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Abstract. Aerosols exert an effective radiative forcing (ERF,.,) on climate through directly scattering and absorbing solar ra-
diation (ARI) and indirectly interacting with clouds (ACI). Aerosol emissions, due to limited observational constraints, remain
among the largest sources of uncertainty in modeled ERF,,. Here, we estimate aerosol emissions globally by assimilating
observations from SPEXone/PACE for the period 2024-08 to 2025-07, using a local ensemble transform Kalman smoother
in combination with the global aerosol-climate model ECHAMG6.3-HAM?2.3. We assimilate aerosol optical depth at 550 nm
(AODs50), Angstrém exponent between 440 nm and 670 nm (AE440_670), and single scattering albedo at 440 nm (SSA440)
and additionally evaluate aerosol absorption optical depth at 440 nm (AAOD,4p). The data assimilation experiment (DAS) re-
duces root mean square error (RMSE) against SPEXone for all four variables, with global mean bias improving from —0.017 to
—0.001 for AODj350 and from 0.336 to 0.183 for AE44_g70. Validation against independent AERONET and MODIS observa-
tions likewise shows improvements. The emission estimates based on DAS lead to relatively more emissions of coarse particles,
particularly over the ocean, and more weakly absorbing emissions, particularly over biomass-burning regions. Compared to
the control experiment (CTL), DAS results in a more negative ERF ., (—2.16 Wm™2 vs —1.34 W m™2), with changes of
—0.53W m~2 from ARI and —0.29W m~2 from ACI. By assimilating SPEXone observations for aerosol emission estima-
tion, this study highlights the critical role of accurate emissions from both natural and anthropogenic sources in determining

aerosol radiative forcing.

1 Introduction

Aerosol—climate models are key to properly understand the impact of aerosols on climate; however, their uncertainties play
a significant role in climate assessment and in understanding aerosol processes. The latest IPCC ARG report showed that

anthropogenic aerosols exert a significant cooling effect on the climate (Forster et al., 2023) and might partly offset warming
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from greenhouse gases (IPCC, 2023, Chapter 6). For future policies related to clean air and geoengineering, it is important to
understand aerosol processes. The IM02020 policy (IMO, 2020), for example, highlights the trade-off between cooling from
aerosols and potential health concerns (Yuan et al., 2024). However, large model uncertainties in aerosol effective radiative
forcing (ERF ), consisting of a component due to aerosol-cloud interactions (ERF,.;) and a component due to aerosol—
radiation interactions (ERF,;;), hamper future predictions of climate change (Watson-Parris and Smith, 2022).

Modeling studies using perturbed parameter ensembles (PPEs) have shown that uncertainty in model parameters related
to aerosols (emissions, properties, processes) contribute substantially to the overall uncertainty in ERF,,, and may even
contribute more to the uncertainty in ERF ,; than cloud parameters (Jia et al., 2026a). Here, emissions of aerosols and precursor
gases are one of the largest drivers of ERF,¢, uncertainty (Jia et al., 2026a; Bhatti et al., 2026; Regayre et al., 2026, 2018; Lee
et al., 2011), and the forcing impact depends strongly on emission type. Different emission types are represented in climate
models at varying spatial and temporal resolutions and are subject to significant uncertainties.

Aerosol emissions from anthropogenic sources are mostly based on bottom-up inventories. One example is Community
Emissions atmospheric Data System (CEDS), which provides historical emissions up to present-day emissions by harmonizing
existing inventories while remaining transparent and updatable (Hoesly et al., 2018). These datasets are available only at
monthly resolution, lacking day-to-day variability. Inventories are first gathered for each country and separated across multiple
sectors. Furthermore, proxy data are used to convert country-level emissions to global gridded emissions. However, assigning
emissions to the correct sectors, sparse data (particularly in low- and middle-income regions), and preliminary data for the
most recent period all contribute to imperfections in these emission estimates (McDuffie et al., 2020; Hoesly and Smith, 2018;
Hoesly et al., 2018).

Emissions from biomass burning are related to aerosol emissions from open fires. These datasets are typically derived
from top-down approaches by converting satellite observations of fire radiative power and/or burned area to aerosol emissions
using emission factors. Many inventories are based on MODIS observations. For example, the fifth version of the Global Fire
Emissions Database (GFEDvS5) (Van Der Werf et al., 2025) is based on observed burned area; the Fire Inventory from NCAR
(FINN?2.5) is based on a combination of MODIS active-fire counts and VIIRS observations (Wiedinmyer et al., 2023); and the
Global Fire Assimilation System (GFASv1.2) is based on fire radiative power from MODIS (Kaiser et al., 2012; Di Giuseppe
et al., 2016). Each inventory differs in accuracy, detection thresholds, and timeliness. When using GFASv1.2, a global scaling
factor of 3.4 is recommended to compensate for the underestimation of AOD in the ECMWF model (Kaiser et al., 2012);
applying this factor in ECHAM6.1-HAM?2.2 also brings the BC lifetime into better agreement with AeroCom models (Veira
et al., 2015). However, Tsikerdekis et al. (2023) showed through data assimilation that the optimal scaling factor may be lower
and may differ between OC and BC. For the most recent IFS version, a scaling factor of 1.5 has been applied (A. Menochet,
personal communication, 2025).

Natural emissions are parameterized as a function of near-surface wind speed for mineral dust (Tegen et al., 2002) and
sea spray (Long et al., 2011), with sea spray additionally depending on sea-surface temperature (Sofiev et al., 2011). For
dust, surface properties are also taken into account (Zhang et al., 2012; Tegen et al., 2002). Parameterizations in models are

challenging because they must compensate for the coarse resolution of aerosol-climate models (in this study approximately
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200km). In particular, the nonlinear relationship between dust emission and wind speed poses a fundamental challenge for
accurate dust emission estimates at coarse spatial resolution (Leung et al., 2023; Zhang et al., 2016).

To estimate the uncertainty of commonly used emission inventories, previous studies compared anthropogenic emission
inventories for the year 2005 and reported a max/min ratio of 1.28 for BC and 1.32 for SO, (Granier et al., 2011). However,
these ratios do not directly reflect the true uncertainties, as the inventories may share similar assumptions and underlying data.
For dust emissions, the AeroCom I ensemble showed a relative diversity (standard deviation divided by mean) of 58.3% with
a max/min factor of 8.39 (Huneeus et al., 2011). Sea-spray emissions can differ by an order of magnitude among source func-
tions, spanning 3000-70 000 Tg yr—! even when outliers are excluded (Grythe et al., 2014). For biomass-burning emissions,
a comparison of six datasets for the year 2008 shows relative diversities of 52.1% (max/min factor 3.36) for BC and 53.2%
(max/min factor 3.77) for OC (Pan et al., 2020).

PPEs have made significant strides in quantifying and constraining these uncertainties; however, the resulting parameter
adjustments do not account for temporal variability and are applied at coarse regional (Regayre et al., 2026), or more commonly
global, scales.

Data assimilation offers a complementary, spatially and temporally resolved way to constrain aerosol fields against observa-
tions, and is widely adopted in aerosol studies. Operational systems such as CAMS assimilate multiple satellite AOD products
with a 4D-Var scheme to constrain aerosol concentrations (Garrigues et al., 2023, 2022). Kahnert et al. (2026) additionally as-
similate observations from the European E-PROFILE network of ground-based lidars and ceilometers, improving the simulated
vertical distribution of attenuated-backscatter and near-surface particulate matter (PM). Using the Local Ensemble Transform
Kalman Filter (LETKF), Di Tomaso et al. (2022) assimilate coarse-mode dust optical depth from MODIS retrievals to produce
a desert-dust reanalysis (2007-2016) covering Northern Africa, the Middle East and Europe. These studies mainly estimate
concentrations, whereas here we estimate emissions.

Zhang et al. (2015) assimilated OMI AAQOD to constrain BC emissions over Southeastern Asia, finding that anthropogenic
emissions had to increase by up to 500 % relative to bottom-up inventories to reproduce the observed absorption. This illustrates
both how strongly absorption could constrain BC and why accurate absorption observations matter. Multi-angle polarimeters
(MAPs) such as POLDER/PARASOL and the next-generation SPEXone/PACE retrieve aerosol absorption with high accuracy
(Hasekamp and Landgraf, 2007; Mishchenko and Travis, 1997). POLDER/PARASOL products have been assimilated to esti-
mate BC, organic aerosol and dust emissions (Chen et al., 2019, 2018) and to quantify aerosol absorption and its direct radiative
forcing (Chen et al., 2022). Based on the POLDER retrievals, Tsikerdekis et al. (2021) estimated aerosol mass mixing ratios
and Tsikerdekis et al. (2023) estimated aerosol emissions by simultaneously constraining aerosol load, size and absorption,
and they have shown that omitting size and absorption information can lead to misinterpretation of the emission estimates.

Assimilating satellite observations for aerosol emissions is nonetheless challenging. The data volume is large, and a time
lag separates the moment emissions occur from the moment their signal is observed, because transport, aging and deposition
redistribute the aerosol beforehand. To handle the data volume efficiently, we build on the LETKF (Hunt et al., 2007; Miyoshi

and Yamane, 2007). In this study we apply its smoother extension, which uses the filter iteratively. The Local Ensemble
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Transform Kalman Smoother (LETKS) accounts for the temporal correlation between emissions and their delayed observed
signal, and is therefore suited to estimating time-resolved emission fluxes.

LETKS was applied for CO, flux estimation by Peters et al. (2005) and later adapted for aerosol emission fluxes by Schutgens
et al. (2012), who assimilated MODIS Terra AOD55¢ over ocean and AERONET AODg75 and AE440_g70 over land. As
noted above, Tsikerdekis et al. (2023) used POLDER observations of AODs550, AE550_865, and SSA5s50 together with the
ECHAM-HAM aerosol climate model and LETKS to constrain aerosol properties. The aforementioned studies demonstrated
that estimating aerosol emissions requires accurate and diverse observational data to reduce emission uncertainties effectively.

The SPEXone multi-angle spectro-polarimeter aboard the NASA’s PACE mission, launched in February 2024, provides
unprecedented retrievals of aerosol properties (Fu et al., 2025), including aerosol amount, size, and absorption. This is es-
pecially valuable over land, where emission sources are diverse and accurate constraints on aerosol type are needed for data
assimilation. In contrast to Tsikerdekis et al. (2022b), where synthetic SPEXone data were used in an observing system simu-
lation experiment (OSSE), we used real SPEXone observations to constrain natural and anthropogenic aerosol emissions in the
ECHAMG6.3-HAM2.3 model. Specifically, we estimated emissions from sea salt (SS), dust (DU), black carbon (BC), organic
carbon (OC), and sulfur species (DMS, SO,4, and SO-). The LETKS framework enables aerosol emission estimation at high
temporal resolution (2-day cycles) by assimilating SPEXone observations. Although the estimates are technically performed
at the grid-cell level, the prior assumes a spatially correlated emission field, which limits the possibility of highly fluctuating
estimates between neighboring grid cells. The result is a spatially coherent and temporally resolved representation of aerosol
emissions.

This work aims to estimate aerosol emissions from SPEXone observations using the data assimilation system LETKS,
assimilating AOD550, AE440 670 and SSA440. We investigate how these estimates differ from the prior and their impact on
aerosol properties, cloud properties, and forcing. Section 2 describes the observations used for data assimilation and validation,
the model description and emission inputs, and the data assimilation scheme, including the choice of the settings. Section 3
presents the results, starting with a validation of the assimilation against SPEXone observations and an evaluation against
independent retrievals from AERONET and MODIS. We then quantify the emission changes by data assimilation and their

impacts on modeled aerosol and cloud properties, and ERF ... The main findings are summarized and discussed in Sect. 4.

2 Data and methods
2.1 Observations

In this study, we used the SPEXone retrieval products (version based on Fu et al., 2025) of aerosol optical depth at 550 nm
(AODs550), Angstrém exponent between 440 nm and 670 nm (AE 440 _¢70), and single scattering albedo at 440 nm (SSA 44¢) for
data assimilation. The Level 2 (L.2) retrieval products are aggregated onto a 1° x 1° grid and filtered according to the quality
flag (keeping only quality flag = 0). The data assimilation uncertainties are parameterized as a function of AODs55¢, based
on an evaluation of SPEXone L2 uncertainties against the Aerosol Robotic Network (AERONET) observations (Fig. C1). The

parameterization yields larger uncertainties in AFE 4 670 and SSA 449 as AODj50 decreases. Figure C2 shows the uncertainties
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after aggregating the data to a 1° x 1° grid, as formatted for input to the data assimilation system. For the aggregated data
we established lower limits of 0.015 for AODs5q, 0.05 for AE440_670, and 0.01 for SSA440. The lower limits ensure that
AODs550, AE440-670, and SSA 440 uncertainties have a minimum value when the L2 uncertainties are aggregated into gridded
uncertainties, which are computed as the standard deviation divided by the square root of the number of observations.

