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Abstract. In this manuscript, we describe the first ever global aerosol reanalysis at the National Oceanic and Atmospheric
Administration (NOAA), the NOAA Aerosol ReAnalysis version 1.0 (NARA v1.0) that was produced for the year 2016. In
NARA v1.0, the forecast model is an early version of the operational Global Ensemble Forecast System-Aerosols (GEFS-
Aerosols) model. The three-dimensional ensemble-variational (3D-EnVar) data assimilation (DA) system configuration is
built using elements of the Joint Effort for Data assimilation Integration (JEDI) framework being developed at the Joint
Center for Satellite Data Assimilation (JCSDA). The Neural Network Retrievals (NNR) of Aerosol Optical Depth (AOD) at
550 nm from the MODerate resolution Imaging Spectroradiometer (MODIS) instruments are assimilated to provide
reanalysis of aerosol mass mixing ratios. We evaluate NARA v1.0 against a wide variety of Aerosol Robotic NETwork
(AERONET) observations, against National Aeronautics and Space Administration’s (NASA) Modern-Era Retrospective
analysis for Research and Applications 2 (MERRA-2; Gelaro et al., 2017; Randles et al., 2017; Buchard et al., 2017) and
European Centre for Medium-Range Weather Forecasts’ (ECMWF) Copernicus Atmosphere Monitoring Service ReAnalysis
(CAMSRA,; Inness et al., 2019), and against measurements of surface concentrations of particulate matter 2.5 (PM5s) and
aerosol species. Overall, the 3D-EnVar DA system significantly improves AOD simulations compared to observations, but
the assimilation has limited impact on chemical composition and size distributions of aerosols. This reveals limitations of
assimilating AOD retrievals at a single wavelength. We also identify deficiencies in the model’s representations of aerosol
chemistry and their optical properties elucidated from evaluation of NARA v1.0 against AERONET observations. A
comparison of seasonal profiles of aerosol species from NARA v1.0 with the other two reanalyses exposes significant
differences in climatologies. These differences reflect uncertainties in simulating aerosols in general. In our opinion, such
uncertainties may translate to inaccuracies in weather and climate modeling when impacts of aerosols on atmospheric
radiation and/or cloud processes are considered.
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1 Introduction

Aerosols affect Earth’s energy balance through the absorption and scattering of solar and terrestrial radiation (Mitchell Jr.,
1971). Aerosols also affect the weather and climate through their indirect effects on cloud microphysics, reflectance, and
precipitation (Twomey, 1974, 1977; Albrecht, 1989; Jones et al., 1994; Ackerman et al., 2000; Lohmann et al., 2000). In
recent decades, the impacts of aerosol direct and indirect radiative effects on numerical weather prediction (NWP) have been
studied extensively (Tompkins et al., 2005; Pérez et al., 2006; Mulcahy et al., 2014; Bozzo et al., 2017; Nowottnick et al.,
2018). Aerosol particles can also provide the surface area for deposition of gas phase chemicals, and subsequently affect the
sulfuric oxidation and production of new aerosols (Andreae and Crutzen, 1997). The deposition of mineral dust into the
ocean affects marine productivity (Chen et al., 2007; Shao et al., 2011). Aerosols also have fundamental impacts on human
health by contributing to respiratory, cardiovascular, and allergic diseases (Péschl, 2005).

In the last decade, several operational weather prediction centers produced global aerosol reanalyses following data
assimilation (DA) methodologies used for meteorological reanalyses. The National Aeronautics and Space Administration
(NASA) Global Modeling and Assimilation Office (GMAO) developed an offline (i.e., where the transport is driven using an
already reanalyzed dataset) aerosol reanalysis based on the meteorological reanalysis, Modern-Era Retrospective analysis for
Research and Applications (MERRA; Buchard et al., 2015). Subsequently, NASA/GMAO produced the version 2 of
MERRA (MERRA-2), which provides both aerosol and meteorological reanalyses by assimilating aerosol and
meteorological observations concurrently (Gelaro et al., 2017; Randles et al., 2017; Buchard et al., 2017). The European
Centre for Medium-Range Weather Forecasts (ECMWF) produced a global reanalysis of atmospheric composition,
including aerosols and trace gasses, known as the Copernicus Atmosphere Monitoring Service (CAMS) interim ReAnalysis
(CAMSIRA) (Inness et al., 2013; Flemming et al., 2017), and updated the chemistry and aerosol modules to CAMS
reanalysis (CAMSRA) (Inness et al., 2019). The U.S. Navy Research Laboratory (NRL) generated an aerosol reanalysis
(Lynch et al., 2016) using NRL Aerosol Analysis and Prediction System (NAAPS) (Rubin et al., 2016). The Meteorological
Research Institute (MRI) of Japan Meteorological Agency (JMA) also produced a global aerosol reanalysis product named
the Japanese Reanalysis for Aerosol (JRAero; Yumimoto et al., 2017).

