an independent editor, and
further compared the modeled AE with POLDER-GRASP the authors also have no other competing interests to declare.
observations where general AE overestimations were found
in most models. Most models produced acceptable hygro-
scopicity compared with observations. These ndings canDisclaimer. Publisher's note: Copernicus Publications remains
provide useful information for future model impro\/ement neutral with regard to jurisdictional claims in published maps and
and development. institutional af liations.

There are several uncertainties in our evaluation and anal-
ysis. One is the uncertainty in POLDER-GRASP satellite
observation. Although we showed that satellite errors did”\cknowledgements. — We acknowledge all the modelers that have
not affect our evaluations very much, we still found that submitted AeroCom model data used in this work. Kostas Tsi-

i F . garidis and Susanne E. Bauer acknowledge NASA MAP for sup-
POLDER-GRASP had un-ignorable retrieval errors over theport. Resources supporting this work were provided by the NASA

focused regions (13 %). However, the retrieval error was dif'High-End Computing (HEC) Program through the NASA Cen-

cultto be precisely de ned due to the lack of suf cient sam- ey for Climate Simulation (NCCS) at Goddard Space Flight Cen-
pling in SHAF and BONA by AERONET. On a global scale,
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