We use independent observations from the ground-based AERONET network and Moderate Resolution Imaging Spectro-
radiometer (MODIS) to evaluate the effectiveness of our data assimilation. The model evaluation in Sect. 3.2 for AODs55q
and AE440_670 is based on AOD from the AERONET Level 1.5 Version 3 direct-sunlight retrieval product (Holben et al.,
2001), interpolated to the required wavelength. The uncertainty in AERONET AOD is 0.01 at mid-visible wavelengths (Giles
et al., 2019; Eck et al., 1999). SSA 449 and AAODyyq are taken from the AERONET Level 1.5 almucantar inversion prod-
ucts (Dubovik et al., 2002). Following Dubovik et al. (2000), the retrieval uncertainty in SSA 440 is +0.03 for water-soluble
aerosols when AODyyg > 0.2, and for biomass-burning and dust aerosols when AOD 49 > 0.5. For Version 3, more compre-
hensive per-retrieval uncertainty estimates are available (Sinyuk et al., 2020).

Additionally, MODIS Collection 6.1 Level 3 daily data (MODIS Atmosphere Science Team, 2017) are used to evaluate
the modeled AODs550 and AEs550_g70 at 1° x 1° resolution. The wide swath of 2330km provides near-global daily coverage
(Barnes et al., 1998), extending the evaluation beyond the spatially sparse AERONET network. For AODj59, we use the
combined product, which merges the Deep Blue (DB) retrieval over land and the Dark Target (DT) retrieval over ocean, with
an expected error of £(0.05+4 15% AOD) over land and 4(0.04 +10% AOD) / —(0.02+ 10 % AOD) over ocean (Levy et al.,
2013). We derived AE550_g70 over ocean from the Dark Target AOD retrievals at 550 nm and 870 nm, with uncertainties for
AOD of 4+(0.03 4+ 20 % AOD) (Sayer et al., 2013).

Appendix A provides the formulas used to derive SPEXone AAOD 4, interpolate AOD for AERONET, and calculate AE
at wavelengths between 440nm and 670nm for AERONET and AE at wavelengths between 550 nm and 870nm for MODIS.

2.2 Model and emissions

We use the global aerosol—climate model ECHAMG6.3-HAM?2.3, hereafter referred to as ECHAM-HAM, to link aerosol emis-
sions with atmospheric optical properties. The model is run at T63L31 resolution, which corresponds to a horizontal resolution
of 1.875° x 1.875° (roughly 208 km x 208 km) and covers the entire troposphere up to 10 hPa. The model atmosphere is
nudged to ERAS meteorological data. Nudging frequencies are 24 h for temperature and surface pressure, 48 h for divergence
and 6h for vorticity. The ECHAM-HAM model consists of the general circulation model ECHAM, developed by the Max
Planck Institute for Meteorology (MPI-M) in Hamburg, Germany (Stevens et al., 2013), and the aerosol module HAM, which
is responsible for aerosol representation, aerosol emissions, aerosol processes, and the activation of aerosols into cloud droplets
(Tegen et al., 2019).

Aerosols and their processes are represented with the M7 “pseudomodal” scheme (Vignati et al., 2004), comprising seven
modes classified by size and solubility, ordered from smallest (nucleation) to largest (coarse): nucleation soluble (NS), Aitken
soluble (KS), Aitken insoluble (KI), accumulation soluble (AS), accumulation insoluble (AI), coarse soluble (CS) and coarse

insoluble (CI). Each mode is characterized by the total particle number and the mass of a subset of the following species:
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DU, BC, OC, SS, and SOy. For further details, see Vignati et al. (2004). Particles within a mode are assumed to be internally
mixed, while the different modes remain externally mixed from one another. The aerosol processes in the M7 module include
nucleation of sulfuric acid—water droplets, coagulation, condensation of sulfuric acid, and aerosol water uptake. A budget study
of these processes is presented in Schutgens and Stier (2014), highlighting the different processes that control the evolution of
aerosol number and mass. Independent of the M7 module, the HAM2.3 module includes sulfur chemistry to treat DMS, SO,
and gas- and aqueous-phase sulfate (Tegen et al., 2019).

Table 1. Emission inventories by sector and species used in this study.

Sector Species Emissions

Aircraft BC CEDS, 2022 and 2023
Biogenic OC aerocom_II, 2000
Domestic  BC, OC, SO CEDS, 2022 and 2023
Energy BC, OC, SO, CEDS, 2022 and 2023
Fire BC, DMS, OC, SO2  GFAS, 2024 and 2025
Industry BC, OC, SO, CEDS, 2022 and 2023
Ships BC, OC, SO, CEDS, 2022 and 2023
Ocean DMS Lana et al. (2011)*
Terrestrial DMS aerocom_II, 2000
Transport BC, OC, SO, CEDS, 2022 and 2023
Waste BC, OC, SO, CEDS, 2022 and 2023

Note: Primary SO4 emissions are specified as 2.5 % of the SO2 emissions. *Oceanic DMS fluxes are computed online from prescribed

seawater DMS concentrations (Lana et al., 2011) using a gas-exchange parameterization (Nightingale et al., 2000).

In the HAM module aerosol emissions are treated by sector and species, separately. An overview of the emission inventories
used in this study is provided in Table 1. Anthropogenic emissions from fossil fuel combustion (FF) are based on the gridded
bottom-up CEDS inventory (v2025_04_18) (Hoesly et al., 2024). Since the CEDS data are currently unavailable for 2024 and
2025, emissions from 2022 and 2023 were used instead. Biomass burning (BB) emissions are derived from the CAMS GFAS
near-real time (NRT) daily product (Copernicus Atmosphere Monitoring Service, 2022), which covers all open fire sources.
Following Kaiser et al. (2012), BB emissions are scaled up globally by a factor of 3.4. This scaling factor is recommended
for use with GFAS emissions in ECHAM-HAM. Aerosol emissions from natural sources are parameterized: SS emissions are
based on surface wind and sea surface temperature (Long et al., 2011; Sofiev et al., 2011), while DU emissions (Stier et al.,
2005; Tegen et al., 2002) depend on surface wind, soil properties, and source region; they include MSG-based Saharan dust
sources (Heinold et al., 2016) and updated East Asia soil properties.
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2.3 Data assimilation

To estimate aerosol emissions, we apply the Local Ensemble Transform Kalman Smoother (LETKS) to assimilate SPEXone
retrieval products AODs50, AE 440670, and SSA 440. Most of the setup followed the methodology of Tsikerdekis et al. (2022b);
Schutgens et al. (2012).

LETKS is an efficient data assimilation approach. It is parallelizable and therefore well suited for high-dimensional prob-
lems such as estimating aerosol emissions grid cell by grid cell for many species simultaneously. In the following, we give a
short overview of the data assimilation procedure; for more detailed information on the mathematical framework and efficient
implementations we refer to the literature (Hunt et al., 2007; Miyoshi and Yamane, 2007). The workflow starts by creating a
prior state: a three-dimensional field of scaling factors (time, longitude, latitude) for the emissions for each ensemble member,
where the scaling factors are based on a log-normal distribution (Tsikerdekis et al., 2022b). The aerosol emissions are scaled by
the scaling factors that are used by the ECHAM-HAM model to obtain the simulated observations. As summarized in Table S1,
the perturbations are applied separately by aerosol species, mode, and emission sector.

LETKS combines the SPEXone observations, the simulated observations, and their uncertainties to estimate the posterior

state by applying the Kalman equations:

> =z’ +P*H'R! (ny:cb), (1)
P*— (I+P"H"R'H)  P". 2)

Here, in Eqgs. (1) and (2), 2" is the prior state vector (emission perturbation factors) and * is the posterior state vector; PP
is the prior error covariance matrix and P? is the posterior error covariance matrix; H is the observation operator (in our case
ECHAM-HAM and the co-location from the model grid to the SPEXone grid); y is the observation vector representing the
SPEXone retrieval products; and R is the observation error covariance matrix based on AERONET evaluation (Fig. C2). We
assume that observation uncertainties are uncorrelated to make the data assimilation more efficient.

Most settings for the data assimilation follow Tsikerdekis et al. (2023); a brief summary is provided here. Model uncertainty
P? is represented by an ensemble of 32 members, each assigned its own set of emission perturbation factors. Emission pertur-
bations for any given two-day period are estimated iteratively: first constrained by observations from that two-day window, then
successively refined using observations from the following two-day periods, with the mixing ratios updated between each step
by the forward model using the preliminary posterior perturbations. For further details, see Tsikerdekis et al. (2022b), Schut-
gens et al. (2012), and Peters et al. (2005). The multiplicative inflation factor is set to 1, assuming that the forward model’s

non-linearity ensures sufficient spread.
2.4 Experimental setup

The analysis of all experiments covers the one-year period from 2024-08-01 to 2025-07-31. The control experiment (CTL)
consists of an ensemble of perturbed model realizations using default settings without data assimilation. The data assimilation

experiment (DAS) optimizes emissions based on the aforementioned data assimilation with SPEXone observations. The model
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is first spun up from 2024-01-01 to 2024-03-31, followed by a spin-up from 2024-04-01 to 2024-07-31 for CTL. The DAS
is then initialized from the CTL restart and further spun up from 2024-07-01 to 2024-07-31 to allow the system to reach
equilibrium.

In addition to the ensemble runs (CTL and DAS), we also perform single model runs to quantify the effects of the emission
correction by DAS on present-day (PD) aerosol and cloud properties (Sect. 3.4) and ERF,, (Sect. 3.5). For the single-model
run, the ensemble-mean emissions are used. ERF ., is estimated by differencing two single-model experiments: one with
pre-industrial (PI) emissions and one with PD emissions. For CTL, default unperturbed emissions are used, while for DAS,
the ensemble-mean emission estimates are applied. By assuming that natural emissions are identical between PI and PD, the
DAS-PI experiment applies emission corrections only to natural aerosol sources. This results in four experiments in total. Each
experiment includes a three-month spin-up period, with the constrained emission estimates applied from 2024-07-01 onwards.
A comparison of AODs55( between the ensemble-mean and the single model run driven by the ensemble-mean emissions is

shown in Fig. S1; the results have similar spatial patterns.

3 Results
3.1 Evaluation against SPEXone

Figure 1 shows the annual-mean spatial distributions of AODss50 (a), AE440_670 (b), SSA 440 (¢), and AAODy4q (d) for SPEX-
one observations, DAS —SPEXone, and CTL—SPEXone differences. The column CTL—SPEXone shows that AOD55 is over-
estimated over Canada and Siberia and underestimated over the Amazon basin, equatorial Africa, and India; AE440 670 is
overestimated globally; SSA 449 is overestimated over the ocean and underestimated over land, particularly in biomass-burning
regions near the equator, India, and eastern China; and AAOD gy is overestimated over biomass-burning regions, Canada, and
northern Siberia, with a mixed signal over equatorial Africa. DAS corrects most of these biases: As seen under DAS—SPEXone
the AODs550 overestimation over Canada and northern Siberia is reduced, as is the underestimation over the Amazon basin,
equatorial Africa, and India; the positive AE 40_¢70 bias is reduced most substantially over the ocean and dust source regions
such as the Sahara; over land, SSA 44 is strongly corrected and consequently AAOD 449.

DAS shows overall better agreement with SPEXone than CTL, consistent with the reduction in mean error (ME) and root-
mean-square error (RMSE) for all parameters (Fig. 1). For RMSE specifically, DAS yields reductions of 0.041 (—25.0 %) for
AODs50, 0.141 (—23.0%) for AE440_670, 0.017 (—25.4%) for SSA 449, and 0.011 (—43.5 %) for AAOD449. Globally, based
on 415761 co-located data points, the Pearson correlation coefficient (r) is higher for DAS than CTL across all variables:
AODs50 (0.60 vs 0.32), AE440-670 (0.57 vs 0.43), SSA 440 (0.25 vs 0.19), and AAODy40 (0.61 vs 0.32).