Aerosol reanalysis represents a uniform and continuous best estimate of the true aerosol state in the atmosphere. It is
obtained by constraining model forecasts with observations in the process of data assimilation (Lahoz and Schneider, 2014).
Consequently, the reanalysis provides the best available information on temporal and spatial variability of aerosols and can
serve as a basis for assessing their impacts on the whole Earth system. For instance, Bozzo et al. (2017) incorporated the 11-
year aerosol climatology from CAMSIRA to improve the aerosol direct radiative effect in the global forecast model.
Benedetti and Vitart (2018) used CAMSIRA data to initialize the aerosol fields in a prognostic aerosol experiment to assess
the impact of direct radiative effect on subseasonal forecasts. Bender et al. (2019) included MERRA-2 as a reference dataset
to study the aerosol-cloud-radiation interaction. Some other studies investigated the regional long-term variability of aerosol
activities with one or multiple reanalysis datasets (e.g., MERRA-2 and CAMSRA) (Kalita et al., 2020; Cao et al., 2021; Xian



65

70

75

80

85

90

95

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

et al., 2022). Furthermore, aerosol reanalyses can be used as benchmarks in evaluating a newly developed system (Huang et
al., 2023 and this study).

The model is a key component in production of aerosol reanalysis. For the consideration of computational constraints,
complex chemistry involving aerosols needs to be reduced by employing parameterizations which only capture the most
essential processes. For instance, the Goddard Chemistry Aerosol Radiation and Transport (GOCART) utilized in MERRA-2
assumes no interaction between aerosol species (i.e., external mixing) and considers sulfur oxidation with prescribed
climatology for OH, NOgs, and H,O, (Chin et al., 2000, 2002; Colarco et al., 2010). In contrast, CAMSRA (Inness et al.,
2019) considers a more comprehensive chemistry, such as the parameterization of the secondary organic aerosols (not
considered in CAMSIRA). In NAAPS, the primary and secondary organic aerosols are preprocessed at the initialization
stage. The Model of Aerosol Species IN the Global AtmospheRe (MASINGAR mk-2) which is used to produce JRAero also
simplifies the processes involving production of secondary organic aerosols. Besides the simplification of chemistry, the
interaction between aerosols and atmospheric physics is usually neglected. Both MERRA-2 and CAMSRA radiatively
coupled the prognostic aerosols but did not consider the cloud-aerosol interaction (Gelaro et al., 2017; Inness et al., 2019).
The climate model of JRAero actively coupled the aerosol information from MASINGAR mk-2 to the radiation and the two-
moment bulk cloud microphysics schemes (Yukimoto et al., 2012).

Assimilated observations are a critical component of a reanalysis product. For aerosols, these are typically retrievals of
Aerosol Optical Depth (AOD) at 550 nm. Because AOD is a measure of extinction of light over a whole atmospheric
column, it carries a limited amount of information on the chemical composition and sizes of particles and also cannot
provide information on the vertical distribution in the atmosphere. Consequently, the resulting analysis is largely determined
by the prior information contained in the model state at a given time. This provides very limited ability for AOD DA to
correct aerosol speciation, size, and vertical distributions in the atmosphere.

In 2011, the National Oceanic and Atmospheric Administration (NOAA) National Centers for Environmental Prediction
(NCEP) implemented the NOAA Environmental Modeling System (NEMS) Global Forecast System (GFS) Aerosol
Component, version 1 (NGAC v1; Lu et al., 2016) with GOCART parameterization for dust-only forecasts. Later, NCEP
upgraded the system to NGAC v2, which provided forecasts for all aerosol species in GOCART parameterization (Wang et
al., 2018; Bhattacharjee et al., 2018). In September 2020, NGAC was replaced by the Global Ensemble Forecast System
(GEFS)-Aerosols model which relies on the Finite-Volume Cubed-Sphere (FV3) dynamical core and GOCART
parameterization (Zhang et al., 2022). Currently, the aerosol forecasting system at NCEP does not include DA, despite
previous studies showing significant impact of AOD observations on aerosol initial conditions and the subsequent forecasts
(Benedetti et al., 2009; Pagowski et al., 2010, 2014; Schwartz et al., 2014). A novel three-dimensional ensemble-variational
(3D-EnVar) DA system based on elements of the Joint Effort for Data assimilation Integration (JEDI) has been developed at
NOAA to provide the best estimates of atmospheric aerosol distributions by assimilating AOD at 550 nm from Visible
Infrared Imaging Radiometer Suite (VIIRS) (Huang et al., 2023).
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In this study, we used and designed a specific JEDI-based 3D-EnVar DA configuration to produce the NOAA Aerosol
ReAnalysis version 1.0 (NARA v1.0). The reanalysis for year 2016 was produced as a pilot product and its evaluation is
presented here. We evaluated the year-long reanalysis against independent observations and the gridded aerosol products
from MERRA-2 and CAMSRA. This paper is structured as follows. Section 2 describes the observations used in this study.
Sections 3 and 4 describe the forward model and the DA system, respectively. Section 5 reports results of evaluations.
Section 6 concludes this study and outlines the future development.

2 Observations

NARA v1.0 assimilates the Neural Network Retrieval (NNR) AOD derived from observations of the MODerate resolution
Imaging Spectroradiometer (MODIS) onboard Terra and Aqua satellites (Castellanos and da Silva 2017; Randles et al.,
2017). Unlike the standard retrieval method that relies on a physical model (e.g., a radiative transfer model), the NNR
approach retrieves the AOD based on a well-trained model conducted by a neural network machine learning method. The
training dataset contains MODIS level 2 reflectances, glint, solar and sensor angles, cloud fraction, and albedo derived using
GEOS-5 surface wind speeds or climatology over ocean or land, respectively, targeting AOD observations from Aerosol
Robotic NETwork (AERONET). The NNR AOD is available at the following wavelengths: over ocean: 470, 500, 550, 660,
and 870 nm; over dark land: 440, 470, 500, 550, 660, 870 nm; and over bright land: 440, 470, 500, 550, 660 nm. Only
MODIS NNR AOD at 550 nm has been assimilated in MERRA-2 (Randles et al., 2017) and NARA v1.0 (this manuscript).
For evaluation of NARA v1.0 and the free model run, we used the version 3 level 2.0 AOD retrievals from AERONET
(Giles et al., 2019), particular matter 2.5 (PM25) measurements from OpenAQ dataset (https://openag.org, last access on 03
May 2023), and speciated aerosol surface concentration measurements from the Interagency Monitoring of Protected Visual
Environments (IMPROVE) network (Hand et al., 2019, http://vista.cira.colostate.edu/Improve/improve-program/, last access
on 03 May 2023). AERONET is a ground-based remote sensing aerosol network, which uses a Sun photometer to measure
direct solar irradiance and provides the AOD retrievals at 340, 380, 440, 500, 670, 870, 940 and 1020 nm. In the past more
than 25 years, the network has expanded to more than 600 stations. The manual quality control used in version 2 leads to a
significant delay in the level 2.0 database. AERONET version 3 fully automated the quality control algorithm to screen out
cloud contaminated data, which eliminates the manual efforts and reduces the processing time for quality-assured data (i.e.,
level 2.0). OpenAQ is an open source platform collecting air quality measurements from various sources globally. Besides
PM..s measurements, OpenAQ database also ingests the measurements of gas phase pollutants, such as Oz, NO,, and SO,.
The IMPROVE network was established as the visibility network in 1985. It derives visibility metrics through the
measurement of speciated aerosol mass concentrations, including anions of sulfate, nitrate, nitrite, chloride, and organic and
elemental carbonaceous species.



130

135

140

145

150

155

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

3 Model description

In NARA v1.0, we use an early Common Community Physics Package (CCPP) version of the operational Global Ensemble
Forecast System-Aerosols (GEFS-Aerosols) model. GEFS-Aerosols relies on GOCART parameterization implemented with
the GFS physics package and Finite-Volume Cubed-Sphere (FV3) dynamical core (Lin, 2004; Lin et al., 2017). It handles
sub-grid transport and wet scavenging of aerosols in the atmospheric physics module. Other chemical processes, such as
emissions, chemical reactions, dry deposition, and settling, are handled by the chemical module driven by meteorological
fields from the atmospheric component of the model. GEFS-Aerosols provides prognostic mass mixing ratios of five bins
dust, five bins sea salt, hydrophobic and hydrophilic black and organic carbon, and sulfate. The model has been recently
updated for operations to reduce some biases (Zhang et al., 2022), but the most recent version was not available at the time
of the execution of this study.