Figure S2 shows kernel density estimate (KDE) plots for individual SPEXone—model comparisons. The effect of the data
assimilation differs between ocean and land, reflecting differences in aerosol composition and abundance. DAS improves
RMSE for all variables over both land and ocean. Significant improvements in ME are found for AODj5¢ over land (—0.009
vs —0.031), AE440_¢70 over ocean (0.145 vs 0.311) and land (0.289 vs 0.408), SSA 449 over land (—0.011 vs —0.062), and

AAODyy over land (0.001 vs 0.006). These improvements are consistent with the emission adjustments discussed in Sect. 3.3:
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SPEXone DAS - SPEXone CTL - SPEXone

(a) AODss0

MEAN: 0.135

(b) AE440-670

MEAN: 0.782 MAE : 0.354 MAE : 0.483
RMSE: 0.471 RMSE: 0.612
(¢) SSA440
0.10
0.05
0.00
~0.05
~0.10
MEAN: 0.939
(d) AAODu40
0.06 0.06
7 0.05 0.04
0.04 0.02
0.03 0.00
0.02 -0.02
0.01 ~0.04
0.00 S . ~0.06
ME : -0.003 ME : -0.001
MEAN: 0.010 MAE : 0.007 MAE : 0.008
RMSE: 0.013 RMSE: 0.023

Figure 1. Comparison of time-averaged spatial distributions of (a) AODs50, (b) AE440-670, (¢) SSA440, and (d) AAOD440 between SPEX-
one and ECHAM-HAM averaged over the study period (2024-08 to 2025-07). The model data are co-located to the SPEXone data in
time and space. The first column shows the SPEXone retrieval product, the second column the bias DAS—SPEXone, and the third column
CTL—SPEXone. Each panel includes a text box reporting summary statistics: the first column shows the mean value, while the second and

third columns show the mean error (ME), mean absolute error (MAE), and root-mean-square error (RMSE).
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increased coarse-mode SS emissions reduce the AE449_¢70 bias over the ocean, while reduced BC emissions over biomass-
burning regions increase SSA 440, both bringing the model closer to SPEXone observations (see the discussion in Sect. 3.3).

Over the ocean, SSA 449 is overestimated in DAS (0.025 vs 0.007) and AAOD 449 is underestimated (—0.004 vs —0.003).
The SSA440 overestimation is also visible in Fig. 1 and persists in regions without aerosol outflow. In outflow regions, CTL
exhibits a negative SSA 440 bias that DAS successfully reduces, likely as a consequence of less absorptive aerosol emissions
over land being transported to the ocean. However, since this correction is confined to outflow regions, the positive bias in the
remaining ocean areas is unchanged, and the overall ocean mean bias increases. This suggests that correcting aerosol emissions
alone is insufficient to address structural model biases for SSA 440 over the ocean. We note that recent algorithm developments
for SPEXone aerosol products (Fu et al., 2026) suggest a possible low bias in SSA over the remote ocean for the data version
used in this study.

Figure 2 provides a regional breakdown for ME, using the region definition shown in Fig. D1. Additional statistics are
provided in the supplement for RMSE (Fig. S3) and for Pearson correlation coefficient » (Fig. S4). Focusing on AOD559 ME
(Fig. 2), DAS tends to increase AODs5q over the ocean. Only over the Arctic Ocean (AO), the positive CTL bias (+31.0%) is
significantly reduced in DAS, though slightly overcorrected to a negative bias (—15.3%). Over land, the absolute AODj5q bias
is reduced in all regions except Europe (EUR), where AODs5 decreases (DAS —4.4% vs CTL —2.6 %). For AE440_¢70, DAS
consistently reduces the positive bias across all regions, suggesting a structural positive bias in the model that can be partly
corrected by tuning emissions, particularly over the ocean. For SSA 449, DAS increases SSA 440 in every oceanic region. Over
the Tropical Pacific Ocean (TPO), South Pacific Ocean (SPO), and South Indian Ocean (SIO), the positive bias worsens even
in regions where CTL is already positively biased. Over land, SSA 440 also increases in all regions and generally shows better
agreement with SPEXone observations, except over North America (NA; ME: —0.012 to +0.013) while over Oceania the bias
changes sign with unchanged magnitude (AUS; ME: —0.012 to +0.012). As noted previously, the data assimilation struggles
to constrain SSA 440 over the ocean through emission adjustments alone; however, the correction over land may propagate to
ocean regions through aerosol outflow and might increase the bias over ocean. ME of AAOD 440 decreases in nearly all regions,
becoming more negative than CTL over the Tropical Atlantic Ocean (TAO), TIO, SAO, SIO, Africa (AF), and AUS. RMSE
is lower for almost all variables and regions in DAS compared to CTL (Fig. S3). Exceptions, where DAS RMSE is higher
than CTL RMSE, are confined to AODssq in the Tropical Indian Ocean (TIO, +8.9 % relative to CTL), South Atlantic Ocean
(SAO, +5.4%), Asia (ASIA, +4.2 %), and Tropical Pacific Ocean (TPO, 42.9 %). The worsening may be related to violations
of the underlying Kalman filter assumptions, such as non-linearity and non-Gaussian error distributions for the emissions. It
may also result from the simultaneous assimilation of AODs50, AE440_670, and SSA 449, where the specific combination of
observed values may not be reproducible by the model which might indicate structural error in the model. Overall, these results
demonstrate the ability of the data assimilation to improve the spatial representation of aerosol optical properties across most
regions.

To assess the consistency of the data assimilation performance and to identify events associated with degraded performance,
Figure 3 shows the ME as a function of time for DAS (blue) and CTL (orange), smoothed with a two-week rolling mean to

reduce sampling noise and ensure a consistent number of data points throughout the averaging period. The horizontal colored
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Figure 2. Mean error (ME) for each region of CTL and DAS against SPEXone, where the regions are defined according to Fig. D1 (Jia et al.,
2021). For AODs50 and AAOD 440 the colorbar is scaled relative to the SPEXone mean.
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Figure 3. ME as a function of time, smoothed with a two-week rolling mean (one week before and after each data point). Blue and orange
curves represent DAS and CTL, respectively. The horizontal colored dashed lines indicate the mean bias over the period 2024-08 to 2025-07,

and the horizontal black line marks zero bias. The vertical numbered lines mark the dates referenced in the text. Ocean and land breakdowns

are shown in Figures S5 and S6, respectively.

dashed lines indicate the mean bias over the entire period and the horizontal black line marks zero bias. Throughout the period,
DAS improves agreement with observations for AODs5s5¢ (a) and AE440_670 (b), with the persistent positive AE4409_g70 bias
in CTL consistently reduced by DAS. For SSA 440 (¢) and AAOD 40 (d), however, DAS exhibits a systematic positive and
negative bias, respectively. An ocean—land breakdown is shown in Figures S5 and S6. AODs55¢ improves in DAS over both
ocean and land throughout most of the period. For AE449 ¢70 and SSA 440, structural differences emerge between the two
regions. Over the ocean, DAS consistently reduces the AE,40_g70 bias. However, SSA 449 becomes persistently more positively
biased in DAS compared to CTL. Over land, both AE 449_g70 and SSA 449 improve in DAS, though the AE40_g79 improvement
diminishes from early 2025 until around June 2025, with DAS performance becoming comparable to CTL.

Figure S7 shows time series of the model ensemble spread including the global-mean SPEXone uncertainty, and Figure S8
shows the corresponding globally averaged values for comparison. DAS reduces the spread compared to CTL for all variables:
AODs550 (0.017 vs 0.043), AE440-670 (0.100 vs 0.221), and SSA 440 (0.003 vs 0.027), indicating that the data assimilation

effectively constrains the emissions among the ensemble members. However, notable increases in the ensemble spread are
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visible around marker (2) for AODj55¢ and SSA 449. The markers are discussed in the following. The vertical lines in Fig. 3
mark the following dates: (1) 1 August 2024, (2) 2 September 2024, (3) 9 February 2025, and (4) 11 April 2025, where markers
(2)—(4) coincide with considerably elevated AODs5¢ bias in DAS.

Marker (1) corresponds to the end of the spin-up period on 2024-08-01. Figure S7 shows a strong decrease in ensemble
spread at the beginning of the experiment, suggesting that roughly three weeks of spin-up is sufficient for the ensemble to reach
equilibrium. Note that the time required to reach equilibrium might depend on the time period, the availability of observations,
and the discrepancy between the model and observations.

Marker (2) coincides with a large positive bias in DAS for AOD359 and AAOD 44, related to biomass-burning emissions
in September and their subsequent outflow, as indicated in the monthly mean bias map for AODj5¢ (Fig. S9a, analogous to
Fig. 1). Large emissions over equatorial South America and equatorial Africa at the beginning of September (not shown here)
were transported over the TPO and TAO, resulting in a strong positive bias for DAS relative to CTL. White patches around the
source regions and outflow regions in Fig. S9a indicate missing observations, suggesting that the data assimilation struggles to
constrain emissions when aerosol loadings are high and observations near the source regions are absent. This is also reflected
in the ensemble spread, where a notable increase in spread for AODj55¢ and SSA 440 around marker (2) indicates difficulties in
constraining biomass-burning emissions during this period.

Around markers (3) and (4), in early February and early April 2025 respectively, DAS shows a positive AODj55¢ bias
originating from excessive dust emissions from Asian desert regions and aerosol emissions from India. The monthly mean bias
maps for February (Fig. S9b) and April 2025 (Fig. S9c) suggest that large dust emissions from Asian source regions and their
subsequent transport lead to an overestimation over the North Pacific Ocean (NPO) and NA. A particularly strong positive bias
over the Arabian Sea is likely attributable to emissions from India. Similar as marker (2), observations near the source regions
around the Taklamakan and Gobi deserts and their outflow regions are sparse during both periods.

The data assimilation is able to constrain emissions consistently throughout the remainder of the period. The main challenges
arise when observations near strong emission sources are absent, as unconstrained emissions are transported to remote regions
where they contribute to AODj5¢ biases far from the source. The largest AODs55¢ deviations are associated with biomass-
burning emissions in equatorial South America and Africa, Asian dust outbreaks, and aerosol outflow over the Arabian Sea.
Dust emissions are particularly challenging, as they are characterized by short but intense emission episodes and long transport
distances. These difficulties might be related to the previously discussed limitations of the Kalman filter, including non-linearity
of aerosol processes, non-Gaussian error distributions, and structural errors in the forward model. These periods and regions

therefore represent a focus for future sensitivity studies assessing data assimilation performance.
3.2 Evaluation against AERONET and MODIS

In this section, we compare model output with independent observations from AERONET and MODIS, with model data
co-located to each observational dataset in both time and space. The AERONET direct-sun measurements of AOD serve as
the primary validation standard for satellite aerosol retrievals due to its high accuracy. MODIS complements AERONET by

offering much broader spatial coverage, though its quantitative skill in retrieving aerosol size is limited, especially over land. So
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we only focus on ocean when comparing AE. MODIS DT and MODIS DB have been benchmarked against satellite products,
AERONET, and Maritime Aerosol Network (MAN) (Schutgens et al., 2020; Sayer et al., 2014).
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Figure 4. KDE plots of co-located DAS (blue) and CTL (orange) against AERONET observations, analogous to Fig. S2.

Figure 4 shows the comparison of CTL and DAS against AERONET measurements. It is clear that RMSE is lower for DAS
than for CTL for all parameters: AODs50 by 40.4 %, AE440_670 by 18.6 %, SSA 440 by 6.0 %, and AAOD 449 by 43.8 % relative
to the RMSE of CTL. ME improves for AODj550 and AFE449_g70. However, despite the overall improvement in RMSE relative
to CTL, ME does not improve for SSA 449 and AAOD,4q in DAS, consistent with the SPEXone comparison (Fig. S2). Unlike
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the SPEXone comparison, the SSA 449 distribution shows two distinct peaks: one around 0.925, and another close to 1.0. DAS
improves agreement at both peaks by correcting the underestimation in CTL, though the correction is more pronounced at
the first peak. The unequal magnitude of the corrections flattens the SSA 44 distribution, which may explain why r remains

essentially unchanged (0.137).

MODIS DAS - MODIS CTL - MODIS

0.6

(a) AODss0 _

0.5
0.4
0.3
0.2
0.1
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Figure 5. Time-averaged MODIS AODs5¢ (a) and AEss50-s70 (b) (left), and the differences DAS—MODIS (center) and CTL—MODIS
(right).

The comparison with MODIS AODs5 (Fig. 5a) reveals a spatial pattern broadly consistent with the SPEXone comparison
(Fig. 1a): the model underestimates AOD55( over anthropogenic source regions in Asia and biomass-burning regions in Africa
and South America, and overestimates it over Siberia and boreal regions in Canada. DAS improves upon CTL, with ME
changing from —0.046 to —0.031, and RMSE from 0.256 to 0.203. Despite the similar spatial patterns, error statistics are
generally larger for the MODIS—model comparison than for the SPEXone—model comparison. Figure 5b shows the comparison
of MODIS AEs550_g70 with model AEs550_gg5. An analogous comparison using SPEXone data is shown in Fig. S10. The model-
MODIS comparison reveals a pattern broadly consistent with the model-SPEXone comparison: CTL remains positively biased
(0.298), and DAS substantially reduces this bias (0.145). RMSE also improves from 0.548 to 0.507.

Figure S11 shows the KDE plots for AOD55¢ and AE550_s¢5, using MODIS AEs50 g7 in place of AEs50_865. As seen
before for SPEXone and AERONET, DAS improves agreement with MODIS across all metrics for both variables, with r
increasing from 0.28 to 0.44 for AODj5¢ and from 0.37 to 0.42 for AE550_s¢5. A land—ocean breakdown for AODs5 is also
included (Fig. S11c,d). DAS improves both ME and RMSE relative to CTL, with a more pronounced improvement over land
(RMSE: 0.412 to 0.265; —35.7 %) than over the ocean (RMSE: 0.188 to 0.179; —5.1 %).

To conclude, the SPEXone-based data assimilation yields a model that agrees not only better with SPEXone itself but

also with independent observations, demonstrating the effectiveness of assimilating SPEXone data. DAS shows improved
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Figure 6. (a) Relative emission difference (DAS — CTL)/CTL and (b) mean emissions for CTL (orange) and DAS (blue). SS and DU

emissions are scaled down by a factor of 10. The emission values are listed in Table 2.

agreement with AERONET observations, demonstrating its ability to constrain emissions such that the model better reproduces
the actual aerosol state. On the other hand, DAS also brings the model closer to the spatially extensive MODIS observations,
showing that even only assimilating relatively sparse SPEXone data can still enhance model performance on larger spatial

scales, supporting the conclusion from a synthetic data assimilation experiment (Tsikerdekis et al., 2022b).
3.3 Aerosol emission estimation

In this section, we present the aerosol emission estimates from DAS and their changes relative to CTL. Figure 6 compares
global aerosol emissions from CTL (orange) and DAS (blue) for the period 2024-08 to 2025-07, showing the relative change
with respect to CTL (a) and the total global emissions averaged over time (b).

DAS produces substantial emission changes relative to CTL: DMS (+9.2 %), SO2 and SO4 (+38.8%), OC (+32.0%),
and BC (—29.9%). SS emissions increase significantly (+79.0 %), driven primarily by the coarse mode (SScs: +89.3 %),
while fine-mode SS decreases (SSas: —29.5%). Total DU remains essentially unchanged (—0.5 %), but its mode distribution
shifts: the accumulation-insoluble mode increases substantially (DU a1: +30.5 %) while the coarse-insoluble mode decreases
slightly (DU¢qr: —1.2%). Overall, the emission adjustments result in coarser, less absorptive aerosols with greater total mass,
consistent with the data assimilation reducing AE449_g70 over the ocean and increasing SSA 49 and AOD350 over land to
improve agreement with SPEXone observations (Sect. 3.1).

Specifically, for fire emissions, BC decreases by 38.6 % and OC increases by 37.0 %, corresponding to GFAS scaling factors
of 4.66 for OC (Fig. S12a) and 2.09 for BC (Fig. S12c). For the fossil fuel emissions, the adjustments are more moderate: OC
increases by 28.6 % and BC decreases by 19.4 %, while biogenic OC increases by 11.6 %. Additionally, it should be noted that
65% of BB OC emissions are emitted in soluble form (Stier et al., 2005), making them particularly important for clouds.
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Figure 7. Time-averaged aerosol emissions in kilograms per square kilometer per day for DAS and next to it the mean difference DAS—CTL

for each species. The color map for the difference field is piecewise-linear, comprising two slopes that meet at a center fixed at zero.

The emission changes also exhibit pronounced regional variability. The following discussion is based on the spatial dis-
tributions shown in Figure 7, which displays DAS emission estimates alongside the DAS—CTL difference for each species.
Regional statistics are summarized in Figure 8, where the left panel shows the absolute difference (DAS—CTL) by species and
region, and the right panel shows the relative change normalized by the mean CTL emissions.

For natural emissions, total SS emissions increase consistently across ocean regions (Fig. 7a). The mode breakdown (Fig. S13)
reveals that this increase is driven by decreasing fine-mode SS (c) while increasing coarse-mode SS (d) globally, with the ex-
ception of polar regions, along the shores of Europe, East Asia and Antarctica. DU emissions (Fig. 7b) decrease over Europe
(EUR, —14.9%) and Asia (ASIA, —21.6 %), particularly around the Caspian Sea and Central Asia, but increase over the Sahara
in Africa (AF, +10.7%). Over Asia, particularly over the Gobi Desert, DU shifts toward finer modes (ASIA DU 1: +55.6 %,
DUcr: —23.6 %). This shift may explain the positive AODj35 bias over the NPO and NA, as smaller particles are more readily
transported over long distances. Marine DMS emissions (Fig. 7c) increase over most northern hemisphere ocean regions and
coastal areas but decrease substantially over the southern Indian Ocean, consistent with the regional decrease in SSag in that
area.

Biomass-burning and anthropogenic aerosol emissions likewise exhibit strong regional differences. BC, OC, and sulfate
emission (Figs. 7d—g) changes vary substantially by region. Over biomass-burning regions near the equator, BC emissions
decrease over South America (SA, —32.9%) and Africa (AF, —30.3%) while OC emissions increase (SA: +42.0%, AF:

+60.0%). In contrast, over higher-latitude biomass-burning regions in Arctic Land (AL), such as northern Canada and Siberia,

17



380

385

390

395

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

BC - 4 BC -

DMS - 3 DMS -

|

T 0 ¥
DU/10 - -2 DU - °
3 g
oc- -1 3 oc - -20 §
G ¢
502 J P 502 - B
. . ° 3 02
S04 - L, S04 -
- =20
SS/IO_ -2 %
O O L O L O L POV &F L K & ® O O 0 < &
LR EREL G P FFF TS LR L PP FFF TS
Region Region
(a) Emission difference (b) Relative change

Figure 8. Panel (a) shows the emission difference DAS—CTL by species and region; DU, DUcf, SS, and SScs are scaled down by a factor
of 10. Panel (b) shows the relative emission difference (DAS — CTL)/CTL by species and region, with values excluded where mean CTL
emissions fall below 0.2 Tg yr~*. Stippling indicates accumulation mode and hatching indicates coarse mode. The corresponding values are

also listed in Table S2 for CTL and Table S3 for DAS.

both BC and OC emissions decrease (AL BC: —69.4%, OC: —14.5%). This suggests that emissions in higher latitudes are
overestimated, while equatorial emissions are underestimated but too absorptive in CTL. Over India and China, BC emissions
decrease while OC and sulfate emissions increase (ASIA: BC —40.4%, OC +26.5%, SOy and SO4 +70.5%). A similar
pattern is found over Europe and North America, though with a smaller sulfate increase: EUR (BC —27.0%, OC +50.4 %,
SO, and SO4 +5.2%) and NA (BC —16.2%, OC 423.0%, SO, and SO, +33.7%). These regions are characterized by
relatively high anthropogenic OC (Fig. S12b) and BC (Fig. S12d) emissions, coinciding with relatively high sulfate emissions.
The data assimilation therefore appears to reduce strongly absorptive BC emissions while simultaneously increasing OC and
sulfate emissions.

Finer inspection within the defined regions (Fig. D1) reveals notable sub-regional differences. Over NA, BC emissions
decrease over Canada, while OC emissions decrease in the north and increase in the south; over the US, OC, BC, and sulfate
emissions all increase. The strong sulfate increase over India and eastern China likely dominates the ASIA signal (SO2 and
SOy, +70.5%). Note that the regional variability in the emission changes partly reflects the spatial structure of the underlying
emissions themselves, where some of the defined regions are smaller than the correlation length of our perturbed emissions.
Below the correlation length, meaningful variations of the perturbation are not expected; emissions are likely to be scaled by a
constant factor throughout those small regions.

Furthermore, we compare our emissions estimates with those of Tsikerdekis et al. (2023), who used the same model and data
assimilation system but assimilated POLDER observations for the year 2006. Compared to the POLDER-based experiment, our
DAS yields lower SO,, lower BC, higher OC, comparable SS, and substantially lower DU emissions (DAS: ~ 677 Tgyr—!
vs POLDER DAS: ~ 1419 Tgyr—!, Table 2). These differences may partly reflect the different time periods analyzed: the

POLDER study covers 2006, whereas our experiment covered 2024-2025, where high-emission events such as wildfires and
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dust outbreaks are expected to differ substantially between periods. Additionally, our experiments used a scaling factor of
3.4 for wild fires emissions (instead of no scaling applied by Tsikerdekis et al., 2023). For dust specifically, Tsikerdekis
et al. (2023) report CTL and DAS emissions of 1105 Tgyr~* and 1419 Tg yr—, respectively, compared to 681 Tgyr—! and
677 Tgyr~! in the present study. The discrepancy may partly reflect differences in the dust emission scheme, interannual
variability, correlation length and the data used for the data assimilation. Our configuration includes MSG-based Saharan
dust sources, which yield up to +20% higher annual Saharan dust emissions (Heinold et al., 2016). This would be expected to
increase rather than reduce dust loadings, suggesting that the discrepancy more likely stems from other sources, e.g. interannual
differences (2006 vs 2024/2025) (Aryal and Evans, 2021). Furthermore, in our study we imposed the correlation length for the
perturbation uniformly, whereas over the Sahara region Tsikerdekis et al. (2023) imposed no correlation length. Additionally,

they excluded POLDER AEs55(_gg5 over the Sahara region from the data assimilation because the bias was too large.

Table 2. Comparison of aerosol emission estimates for
CTL, DAS, and DAS using POLDER data from Tsikerdekis

et al. (2023). All emissions are given in teragrams per year.

Category CTL DAS  POLDER DAS for 2006

DMS 51.2 559 -
SO- 103 143 198
SO4 4.0 55 -
BC 11.7 8.2 133
OoC 1269 1675 153.6
SS 1036 1855 1850

SSas 89.6 63.2 -
SScs 9463 1791.5 -
DU 681 677 1419
DUar 15.5 20.2 -
DUcr  665.1  657.0 -

3.4 Changes in aerosol and cloud properties

In this section, we discuss the results of the single model run using the ensemble-mean emission estimates from DAS. The
changes in aerosol emissions can alter the aerosol amount and mixture, in turn, modify the capacity of aerosols to serve as
cloud condensation nuclei (CCN), and consequently affect cloud properties. Figure 9 shows spatial distributions of AODj55q
(a), water AOD350 (b), CCN at 0.3 % supersaturation at the surface (c), in-cloud cloud droplet number concentration at cloud-
top (CDNC) (d), liquid water path (LWP) (e), ice water path (IWP) (f), and cloud fraction (CF) (g), for DAS, CTL and their

differences.
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DAS yields a higher global mean AODj5q than CTL (0.13 vs 0.11), with substantial regional differences. AODs55 increases
over biomass-burning regions in South America and equatorial Africa, anthropogenic combustion source regions in India and
south-east China, the eastern Sahara, and over most ocean regions, likely associated with enhanced aerosol outflow from land
and an overall increase in SS emissions. An exception is found over the southern Tropical Indian Ocean, where AOD55q
decreases, consistent with the reduction in DMS and fine-mode SS emissions in that region.

The overall increase in AODj55q is associated with larger aerosol mass emissions and a higher fraction of soluble aerosols,
which promotes stronger water uptake. Consequently, water AODs55¢ increases from 0.06 in CTL to 0.08 in DAS, with a
similar spatial pattern (Fig. 9b).

Compared to CTL, DAS yields a higher global mean CCN at surface (181.83cm™3 vs 166.93cm~?), with pronounced
regional differences (Fig. 9c). CCN at the surface increases in almost all regions, with particularly strong increases over
biomass-burning and anthropogenic source regions such as North America, South America, equatorial Africa, South Africa,
India, and East Asia, consistent with the AODj50 increases shown in Fig. 9a. A slight CCN increase is also found at higher
latitudes, including the Arctic and Antarctic regions, while a small decrease is apparent over remote ocean areas, particularly
over South of TPO, consistent with changes in DMS emissions (Fig. 7) and reduced fine-mode SS emissions (SSag: Fig. S13c¢).