In GEFS-Aerosols, the background fields of OH, H,0,, and NOs used in the parameterization of simplified sulfur chemistry
in GOCART are updated with a monthly mean climatology from the 2015 version of NASA Global Modeling Initiative’s
(GMI) chemical model. The model also includes the 1D plume rise module adapted from the High-Resolution Rapid Refresh
(HRRR) Smoke model to improve vertical distribution of smoke emissions. The biomass burning emissions use the version 3
of Blended Global Biomass Burning Emissions Product (GBBEPx v3; Zhang et al., 2019). This parameterization blends the
Quick Fire Emissions Dataset (QFED) used in MERRA-2 (Darmenov and da Silva, 2015) and daily emissions derived by the
hot spots and the fire radiative power observations from polar-orbiting and geostationary satellites. The anthropogenic
emissions are based on the inventories from Community Emissions Data System (CEDS). The sea salt scheme has been
updated to the recent version of GOCART scheme (Colarco et al., 2010). The dust scheme has been updated to FENGSHA
(Tong et al., 2016; Zhang et al., 2022), which means the ‘wind-blown dust’ in Mandarin Chinese.

4 Data Assimilation system

To produce NARA v1.0, we used a three-dimensional ensemble-variational (3D-EnVar) aerosol data assimilation system
using components from the Joint Effort for Data assimilation Integration (JEDI; Huang et al., 2023). JEDI is primarily
developed at the Joint Center for Satellite Data Assimilation (JCSDA) but receives significant contributions from partner and
sponsor agencies (i.e., NOAA, NASA, US-Navy, US-AirForce, and UK MetOffice). It aims to provide an integrated and
unified DA framework for Earth system prediction applications and reduce redundant efforts across research and operational
communities. More information about JEDI can be found at the JCSDA website (https://www.jcsda.org/jcsda-project-jedi,
last access on 03 May 2023).

The forward observation operator that converts model variables (mass mixing ratios of aerosols and pressure layer depths) to
AOD observations relies on aerosol specific extinction coefficients interpolated from look-up tables. Tabulated values were
obtained at NASA/GMAO from Mie theory for spherical particles (Wiscombe, 1980) and from the T-matrix approach for
non-spherical dust (Meng et al., 2010).
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In this application, the 3D-EnVar aerosol DA system assimilates MODIS NNR AOD retrievals at 550 nm to the GEFS-
Aerosol model in a six-hourly cycle. The result is a reanalysis of mass mixing ratios of five GOCART aerosol species, with
sea salt and dust distributed over five size bins. Figure 1 displays the schematic of the 3D-EnVar aerosol DA system. The
3D-EnVar system used for NARA v1.0 is a combination of a Local Ensemble Transform Kalman Filter (LETKF; Bishop et
al., 2001; Hunt et al., 2007) using 40 members and a 3D-Variational (3D-Var; Lorenc, 1986) solver that produces the control
analysis using the ensemble information to obtain the background error covariance matrix. The LETKF analyses are
recentered on the 3D-Var analysis to ensure consistency between the two analyses (Hamill and Snyder 2000; Lorenc 2003;
Buehner 2005). The control analysis constitutes the reanalysis output. The forecasts and analyses of control and ensemble
members are conducted at C96 (~100km) resolution. Note that no other observations are assimilated since meteorological
fields in the control and in the ensemble are driven by analyses from the Global Data Assimilation System (GDAS) at
NCEP.

To address model biases and spread deficiency of the ensemble, a scheme to scale and perturb source emissions was devised.
Scaling factors are derived for dominant aerosols based on AOD deficits over regions. Perturbations to emissions of
ensemble members represent spatially and temporally correlated patterns following the approach in the Stochastically
Perturbed Parametrization Tendencies (SPPT; Palmer et al., 2019) scheme. This approach and a method to obtain scaling

factors and amplitudes of emission perturbations are detailed in Huang et al. (2023).