Consequently, the global mean CDNC is higher in DAS than in CTL (91.58cm ™3 vs 88.79cm™3). Overall, the spatial
pattern of CDNC change follows that of surface CCN but less so with that of AODs550 (Fig. 9d). This is consistent with the
observational evidence that surface CCN is a better proxy for cloud-base CCN than AOD (Jia et al., 2026b; Gryspeerdt et al.,
2017). However, an exception occurs over eastern China and India, where CCN increases throughout the atmospheric column
(Fig. S14) but CDNC decreases. This apparent contradiction is related to the mismatch in temporal sampling between CCN
and CDNC when comparing annual mean: CCN is sampled at all time steps, whereas CDNC is sampled only when liquid
clouds are present. The seasonal plots (similar to Fig. 9) illustrate that, during DJF and MAM when liquid clouds are scarce
over eastern China and India, CCN is markedly enhanced in DAS (Fig. S15), but CDNC differs little from CTL (Fig. S16).
During JJA and SON when liquid clouds dominate (Fig. S17), CCN shows decrease or little variation.

According to cloud adjustment theory (Albrecht, 1989), changes in CDNC subsequently lead to changes in cloud water and
cover. LWP changes broadly follow the pattern of CDNC changes (Fig. 9¢), where the global mean is changed by —0.78 %.
Changes in aerosol emissions may also affect ice-nucleating particles (INP) and hence IWP, analogous to the effect on LWP
(Lohmann and Feichter, 2005). IWP (Fig. 9f) decreases over the Amazon and equatorial Africa, consistent with the reduction
in BC emissions in those regions. In ECHAM-HAM, heterogeneous nucleation in mixed-phase clouds is initiated either by
contact nucleation by mineral dust or by immersion nucleation by black carbon and mineral dust (Lohmann and Neubauer,
2018). Changes in BC and DU emissions therefore lead to changes in INP concentrations and subsequently in IWP.

CF changes by a small amount at the global scale (by 0.002 %) and is spatially noisy (Fig. 9g), indicating a weaker response
compared to CDNC, LWP and IWP. In ECHAM-HAM, CF is parameterized through a critical relative humidity scheme
(Quaas, 2012; Sundqvist et al., 1989) rather than being directly linked to cloud condensates, which limits the direct influence
of emission changes on CF (Gryspeerdt et al., 2020). Aerosols can affect relative humidity, but only through cloud droplet

activation and subsequent water vapor uptake. However, regional-scale differences might be more important. Visible changes
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Figure 9. Time-averaged model data related to aerosols and clouds from DAS, CTL, and their difference DAS—CTL.
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in CF are found over South America and equatorial Africa, closely following the IWP pattern, likely related to changes in the

humidity field and cloud lifetime through ice formation.

3.5 Impacts on aerosol radiative forcing
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Figure 10. ERF ,e; (), ERFayi (b), and ERF 4 (¢) for DAS, CTL, and their difference DAS—CTL.

In this section, we assess changes in aerosol effective radiative forcing (ERF) resulting from the ensemble-mean emission
adjustments of DAS, as applied in the single model run described in Sect. 3.4 (for the CTL single run default emissions were
used). For DAS-PI experiment, aerosol corrections are applied only for natural species (DU, SS, and DMS), while both natural
and anthropogenic emissions are adjusted in the DAS-PD experiment. The formulas used to compute ERF are provided in
Appendix B. Figure 10 shows the total net ERF ., (a), the net ERF due to aerosol-radiation interactions (ERF i, panel b),
and the net ERF due to aerosol—cloud interactions (ERF,.;, panel c), each for CTL (left), DAS (center), and their difference
DAS—CTL (right).

DAS produces a more negative ERF,., (—2.16 Wm™?2) compared to CTL (—1.34W m™2), indicating substantially
stronger cooling. This shift is driven primarily by ERF,,;, which changes from positive (+0.32W m~2) in CTL to nega-
tive (—0.22 W m™~2) in DAS, and to a lesser extent by ERF,;, which becomes more negative in DAS (—1.99 W m~2) than in
CTL (—1.70W m~2). The ERF,., (and particularly ERF,;) estimated from DAS lies at the lower end of the IPCC assessed
range (IPCC, 2023, Chapter 7). However, a direct comparison with the IPCC assessed range should be interpreted with cau-

tion. In our setup, fire emissions are treated as anthropogenic, meaning the PD and PI experiments use different fire emission
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inventories: GFAS for PD (scaled by 3.4) and CMIP6 biomass-burning for PI. Additionally, the model may exhibit an overly
high sensitivity of cloud droplets to CCN perturbations and excessively strong updraft velocities (Virtanen et al., 2025), which
could amplify ERF ;.

Since ERF is closely related to the differences in PD-PI (A) in aerosol and cloud properties, we also show these differences
in Fig. S18. The shift in ERF,;; can be understood through AAODj550 and AAAOD 4. The AAOD55 is larger in DAS
than in CTL (0.05 vs 0.03), while AAAOD 4 is smaller (0.004 vs 0.005), indicating a shift toward a more scattering and less
absorbing PD atmosphere. The enhanced cooling is strongest over biomass-burning regions in Canada, South America, and
equatorial Africa, and over India, where reduced BC emissions (Fig. 7) lower AAOD 44 and enhanced OC and SOy increase
scattering AODj550. Over the ocean, particularly in biomass-burning outflow regions, the replacement of absorbing BC by
more reflective OC and sulfate produces a stronger cooling effect, consistent with the simultaneous decrease in AAOD 449
and increase in AODs50 seen in Fig. S18. ERF,; is more negative in DAS compared to CTL (Fig. 10c), though the spatial
pattern appears more noisy due to the CF variability. The distribution of ERF,.; changes broadly agrees with ACDNC (DAS:
26.39cm 3, CTL: 23.22cm™2) and ALWP (DAS: 5.30g m~2, CTL: 4.60g m~2) shown in Fig. S18, through the interactions
of aerosols and liquid clouds. Although ice formation can influence IWP and ice cloud fraction (included in CF), its impact is

limited to the longwave ERF, ., which is negligible compared to the shortwave forcing (Fig. S19).

4 Discussion and conclusion

This study presents global aerosol emission estimates for the period 2024-08 to 2025-07, derived by assimilating SPEXone
multi-angle polarimetric observations from the NASA PACE mission into the ECHAM6.3-HAM?2.3 global aerosol—climate
model using the LETKS data assimilation framework. The assimilated observations constrain aerosol amount, size, and ab-
sorption through AOD550, AE 440670, and SSA 449, respectively. The resulting emission estimates improve model agreement
not only with the assimilated SPEXone observations but also with independent observations from AERONET and MODIS.

The data assimilation reduces BC emissions (—29.9%) while increasing SS (+79.0%), DMS (+9.2%), SOy and SOy
(+38.8%), and OC (+32.0%); total DU remains essentially unchanged (—0.5%). Two dominant adjustment mechanisms are
identified: over the ocean, AE 40_g7¢ is corrected through increased coarse-mode SS emissions; over land, SSA 449 is corrected
by replacing strongly absorptive BC with OC and sulfate. Both mechanisms are consistent with the findings of Tsikerdekis et al.
(2023) using POLDER observations for 2006. For fire emissions specifically, DAS implies global scaling factors of 2.09 for
BC and 4.66 for OC relative to the GFAS inventory. The BC scaling is close to the POLDER-based estimate (1.90), while for
OC the scaling is higher (POLDER: 2.93). This discrepancy may reflect differences in the prior emission fields used by the data
assimilation, as well as differences in the study period with different contributions from BB. Additionally, GFAS fire emission
estimates rely on MODIS fire radiative power retrievals, and potential sensor degradation between 2006 and 2024-2025 may
further influence the inferred emission magnitudes and scaling factors.

The emission adjustments lead to higher AODs50 globally, driven by an increased abundance of soluble and scattering

aerosols and stronger water uptake. Surface CCN and CDNC at cloud-top both increase globally but with pronounced regional
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differences. A case study of eastern China and India demonstrates that an annual increase in CCN alone is not sufficient to
increase annual mean CDNC, and that factors such as the seasonal timing of emission changes also need to be considered.

The updated emission estimates lead to a substantially more negative ERF ., in DAS (—2.16 W m~2) compared to CTL
(—1.34W m~—2). This is driven primarily by a shift in ERF ,;; from +0.32W m~2 in CTL to —0.22W m~2 in DAS, and by a
more negative ERF,.; in DAS (—1.99W m~?2) compared to CTL (—1.70 W m~2). DAS exhibits stronger cooling compared
to CTL which can be explained by the replacement of absorbing BC by more soluble and reflective aerosols. These changes
lead to increased atmospheric scattering and increased cloud droplet number. Comparing these estimates with the PPE-based
ensemble of Bhatti et al. (2026) suggests that the DAS cooling may represent an extreme case.

Two systematic limitations are identified when comparing DAS against SPEXone. First, SSA 44 is overestimated over
remote ocean regions outside of land-to-ocean outflow areas, reflecting an inherent model bias that cannot be corrected through
emission adjustments alone. This may suggest either an unrepresented source of absorbing aerosols over the ocean in the
model, or an underestimated lifetime of land-sourced absorbing aerosols. However, it should be noted that a newer version
of SPEXone retrievals (Fu et al., 2026) results in higher SSA over ocean which may reduce the bias. Second, AODs5q is
overestimated in regions of high relative humidity, such as the Tropical Indian Ocean and East Asia. Following Tsikerdekis
et al. (2023), these regions are characterized by high concentrations of soluble aerosols such as SS and sulfates, whose optical
properties are sensitive to the RH profile. Model overestimation of RH in these regions may lead to incorrect SS and sulfate
emission estimates. The non-linear nature of aerosol water uptake makes this particularly challenging for the data assimilation
system to correct.

We can address parametric biases, for instance by running the data assimilation with a PPE-constrained version of ECHAM-
HAM (Bhatti et al., 2026). That would be an important step toward more physically consistent emission estimates. Given the
importance of aerosol emissions for radiative forcing and the broader impact of aerosols on global climate, the ultimate goal
is to combine a model with reduced structural uncertainty with spatially and temporally resolved emission estimates, which

could substantially reduce uncertainties in aerosol forcing.

Code and data availability. The ECHAM-HAM version that was used in this study can be found in the following repository: https://redmine.
hammoz.ethz.ch/projects/hammoz/repository/echam/show/echam6-hammoz/branches/uni_amsterdam_vrije/WC20220422 (Tsikerdekis et al.
2022a). This repository can be accessed after registration at https://redmine.hammoz.ethz.ch/projects/hammoz (HAMMOZ, 2023). The
SPEXone observations can be found at https://public.spider.surfsara.nl/project/spexone/RemoTAP-SPEXone-GRIDDED/ (last access: Au-
gust 2026; Fu et al., 2025). The MODIS Aerosol Cloud Water Vapor Ozone Daily L3 Global product (MYDO08_D3, Collection 6.1) is
available from the NASA LAADS Distributed Active Archive Center (DAAC): https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/
61/MYDO08_D3/ (last access: August 2026; MODIS Atmosphere Science Team, 2017). The AERONET (https://aeronet.gsfc.nasa.gov/;
AERONET, 2023) data are freely available.
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Appendix A: Observation calculations
AAODyyp at wavelength \; for SPEXone is computed as
AAOD,, =A0D,, (l—SSA,\l) (A1)

The AE440_670 between wavelengths A1 < Ao is calculated as

og (AOD,\I )
(0]
ABy ., = — —\AODy

A2
e ) (A2)
g e
where this formula is applied to both AERONET and MODIS retrievals.
For AERONET, we use
AODy = AODj, (A/Ag) “ABx-x2 (A3)

with A\; < A < Ag and A1 # \o. For AERONET, to compute AODs550, we used AOD at 440 nm and 675 nm.

Appendix B: Radiative forcing calculations

The calculation follows established conventions (Ghan, 2013). All fluxes are evaluated at the top of the atmosphere (TOA)
and follow the convention that net downward radiation is positive. The net radiative flux F' is computed from the downwelling

radiative flux 7+ and the upwelling shortwave and longwave fluxes ., and TITW, respectively:
F:TL—TJW_TEN. (Bl)

We compute F for the following conditions: all = all-sky, cs = clear-sky, noa = no-aerosol, and csnoa = clear-sky no-aerosol. To
evaluate anthropogenic forcing, two experiments are conducted: PI = pre-industrial and PD = present-day. Here, PI refers to

anthropogenic aerosol emissions representative of 1850. Using the definitions above, the three plotted quantities are computed

as:

BRF.s = [ (A — ) — (o) — )] (B2
ERF,; = [(F;}ga — FSO — (PRt — Fg?noa)} , (B3)
ERFoer = F — . (B4)

Note that for the forcing calculation, r+ is not required.

25



https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Appendix C: Observation uncertainties

a AOD550 RMSE vs AOD550 (land) AE_440_670 RMSE vs AOD550 (land)

01800
- ~o70
15 o600 A 5

i 2 oss0

Q© o0.1400 o
2 2
& S oseo
<C 0.1200
y . 0.480
M . o
2 oo o | g
2 oom00 S o000
& p &
[ g
w et w
& 0.0400 s 8 Yoz
e 2 N
Z oom0 1 Z o160 3

00000

0:00/0.051 [0:05/0.10] (0100151 0150201 10300401 (0402991 10000051 [0:05/0.10) 10100151 (0150201 [0:20/0.80] 10403991
d AOD550 RMSE vs AOD550 (ocean) e“'m AE_440_670 RMSE vs AOD550 (ocean)
- —~oss0
E 0.1200 , E \
8 o050 / z 3
& / & \
% 0.0500 Y G oo \
@ 0.0750 @ 0.440 N\
g 2 \
S S N
2 ooso Rowo] g
a a 0.4014) (0.4025) =
) 0.0a50 U 0360 S,
o & N
{3 0.0300 0 0320 -
i 2
o 0.0150 3 (0.3185)
(©0.0192) o0.280 10.3003)
10000031 [0.05/0.10] [0.10/0.15] (0150201 10300401 (0400871 10000051 [0.05/0.10] 10300351 (015020 (020/0.40] (0400571

RMSE ( SPEXone - AER(
2 2 2 8 8
LI I I

H

=h £

EGUsphere

SSA440 RMSE vs AOD550 (land)

[0.00,0.051 (0.050.10] (0.10/0.15] [0.15,0.201 [0.20,0.40] (0.40,2.99]
SSA440 RMSE vs AOD550 (ocean)

wossn

10.00/0.05] 0.05,0.10] [0.10,0.15] [0.15,0.20] [0.20,0.40) (0.40,0.87]

Figure C1. SPEXone validation against AERONET at pixel level (5 km) for AODs50, AE440-670, and SSA 440. The uncertainties are binned

and separated for land and ocean.
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Appendix D: Region definitions

Figure D1. Map of the regions used for the analysis from the work of Jia et al. (2021). The regions are: AO (Arctic Ocean), AL (Arctic
Land), NPO (North Pacific Ocean), NA (North America), NAO (North Atlantic Ocean), EUR (Europe), ASIA (Asia), TPO (Tropical Pacific
Ocean), TAO (Tropical Atlantic Ocean), AF (Africa), TIO (Tropical Indian Ocean), SPO (South Pacific Ocean), SA (South America), SAO
(South Atlantic Ocean), SIO (South Indian Ocean), AUS (Oceania), ANO (Antarctic Ocean), and ANT (Antarctica).

Author contributions. AA organized the experiments with the help of HJ and OH. AA prepared the experiments and performed the analysis.
GF provided the SPEXone data and uncertainties. NS implemented much of the data assimilation code, with further contributions from AT.
AK prepared the model input data. All co-authors contributed their expertise on the observations, model and data assimilation, specifically

NS, AT and GF for the data assimilation setup.

Competing interests. At least one of the (co-)authors is a member of the editorial board of Atmospheric Chemistry and Physics. The authors

declare that they have no other conflict of interest.

Acknowledgements. This work used the Dutch national e-infrastructure with the support of the SURF Cooperative using grant nos. EINF.
13056 and NWO. 2025.001. HJ, YB, and OH are supported by the EU Horizon 2020 project CleanCloud (grant no. GA 101137639). We
thank the principal investigators as well as the co-investigators and their staff for establishing and maintaining the AERONET sites used in

this investigation.

28



565

570

575

580

585

590

595

600

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

References

AERONET: Aerosol Robotic Network (AERONET), https://aeronet.gsfc.nasa.gov/, last access: August 2026, 2023.

Albrecht, B. A.: Aerosols, Cloud  Microphysics, and  Fractional Cloudiness, Science, 245, 1227-1230,
https://doi.org/10.1126/science.245.4923.1227, 1989.

Aryal, Y. and Evans, S.: Global Dust Variability Explained by Drought Sensitivity in CMIP6 Models, Journal of Geophysical Research: Earth
Surface, 126, https://doi.org/10.1029/2021JF006073, 2021.

Barnes, W., Pagano, T., and Salomonson, V.: Prelaunch characteristics of the Moderate Resolution Imaging Spectroradiometer (MODIS) on
EOS-AML1, IEEE Transactions on Geoscience and Remote Sensing, 36, 1088—1100, https://doi.org/10.1109/36.700993, 1998.

Bhatti, Y. A., Watson-Parris, D., Regayre, L. A., Jia, H., Neubauer, D., Im, U., Svenhag, C., Schutgens, N., Tsikerdekis, A., Nenes, A., Irfan,
M., van Diedenhoven, B., Arifi, A., Fu, G., and Hasekamp, O. P.: Uncertainty in aerosol effective radiative forcing from anthropogenic
and natural aerosol parameters in ECHAMG6.3-HAM?2.3, Atmospheric Chemistry and Physics, 26, 269-293, https://doi.org/10.5194/acp-
26-269-2026, 2026.

Chen, C., Dubovik, O., Henze, D. K., Lapyonak, T., Chin, M., Ducos, F., Litvinov, P, Huang, X., and Li, L.: Retrieval of desert dust
and carbonaceous aerosol emissions over Africa from POLDER/PARASOL products generated by the GRASP algorithm, Atmospheric
Chemistry and Physics, 18, 12 551-12 580, https://doi.org/10.5194/acp-18-12551-2018, 2018.

Chen, C., Dubovik, O., Henze, D. K., Chin, M., Lapyonok, T., Schuster, G. L., Ducos, F., Fuertes, D., Litvinov, P., Li, L., Lopatin, A., Hu,
Q., and Torres, B.: Constraining global aerosol emissions using POLDER/PARASOL satellite remote sensing observations, Atmospheric
Chemistry and Physics, 19, 14 585-14 606, https://doi.org/10.5194/acp-19-14585-2019, 2019.

Chen, C., Dubovik, O., Schuster, G. L., Chin, M., Henze, D. K., Lapyonok, T., Li, Z., Derimian, Y., and Zhang, Y.: Multi-angular
polarimetric remote sensing to pinpoint global aerosol absorption and direct radiative forcing, Nature Communications, 13, 7459,
https://doi.org/10.1038/s41467-022-35147-y, 2022.

Copernicus Atmosphere Monitoring Service: CAMS global biomass burning emissions based on fire radiative power (GFAS),
https://doi.org/10.24381/A05253C7, 2022.

Di Giuseppe, F., Remy, S., Pappenberger, F., and Wetterhall, F.: Improving GFAS and CAMS biomass burning estimations by means of the
Global ECMWEF Fire Forecast system (GEFF), https://doi.org/10.21957/UYGQQTYH7, 2016.

Di Tomaso, E., Escribano, J., Basart, S., Ginoux, P., Macchia, F., Barnaba, F., Benincasa, F., Bretonniere, P.-A., Bufiuel, A., Castrillo,
M., Cuevas, E., Formenti, P., Gongalves, M., Jorba, O., Klose, M., Mona, L., Montané Pinto, G., Mytilinaios, M., Obiso, V., Olid, M.,
Schutgens, N., Votsis, A., Werner, E., and Pérez Garcia-Pando, C.: The MONARCH high-resolution reanalysis of desert dust aerosol over
Northern Africa, the Middle East and Europe (2007-2016), Earth System Science Data, 14, 2785-2816, https://doi.org/10.5194/essd-14-
2785-2022, 2022.

Dubovik, O., Smirnov, A., Holben, B. N., King, M. D., Kaufman, Y. J., Eck, T. F., and Slutsker, I.: Accuracy assessments of aerosol optical
properties retrieved from Aerosol Robotic Network (AERONET) Sun and sky radiance measurements, Journal of Geophysical Research:
Atmospheres, 105, 9791-9806, https://doi.org/10.1029/2000JD900040, 2000.

Dubovik, O., Holben, B. N., Lapyonok, T., Sinyuk, A., Mishchenko, M. I., Yang, P., and Slutsker, I.: Non-spherical aerosol retrieval method
employing light scattering by spheroids, Geophysical Research Letters, 29, https://doi.org/10.1029/2001GL014506, 2002.

Eck, T., Holben, b., Reid, J., Dubovik, O., Smirnov, A., Neill, Slutsker, I., and Kinne, S.: Wavelength dependence of the optical depth of
biomass burning, urban, and desert dust aerosols, J. Geophys. Res., 104349, 333-31, https://doi.org/10.1029/1999JD900923, 1999.

29



605

610

615

620

625

630

635

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Forster, P. M., Smith, C. J., Walsh, T., Lamb, W. E,, Lamboll, R., Hauser, M., Ribes, A., Rosen, D., Gillett, N., Palmer, M. D., Rogelj, J.,
von Schuckmann, K., Seneviratne, S. L., Trewin, B., Zhang, X., Allen, M., Andrew, R., Birt, A., Borger, A., Boyer, T., Broersma, J. A,
Cheng, L., Dentener, F., Friedlingstein, P., Gutiérrez, J. M., Giitschow, J., Hall, B., Ishii, M., Jenkins, S., Lan, X., Lee, J.-Y., Morice, C.,
Kadow, C., Kennedy, J., Killick, R., Minx, J. C., Naik, V., Peters, G. P, Pirani, A., Pongratz, J., Schleussner, C.-F., Szopa, S., Thorne, P.,
Rohde, R., Rojas Corradi, M., Schumacher, D., Vose, R., Zickfeld, K., Masson-Delmotte, V., and Zhai, P.: Indicators of Global Climate
Change 2022: annual update of large-scale indicators of the state of the climate system and human influence, Earth System Science Data,
15, 2295-2327, https://doi.org/10.5194/essd-15-2295-2023, 2023.

Fu, G., Rietjens, J., Laasner, R., van der Schaaf, L., van Hees, R., Yuan, Z., van Diedenhoven, B., Hannadige, N., Landgraf, J., Smit,
M., Knobelspiesse, K., Cairns, B., Gao, M., Franz, B., Werdell, J., and Hasekamp, O.: Aerosol Retrievals From SPEXone on the NASA
PACE Mission: First Results and Validation, Geophysical Research Letters, 52, €2024GL113 525, https://doi.org/10.1029/2024GL113525,
_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2024GL113525, 2025.

Fu, G., Lu, S., Gao, M., Rietjens, J., and Hasekamp, O.: Collaborative Neural Networks Significantly Improve Global Aerosol
Retrievals From Multiangle Polarimeters, IEEE Transactions on Geoscience and Remote Sensing, 64, 4107019-4107019,
https://doi.org/10.1109/TGRS.2026.3685881, 2026.

Garrigues, S., Remy, S., Chimot, J., Ades, M., Inness, A., Flemming, J., Kipling, Z., Laszlo, I., Benedetti, A., Ribas, R., Jafariserajehlou, S.,
Fougnie, B., Kondragunta, S., Engelen, R., Peuch, V.-H., Parrington, M., Bousserez, N., Vazquez Navarro, M., and Agusti-Panareda, A.:
Monitoring multiple satellite aerosol optical depth (AOD) products within the Copernicus Atmosphere Monitoring Service (CAMS) data
assimilation system, Atmospheric Chemistry and Physics, 22, 14 657-14 692, https://doi.org/10.5194/acp-22-14657-2022, 2022.

Garrigues, S., Ades, M., Remy, S., Flemming, J., Kipling, Z., Laszlo, 1., Parrington, M., Inness, A., Ribas, R., Jones, L., Engelen, R., and
Peuch, V.-H.: Impact of assimilating NOAA VIIRS aerosol optical depth (AOD) observations on global AOD analysis from the Copernicus
Atmosphere Monitoring Service (CAMS), Atmospheric Chemistry and Physics, 23, 10473-10487, https://doi.org/10.5194/acp-23-10473-
2023, 2023.

Ghan, S. J.: Technical Note: Estimating aerosol effects on cloud radiative forcing, Atmospheric Chemistry and Physics, 13, 9971-9974,
https://doi.org/10.5194/acp-13-9971-2013, 2013.

Giles, D. M., Sinyuk, A., Sorokin, M. G., Schafer, J. S., Smirnov, A., Slutsker, L., Eck, T. F.,, Holben, B. N., Lewis, J. R., Campbell, J. R.,
Welton, E. J., Korkin, S. V., and Lyapustin, A. I.: Advancements in the Aerosol Robotic Network (AERONET) Version 3 database
— automated near-real-time quality control algorithm with improved cloud screening for Sun photometer aerosol optical depth (AOD)
measurements, Atmospheric Measurement Techniques, 12, 169-209, https://doi.org/10.5194/amt-12-169-2019, 2019.