5. Evaluation

In this section, we divide the year of 2016 into four seasons to investigate the performance of NARA v1.0. Winter includes
December, January, and February (denoted as DJF); spring includes March, April, and May (denoted as MAM); summer
includes June, July, and August (denoted as JJA); and fall includes September, October, and November (denoted as SON).

5.1 Comparison against AERONET

Figure 2 illustrates the global seasonal comparison of AOD at 500 nm from NARA v1.0 and the free model run with respect
to AERONET and is accompanied by Table 1. This table lists absolute and relative biases, R?-correlations (also known as
coefficients of determination) and, for reader’s convenience, correlation coefficients (R) for each season and the whole year
for the free model run and NARA v1.0. It is followed by Figure 3 where time series displaying the bias and the R2-
correlation scores. Because the standard AOD at 550 nm is not directly observed in AERONET, we chose to perform the
evaluation of AOD at 500 nm to avoid interpolation and log-linearization errors in AERONET observations. The free model
run considerably and systematically underestimates the AOD throughout the year. Among four seasons, the largest bias
between model and measurements occurs in winter (i.e., DJF). Compared to the free model run, our reanalysis, NARA v1.0,
has a substantially better agreement with AERONET throughout the whole year in terms of bias and correlation. We note

that the statistical scores are varying seasonally as they are influenced by the density of AERONET observations that are

6
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used in the evaluation (the highest/lowest density of observations occurs in the summer/winter over North America and
Europe).

As can be seen in Figure 3, the performance of the free model run in terms of bias is the best during summer months and the
worst from January to March. For NARA v1.0, the negative absolute biases are much reduced (on average by about 0.05)
though not enough to remove the overall negative bias of the reanalysis. NARA v1.0 also has significantly improved R?-
correlation throughout the whole year (by about 0.2). Statistics of the free model run and reanalysis vary throughout the year
nearly in parallel demonstrating the crucial role of the forecast model in data assimilation. In other words, data assimilation
cannot drastically improve the quality of simulations if the forecast model is seriously deficient.

Figure 4 displays the probability density plots of 440-870 nm Angstrém Exponent (AE) for the free model run and the
reanalysis against the AERONET observations throughout 2016. AE is calculated by the Equation 1 below, where A; and A,
are 440 and 870 nm, respectively. It provides a measure of relative extinction of light by aerosols at different wavelengths

and primarily reflects the size distribution of particles (Schuster et al., 2006).

_ log(AOD(A1)/AOD(X3)) o)
log(A1/22) '

AEO\I')\Z) =

In general, the differences between the free model run and the reanalysis are insubstantial, and both correlate poorly with
observations. The lack of an improvement in the reanalysis demonstrates that assimilating AOD at 550 nm alone only
minimally impacts size distribution and/or composition of aerosols. We hope that a more realistic representation of aerosols
in models will become possible in the near future by assimilating multi-wavelength retrievals of AOD, fine-mode fraction
AOD and single scattering albedo (e.g., Plankton, Aerosol, Cloud, ocean Ecosystem [PACE] mission at
https://pace.gsfc.nasa.gov, last access on 03 May 2023).

In Figure 5, probability density plots of 440-675 nm Absorption AE (AAE) versus Scattering AE (SAE) are matched for
AERONET Almucantar retrievals (Sinyuk et al., 2020) and NARA v1.0. For brevity, a similar scatter plot for the free model
run is omitted since it is only marginally different from the latter. We obtained model’s AAE and SAE with Equations 2a
and 2b,

_ log(AAOD(A1)/AAOD(2,))

AAE(\,),) = g0 /) , (22)
_ log(SAOD(A1)/SAOD(A7))

SAE ()\1’ )\2) - log(Xl/Xz) 1 (2b)

where absorption AOD (AAOD) and scattering AOD (SAOD) at wavelengths A1 (equal to 440 nm) and A, (equal to 675 nm)
are calculated using the Equations 3a and 3b. The calculations use single scattering albedo (SSA) and extinction coefficient
(Ext) at corresponding wavelengths (L), mixing ratios (q) for each aerosol species (s), dry air density (p), and layer thickness
(dz) for each pressure level (p).