Granier, C., Bessagnet, B., Bond, T., D’ Angiola, A., Denier van der Gon, H., Frost, G. J., Heil, A., Kaiser, J. W., Kinne, S., Klimont, Z.,
Kloster, S., Lamarque, J.-F., Liousse, C., Masui, T., Meleux, F., Mieville, A., Ohara, T., Raut, J.-C., Riahi, K., Schultz, M. G., Smith, S.J.,
Thompson, A., van Aardenne, J., van der Werf, G. R., and van Vuuren, D. P.: Evolution of anthropogenic and biomass burning emissions
of air pollutants at global and regional scales during the 1980-2010 period, Climatic Change, 109, 163, https://doi.org/10.1007/s10584-
011-0154-1, 2011.

Gryspeerdt, E., Quaas, J., Ferrachat, S., Gettelman, A., Ghan, S., Lohmann, U., Morrison, H., Neubauer, D., Partridge, D. G., Stier, P.,
Takemura, T., Wang, H., Wang, M., and Zhang, K.: Constraining the instantaneous aerosol influence on cloud albedo, Proceedings of the

National Academy of Sciences, 114, 4899-4904, https://doi.org/10.1073/pnas.1617765114, 2017.

30



640

645

650

655

660

665

670

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

Gryspeerdt, E., Milmenstidt, J., Gettelman, A., Malavelle, F. F., Morrison, H., Neubauer, D., Partridge, D. G., Stier, P., Takemura, T.,
Wang, H., Wang, M., and Zhang, K.: Surprising similarities in model and observational aerosol radiative forcing estimates, Atmospheric
Chemistry and Physics, 20, 613-623, https://doi.org/10.5194/acp-20-613-2020, 2020.

Grythe, H., Strom, J., Krejci, R., Quinn, P., and Stohl, A.: A review of sea-spray aerosol source functions using a large global set of sea salt
aerosol concentration measurements, Atmospheric Chemistry and Physics, 14, 1277-1297, https://doi.org/10.5194/acp-14-1277-2014,
2014.

HAMMOZ: HAMMOZ community aerosol-chemistry—climate model, https://redmine.hammoz.ethz.ch/projects/hammoz, last access: Au-
gust 2026, 2023.

Hasekamp, O. P. and Landgraf, J.: Linearization of vector radiative transfer by means of the forward-adjoint perturbation theory and its use
in atmospheric remote sensing, in: Light Scattering Reviews 2: Remote Sensing and Inverse Problems, edited by Kokhanovsky, A. A., pp.
159-204, Springer, Berlin, Heidelberg, ISBN 978-3-540-68435-0, https://doi.org/10.1007/978-3-540-68435-0_5, 2007.

Heinold, B., Tegen, 1., Schepanski, K., and Banks, J. R.: New developments in the representation of Saharan dust sources in the
aerosol—climate model ECHAM6-HAM?2, Geoscientific Model Development, 9, 765-777, https://doi.org/10.5194/gmd-9-765-2016, 2016.

Hoesly, R., Smith, S. J., Prime, N., Ahsan, H., Suchyta, H., O’Rourke, P., Crippa, M., Klimont, Z., Guizzardi, D., Behrendt, J., Feng,
L., Harkins, C., McDonald, B. C., Mott, A., McDulffie, E. E., Wang, S., and Nicholson, M. B.: CEDS v_2024_10_21 Release Gridded
Emissions Data 0.5 degree, https://doi.org/10.5281/ZENODO.13952845, 2024.

Hoesly, R. M. and Smith, S. J.: Informing energy consumption uncertainty: an analysis of energy data revisions, Environmental Research
Letters, 13, 124 023, https://doi.org/10.1088/1748-9326/aaebc3, 2018.

Hoesly, R. M., Smith, S. J., Feng, L., Klimont, Z., Janssens-Maenhout, G., Pitkanen, T., Seibert, J. J., Vu, L., Andres, R. J., Bolt, R. M., Bond,
T. C., Dawidowski, L., Kholod, N., Kurokawa, J.-i., Li, M., Liu, L., Lu, Z., Moura, M. C. P, O’Rourke, P. R., and Zhang, Q.: Historical
(1750-2014) anthropogenic emissions of reactive gases and aerosols from the Community Emissions Data System (CEDS), Geoscientific
Model Development, 11, 369-408, https://doi.org/10.5194/gmd-11-369-2018, 2018.

Holben, B. N., Tanré, D., Smirnov, A., Eck, T. F., Slutsker, 1., Abuhassan, N., Newcomb, W. W., Schafer, J. S., Chatenet, B., Lavenu, F.,
Kaufman, Y. J., Castle, J. V., Setzer, A., Markham, B., Clark, D., Frouin, R., Halthore, R., Karneli, A., O’Neill, N. T., Pietras, C., Pinker,
R. T., Voss, K., and Zibordi, G.: An emerging ground-based aerosol climatology: Aerosol optical depth from AERONET, Journal of
Geophysical Research: Atmospheres, 106, 12 067-12 097, https://doi.org/10.1029/2001JD900014, 2001.

Huneeus, N., Schulz, M., Balkanski, Y., Griesfeller, J., Prospero, J., Kinne, S., Bauer, S., Boucher, O., Chin, M., Dentener, F., Diehl, T.,
Easter, R., Fillmore, D., Ghan, S., Ginoux, P., Grini, A., Horowitz, L., Koch, D., Krol, M. C., Landing, W., Liu, X., Mahowald, N., Miller,
R., Morcrette, J.-J., Myhre, G., Penner, J., Perlwitz, J., Stier, P, Takemura, T., and Zender, C. S.: Global dust model intercomparison in
AeroCom phase I, Atmospheric Chemistry and Physics, 11, 7781-7816, https://doi.org/10.5194/acp-11-7781-2011, 2011.

Hunt, B. R., Kostelich, E. J., and Szunyogh, I.: Efficient data assimilation for spatiotemporal chaos: A local ensemble transform Kalman
filter, Physica D: Nonlinear Phenomena, 230, 112-126, https://doi.org/10.1016/j.physd.2006.11.008, 2007.

IMO: IMO 2020 Sulfur Oxide Emission Regulation., https://wwwcdn.imo.org/localresources/en/MediaCentre/HotTopics/Documents/2020%
20sulphur%?201imit%20FAQ%202019.pdf, 2020.

IPCC: Climate Change 2021 — The Physical Science Basis: Working Group I Contribution to the Sixth Assessment Report of the Intergovern-
mental Panel on Climate Change, Cambridge University Press, 1 edn., ISBN 978-1-009-15789-6, https://doi.org/10.1017/9781009157896,
2023.

31



675

680

685

690

695

700

705

710

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Jia, H., Ma, X., Yu, F.,, and Quaas, J.: Significant underestimation of radiative forcing by aerosol—cloud interactions derived from satellite-
based methods, Nature Communications, 12, 3649, https://doi.org/10.1038/s41467-021-23888-1, 2021.

Jia, H., Neubauer, D., Bhatti, Y., Watson-Parris, D., Stier, P, Quaas, J., Partridge, D., Arifi, A., Kubin, A., Nenes, A., Irfan, M., Im, U.,
Svenhag, C., Schutgens, N., van Diedenhoven, B., Ferrachat, S., Lohmann, U., Tegen, I., Henkes, A., Fu, G., and Hasekamp, O.: Process-
level contributions to uncertainty in aerosol effective radiative forcing: a perturbed parameter ensemble with the aerosol&ndash;climate
model ICON&ndash;HAM, EGUsphere, pp. 1-50, https://doi.org/10.5194/egusphere-2026-3275, 2026a.

Jia, H., Quaas, J., Kroese, W., Van Diedenhoven, B., Gryspeerdt, E., Bohm, C., Block, K., and Hasekamp, O.: Optimal choice
of proxy for cloud condensation nuclei reduces uncertainty in aerosol-cloud-climate forcing, Science Advances, 12, eaea4828,
https://doi.org/10.1126/sciadv.aea4828, 2026b.

Kahnert, M., Ades, M., Bacles, M., Flemming, J., Guidard, V., Haefele, A., Hogan, R.J., Rémy, S., and Sauvageat, E.: Assimilation of ground
based lidar and ceilometer observations of aerosols from the European E-Profile network into ECMWF’s Integrated Forecasting System
(IFS-COMPO, CY49R1), EGUsphere, pp. 1-37, https://doi.org/10.5194/egusphere-2025-6077, 2026.

Kaiser, J. W., Heil, A., Andreae, M. O., Benedetti, A., Chubarova, N., Jones, L., Morcrette, J.-J., Razinger, M., Schultz, M. G., Suttie, M.,
and Van Der Werf, G. R.: Biomass burning emissions estimated with a global fire assimilation system based on observed fire radiative
power, Biogeosciences, 9, 527-554, https://doi.org/10.5194/bg-9-527-2012, 2012.

Lana, A., Bell, T. G.,, Simé, R., Vallina, S. M., Ballabrera-Poy, J., Kettle, A. J.,, Dachs, J., Bopp, L., Saltzman,
E. S., Stefels, J., Johnson, J. E., and Liss, P. S.: An updated climatology of surface dimethlysulfide concentrations
and emission fluxes in the global ocean, Global Biogeochemical Cycles, 25, https://doi.org/10.1029/2010GB003850, _eprint:
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2010GB003850, 2011.

Lee, L. A., Carslaw, K. S., Pringle, K. J., Mann, G. W., and Spracklen, D. V.: Emulation of a complex global aerosol model to quantify
sensitivity to uncertain parameters, Atmospheric Chemistry and Physics, 11, 12253-12273, https://doi.org/10.5194/acp-11-12253-2011,
2011.

Leung, D. M., Kok, J. F,, Li, L., Okin, G. S., Prigent, C., Klose, M., Pérez Garcia-Pando, C., Menut, L., Mahowald, N. M., Lawrence, D. M.,
and Chamecki, M.: A new process-based and scale-aware desert dust emission scheme for global climate models — Part I: Description
and evaluation against inverse modeling emissions, Atmospheric Chemistry and Physics, 23, 6487-6523, https://doi.org/10.5194/acp-23-
6487-2023, 2023.

Levy, R. C., Mattoo, S., Munchak, L. A., Remer, L. A., Sayer, A. M., Patadia, F., and Hsu, N. C.: The Collection 6 MODIS aerosol products
over land and ocean, Atmospheric Measurement Techniques, 6, 2989-3034, https://doi.org/10.5194/amt-6-2989-2013, 2013.

Lohmann, U. and Feichter, J.: Global indirect aerosol effects: a review, Atmospheric Chemistry and Physics, 5, 715-737,
https://doi.org/10.5194/acp-5-715-2005, 2005.

Lohmann, U. and Neubauer, D.: The importance of mixed-phase and ice clouds for climate sensitivity in the global aerosol—climate model
ECHAM6-HAM?2, Atmospheric Chemistry and Physics, 18, 8807-8828, https://doi.org/10.5194/acp-18-8807-2018, 2018.

Long, M. S., Keene, W. C., Kieber, D. J., Erickson, D. J., and Maring, H.: A sea-state based source function for size- and composition-resolved
marine aerosol production, Atmospheric Chemistry and Physics, 11, 1203-1216, https://doi.org/10.5194/acp-11-1203-2011, 2011.

McDulffie, E. E., Smith, S. J., O’Rourke, P., Tibrewal, K., Venkataraman, C., Marais, E. A., Zheng, B., Crippa, M., Brauer, M., and Mar-
tin, R. V.: A global anthropogenic emission inventory of atmospheric pollutants from sector- and fuel-specific sources (1970-2017): an
application of the Community Emissions Data System (CEDS), Earth System Science Data, 12, 3413-3442, https://doi.org/10.5194/essd-
12-3413-2020, 2020.

32



715

720

725

730

735

740

745

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Mishchenko, M. I. and Travis, L. D.: Satellite retrieval of aerosol properties over the ocean using polarization as well as intensity of reflected
sunlight, Journal of Geophysical Research: Atmospheres, 102, 16 989-17 013, https://doi.org/10.1029/96JD02425, 1997.

Miyoshi, T. and Yamane, S.: Local Ensemble Transform Kalman Filtering with an AGCM at a T159/L.48 Resolution, Monthly Weather
Review, 135, 3841-3861, https://doi.org/10.1175/2007MWR1873.1, 2007.

MODIS Atmosphere Science Team: MYDO08_D3 MODIS/Aqua Aerosol Cloud Water Vapor Ozone Daily L3 Global 1Deg CMG,
https://doi.org/10.5067/MODIS/MYD08_D3.061, 2017.