AAODQA) = Xy [Xs (1 = S5A52) X Extyp X qs] X p(p) X dz(p) (32)
SAOD(A) = X, [Xs SSA;y X Extsy X q5,] X p(p) X dz(p) (3b)
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Based on Cazorla et al. (2013), the whole plane in the left panel of Figure 5 was further divided into separate sections
representing different types of dominant aerosol species. These authors associate AAE with the representation of chemical
composition and SAE with the representation of particle sizes. Figure 5 reveals important deficiencies in the representation
of optical properties of aerosols in the model. Because of the dependence of absorption on refractive indices of aerosols, we
believe that the strong lack of variability in AAE (vertical axis in Figure 5) in NARA v1.0 compared to AERONET is
explained by assumptions and simplifications in GOCART parameterization. These are, in the order of importance: the
external mixing of the aerosols in the model, uniform mineralogy of dust sources across the globe, unaccounted variety of
organic aerosols and prescribed size distributions of particles. A separate investigation would be required to ascertain the
impacts of the above factors on the realism of simulations. Given the importance of radiation absorption by atmospheric
aerosols in stratification and clouds, our exposure of the GOCART shortcomings identified above highlight uncertainties in

modeling meteorology-chemistry interactions in weather and climate models that rely on this or similar schemes.

5.2 Comparison against MERRA-2 and CAMSRA reanalyses

Figure 6 shows the seasonal mean biases of AOD at 550 nm of NARA v1.0 with respect to CAMSRA and MERRA-2.
Overall, NARA v1.0 is closer to MERRA-2. This can be attributed to the similarity of aerosol modules (i.e., GOCART) and
the same FV3 dynamical cores (Lin, 2004; Lin et al., 2017) in the models used in NOAA and NASA reanalyses. However,
NARA v1.0 generates substantially smaller dust plumes over Sahara overall and especially during summer. Compared to
CAMSRA, NARA v1.0 shows significant discrepancies over oceans throughout 2016. It also has lower aerosol
concentrations over India, especially during the wintertime. The AOD in NARA v1.0 is usually lower over eastern China
with the largest differences occurring in the spring. These instances of lower aerosol concentrations could be attributed to the
fundamental differences of aerosol modules between NARA v1.0 and CAMSRA. Throughout 2016 NARA v1.0 generated
more dust over Gobi Desert compared to both CAMSRA and MERRA-2. Occasionally, concentrations of dust over this area
in NARA v1.0 seem unrealistically high. This suggests the need for further improvements to the model parameterization of
dust uplift, which is determined by meteorological and land surface conditions.

While the size distributions of dust and sea salt are identical in MERRA-2 and NARA V1.0, they are different from those in
CAMSRA. Approximate conversions between the models would be possible but not straightforward since the bin sizes and
distribution parameters for these two aerosol types differ quite significantly (e.g. dust bins in MERRA-2: [0.1, 1.0, 1.8, 3.0,
6.0, 10.0] um, in CAMSRA: [0.03, 0.55, 0.9, 20.] pum, sea salt bins in MERRA-2: [0.03, 0.1, 0.5, 1.5, 5.0, 10.0] pm in dry
conditions, CAMSRA: [0.03, 0.5, 5., 20.] um at relative humidity 80%). Therefore, in the following we chose to compare
total mass mixing ratios of these aerosol species for all the reanalyses. Comparison of vertical profiles of various aerosols
was performed over several geographic areas where different aerosols are expected to dominate (Figure 7). Here, for
illustration purposes only, we compare the dust aerosols over North Africa and Middle East (NAFRME) and North Atlantic
Ocean (NATL; transported dust), the carbonaceous aerosols over Equatorial and South Africa and the surrounding tropical



255

260

265

270

275

280

285

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Ocean (SAFRTROP) and Siberia (RUSC2S), the anthropogenic aerosols over East Asia (EASIA), and the sea salt aerosols
over Southern Ocean (SOCEAN).

Figure 8 displays the vertical profiles of total dust mass mixing ratios from the free model run, NARA v1.0, MERRA-2, and
CAMSRA over NAFRME and NATL during the summer. In general, the four datasets show variable discrepancies in dust
depending on the region of interest. Over the NATL region the dust profiles are similar to each other while over the
NAFRME region GOCART-based models generate higher dust mass mixing ratios near the surface (in particular with the
MERAA-2 dataset). Where the Saharan dust are uplifted over the NAFRME region the free model run creates a more
vertically mixed profile while NARA v1.0 and MERRA-2 show higher values near the surface. By assimilating the similar
observation dataset (i.e., MODIS NNR), the 3D-EnVar system corrects the analysis toward MERRA-2.