Nightingale, P. D., Malin, G., Law, C. S., Watson, A. J., Liss, P. S., Liddicoat, M. L., Boutin, J., and Upstill-Goddard, R. C.: In situ evaluation
of air-sea gas exchange parameterizations using novel conservative and volatile tracers, Global Biogeochemical Cycles, 14, 373-387,
https://doi.org/10.1029/1999GB900091, 2000.

Pan, X., Ichoku, C., Chin, M., Bian, H., Darmenov, A., Colarco, P, Ellison, L., Kucsera, T., da Silva, A., Wang, J., Oda, T., and Cui, G.:
Six global biomass burning emission datasets: intercomparison and application in one global aerosol model, Atmospheric Chemistry and
Physics, 20, 969-994, https://doi.org/10.5194/acp-20-969-2020, 2020.

Peters, W., Miller, J. B., Whitaker, J., Denning, A. S., Hirsch, A., Krol, M. C., Zupanski, D., Bruhwiler, L., and Tans, P. P.: An ensemble
data assimilation system to estimate CO, surface fluxes from atmospheric trace gas observations, Journal of Geophysical Research:
Atmospheres, 110, 2005JD006 157, https://doi.org/10.1029/2005JD006157, 2005.

Quaas, J.: Evaluating the “critical relative humidity” as a measure of subgrid-scale variability of humidity in general circulation
model cloud cover parameterizations using satellite data, Journal of Geophysical Research: Atmospheres, 117, 2012JD017495,
https://doi.org/10.1029/2012JD017495, 2012.

Regayre, L. A., Johnson, J. S., Yoshioka, M., Pringle, K. J., Sexton, D. M. H., Booth, B. B. B, Lee, L. A., Bellouin, N., and Carslaw, K. S.:
Aerosol and physical atmosphere model parameters are both important sources of uncertainty in aerosol ERF, Atmospheric Chemistry
and Physics, 18, 9975-10 006, https://doi.org/10.5194/acp-18-9975-2018, 2018.

Regayre, L. A., Prévost, L. M. C., Ghosh, K., Johnson, J. S., Oakley, J. E., Owen, J., Webb, 1., and Carslaw, K. S.: Remaining aerosol
forcing uncertainty after observational constraint and the processes that cause it, Atmospheric Chemistry and Physics, 26, 2293-2317,
https://doi.org/10.5194/acp-26-2293-2026, 2026.

Sayer, A. M., Hsu, N. C., Bettenhausen, C., and Jeong, M.: Validation and uncertainty estimates for MODIS Collection 6 “Deep Blue”
aerosol data, Journal of Geophysical Research: Atmospheres, 118, 7864—7872, https://doi.org/10.1002/jgrd.50600, 2013.

Sayer, A. M., Munchak, L. A., Hsu, N. C., Levy, R. C., Bettenhausen, C., and Jeong, M.: MODIS Collection 6 aerosol products: Comparison
between Aqua’s e-Deep Blue, Dark Target, and “merged” data sets, and usage recommendations, Journal of Geophysical Research:
Atmospheres, 119, https://doi.org/10.1002/2014JD022453, 2014.

Schutgens, N., Nakata, M., and Nakajima, T.: Estimating Aerosol Emissions by Assimilating Remote Sensing Observations into a Global
Transport Model, Remote Sensing, 4, 3528-3543, https://doi.org/10.3390/rs4113528, 2012.

Schutgens, N., Sayer, A. M., Heckel, A., Hsu, C., Jethva, H., de Leeuw, G., Leonard, P. J. T., Levy, R. C., Lipponen, A., Lyapustin, A.,
North, P., Popp, T., Poulsen, C., Sawyer, V., Sogacheva, L., Thomas, G., Torres, O., Wang, Y., Kinne, S., Schulz, M., and Stier, P.: An
AeroCom—AeroSat study: intercomparison of satellite AOD datasets for aerosol model evaluation, Atmospheric Chemistry and Physics,
20, 12431-12457, https://doi.org/10.5194/acp-20-12431-2020, 2020.

Schutgens, N. a. J. and Stier, P.: A pathway analysis of global aerosol processes, Atmospheric Chemistry and Physics, 14, 11 657-11 686,
https://doi.org/10.5194/acp-14-11657-2014, 2014.

33



750

755

760

765

770

775

780

785

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Sinyuk, A., Holben, B. N., Eck, T. F, Giles, D. M., Slutsker, 1., Korkin, S., Schafer, J. S., Smirnov, A., Sorokin, M., and Lyapustin, A.:
The AERONET Version 3 aerosol retrieval algorithm, associated uncertainties and comparisons to Version 2, Atmospheric Measurement
Techniques, 13, 3375-3411, https://doi.org/10.5194/amt-13-3375-2020, 2020.

Sofiev, M., Soares, J., Prank, M., de Leeuw, G., and Kukkonen, J.: A regional-to-global model of emission and transport of sea
salt particles in the atmosphere, Journal of Geophysical Research: Atmospheres, 116, https://doi.org/10.1029/2010JD014713, _eprint:
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2010JD014713, 2011.

Stevens, B., Giorgetta, M., Esch, M., Mauritsen, T., Crueger, T., Rast, S., Salzmann, M., Schmidt, H., Bader, J., Block, K., Brokopf, R.,
Fast, L., Kinne, S., Kornblueh, L., Lohmann, U., Pincus, R., Reichler, T., and Roeckner, E.: Atmospheric component of the MPI-M Earth
System Model: ECHAMBS, Journal of Advances in Modeling Earth Systems, 5, 146172, https://doi.org/10.1002/jame.20015, 2013.

Stier, P., Feichter, J., Kinne, S., Kloster, S., Vignati, E., Wilson, J., Ganzeveld, L., Tegen, 1., Werner, M., Balkanski, Y., Schulz, M., Boucher,
0., Minikin, A., and Petzold, A.: The aerosol-climate model ECHAMS-HAM, Atmospheric Chemistry and Physics, 5, 1125-1156,
https://doi.org/10.5194/acp-5-1125-2005, 2005.

Sundqvist, H., Berge, E., and Kristjdnsson, J. E.: Condensation and Cloud Parameterization Studies with a Mesoscale Numerical Weather
Prediction Model, Monthly Weather Review, 117, 1641-1657, https://doi.org/10.1175/1520-0493(1989)117<1641: CACPSW>2.0.CO;2,
1989.

Tegen, 1., Harrison, S., Kohfeld, K., Prentice, 1., Coe, M., and Heimann, M.: Impact of vegetation and preferential source areas on
global dust aerosol: Results from a model study, Journal of Geophysical Research D - Atmospheres, v.107, art. no.-4576 (2002), 107,
https://doi.org/10.1029/2001JD000963, 2002.

Tegen, 1., Neubauer, D., Ferrachat, S., Siegenthaler-Le Drian, C., Bey, 1., Schutgens, N., Stier, P., Watson-Parris, D., Stanelle, T.,
Schmidt, H., Rast, S., Kokkola, H., Schultz, M., Schroeder, S., Daskalakis, N., Barthel, S., Heinold, B., and Lohmann, U.: The
global aerosol-climate model ECHAMG6.3-HAM?2.3 — Part 1: Aerosol evaluation, Geoscientific Model Development, 12, 1643-1677,
https://doi.org/10.5194/gmd-12-1643-2019, 2019.

Tsikerdekis, A., Schutgens, N. A. J., and Hasekamp, O. P.. Assimilating aerosol optical properties related to size and absorp-
tion from POLDER/PARASOL with an ensemble data assimilation system, Atmospheric Chemistry and Physics, 21, 2637-2674,
https://doi.org/10.5194/acp-21-2637-2021, 2021.

Tsikerdekis, A., Hasekamp, O. P., Schutgens, N. A. J., and Zhong, Q.: ECHAM-HAM model code used in this study, https://
redmine.hammoz.ethz.ch/projects/hammoz/repository/echam/show/echam6-hammoz/branches/uni_amsterdam_vrije/WC20220422, last
access: August 2026, 2022a.

Tsikerdekis, A., Schutgens, N. A. J., Fu, G., and Hasekamp, O. P.: Estimating aerosol emission from SPEXone on the NASA PACE mission
using an ensemble Kalman smoother: observing system simulation experiments (OSSEs), Geoscientific Model Development, 15, 3253—
3279, https://doi.org/10.5194/gmd-15-3253-2022, 2022b.

Tsikerdekis, A., Hasekamp, O. P., Schutgens, N. A. J., and Zhong, Q.: Assimilation of POLDER observations to estimate aerosol emissions,
Atmospheric Chemistry and Physics, 23, 9495-9524, https://doi.org/10.5194/acp-23-9495-2023, 2023.

Van Der Werf, G. R., Randerson, J. T., Van Wees, D., Chen, Y., Giglio, L., Hall, J., Roland, V., Mu, M., Binte Shahid, S., Barsanti, K. C.,
Yokelson, R., and Morton, D. C.: Landscape fire emissions from the 5th version of the Global Fire Emissions Database (GFEDS), Scientific
Data, 12, 1870, https://doi.org/10.1038/541597-025-06127-w, 2025.

34



790

795

800

805

810

https://doi.org/10.5194/egusphere-2026-5361
Preprint. Discussion started: 27 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Veira, A., Kloster, S., Schutgens, N. a. J., and Kaiser, J. W.: Fire emission heights in the climate system — Part 2: Impact on transport, black
carbon concentrations and radiation, Atmospheric Chemistry and Physics, 15, 7173-7193, https://doi.org/10.5194/acp-15-7173-2015,
2015.

Vignati, E., Wilson, J., and Stier, P. M7: An efficient size-resolved aerosol microphysics module for large-scale aerosol
transport models, Journal of Geophysical Research: Atmospheres, 109, https://doi.org/10.1029/2003JD004485, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2003JD004485, 2004.

Virtanen, A., Joutsensaari, J., Kokkola, H., Partridge, D. G., Blichner, S., Seland, @., Holopainen, E., Tovazzi, E., Lipponen, A., Mikkonen,
S., Leskinen, A., Hyvirinen, A.-P., Zieger, P., Krejci, R., Ekman, A. M. L., Riipinen, 1., Quaas, J., and Romakkaniemi, S.: High sensitivity
of cloud formation to aerosol changes, Nature Geoscience, 18, 289-295, https://doi.org/10.1038/s41561-025-01662-y, 2025.

Watson-Parris, D. and Smith, C. J.: Large uncertainty in future warming due to aerosol forcing, Nature Climate Change, 12, 1111-1113,
https://doi.org/10.1038/s41558-022-01516-0, 2022.

Wiedinmyer, C., Kimura, Y., McDonald-Buller, E. C., Emmons, L. K., Buchholz, R. R., Tang, W., Seto, K., Joseph, M. B., Barsanti, K. C.,
Carlton, A. G., and Yokelson, R.: The Fire Inventory from NCAR version 2.5: an updated global fire emissions model for climate and
chemistry applications, Geoscientific Model Development, 16, 3873-3891, https://doi.org/10.5194/gmd-16-3873-2023, 2023.

Yuan, T., Song, H., Oreopoulos, L., Wood, R., Bian, H., Breen, K., Chin, M., Yu, H., Barahona, D., Meyer, K., and Platnick, S.: Abrupt reduc-
tion in shipping emission as an inadvertent geoengineering termination shock produces substantial radiative warming, Communications
Earth & Environment, 5, 281, https://doi.org/10.1038/s43247-024-01442-3, 2024.

Zhang, K., O’Donnell, D., Kazil, J., Stier, P., Kinne, S., Lohmann, U., Ferrachat, S., Croft, B., Quaas, J., Wan, H., Rast, S., and Feichter,
J.: The global aerosol-climate model ECHAM-HAM, version 2: sensitivity to improvements in process representations, Atmospheric
Chemistry and Physics, 12, 8911-8949, https://doi.org/10.5194/acp-12-8911-2012, 2012.

Zhang, K., Zhao, C., Wan, H., Qian, Y., Easter, R. C., Ghan, S. J., Sakaguchi, K., and Liu, X.: Quantifying the impact of sub-grid surface
wind variability on sea salt and dust emissions in CAMS, Geoscientific Model Development, 9, 607—632, https://doi.org/10.5194/gmd-9-
607-2016, 2016.

Zhang, L., Henze, D. K., Grell, G. A., Carmichael, G. R., Bousserez, N., Zhang, Q., Torres, O., Ahn, C., Lu, Z., Cao, J., and Mao, Y.:
Constraining black carbon aerosol over Asia using OMI aerosol absorption optical depth and the adjoint of GEOS-Chem, Atmospheric
Chemistry and Physics, 15, 10281-10 308, https://doi.org/10.5194/acp-15-10281-2015, 2015.

35