Figure 9 shows a comparison of profiles of carbonaceous aerosols over SAFRTROP and RUSC2S during JJA. As illustrated
in Figure 6, high values of AOD systematically occur over these areas in 2016. For CAMSRA, concentrations of all
carbonaceous aerosols are significantly higher near the surface when compared to the other simulations. Interestingly, much
higher concentrations of hydrophilic organic and black carbons (OC and BC) exist for CAMSRA at mid-levels. A
comparison between the free model run and NARA v1.0 shows that DA introduced more carbonaceous aerosols over
RUSC2S, while there are no considerable differences over SAFRTROP. Comparison of all these simulations indicates that
there exist notable discrepancies between vertical profiles of carbonaceous aerosols over areas where extensive wildfires
occurred. These discrepancies can be attributed to different parameterizations of biomass burning emissions in the models.
For instance, GEFS-Aerosols utilized the GBBEPx biomass burning emissions (Zhang et al., 2019), which is conducted
based on QFED (Darmenov and da Silva, 2015) and the fire radiative power observations from polar-orbiting and
geostationary satellites. CAMSRA used biomass burning emissions from Global Fire Assimilation System (GFAS; Kaiser et
al., 2012), which shows lower emission compared to QFED (Pan et al., 2020). Also, the smoke plume rise is considered in
GEFS-Aerosols but not in MERRA-2 and CAMSRA. These attest to large uncertainties that exist in parameterizing
wildfires.

Figure 10 illustrates vertical profiles of sulfate and dust aerosols over East Asia (EASIA) during DJF and MAM. The results
are consistent with the negative AOD biases of NARA v1.0 over EASIA shown in Figure 6. AOD deficit over EASIA in
NARA v1.0 compared to the other reanalyses occurs as a consequence of considerably lower concentrations of both sulfate
and dust aerosols.

In Figure 6, NARA v1.0 displays significant negative AOD bias over oceans with respect to CAMSRA and smaller bias over
oceans with respect to MERRA-2. We chose the area marked as SOCEAN in Figure 7 to investigate reasons for the
differences between the reanalyses. In Figure 11, we show vertical profiles of mixing ratios of selected aerosol species over
this area during JJA and SON. Among the three reanalyses sea salt aerosols were lifted to higher elevation in CAMSRA
resulting in larger AOD values over the oceans. AOD assimilation in NARA v1.0 leads to a better agreement with CAMSRA
and MERRA-2 compared to the free model run, but the sea salt loading is still lower during JJA. It is worth mentioning there

exist divergences between reanalyses in profiles of mass mixing ratios of other aerosol species though the values are small.
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MERRA-2 has the most dust while CAMSRA has the most hydrophobic OC. Both MERRA-2 and CAMSRA have more
sulfate aerosols than NARA v1.0. Shapes of vertical profiles of mass mixing ratios of dust and sulfate vary widely between
the reanalyses.

In conclusion, we note that assimilation of AOD leads to convergence of NARA v1.0 towards both MERRA-2 and
CAMSRA. This statement holds for AOD and generally for vertical profiles of aerosols. However, assimilation of an
integrated quantity such as AOD over a single wavelength (here 550 nm) has little impact on the “shape” of vertical profiles
and values of mass mixing ratios usually appear to be scaled proportionally throughout the depth of the atmosphere. Most

importantly, there exist marked differences in seasonal vertical profiles of aerosol species between the three reanalyses.

5.3 Comparison against in-situ measurements of surface aerosol concentrations

In the following we present an evaluation of NARA v1.0 against measurements of surface PM,s concentrations from
OpenAQ and concentrations of aerosol species from IMPROVE.

Hourly measurements of surface concentrations of PM, s collected in the global OpenAQ database are available from late
April 2016 onwards. First, we note that in-situ measurements display high spatial and temporal variability, which reflects the
origin and subsequent evolution of this species. The horizontal resolution of our model (about 100 km), which also affects
accuracy of the representation of terrain topography, is far too coarse for the results to be compatible with such
measurements. Also, these measurements are obtained close to the ground that is significantly lower than the bottom level of
our model (on average about 20 m). This makes the calculation of the concentration at the surface dependent on the
atmospheric stratification in the surface layer. Because of uncertainties involved, here, we simply multiply the mixing ratio
of model PM,5 expressed in Equation 4 by moist air density obtained from the model diagnostic 2-meter temperature and
humidity and surface pressure.

PM,: =BC1+ BC2+ 0C1+ 0C2 + SULF + DUST1+ DUST2 x 0.38 + SEAS1 + SEAS2 + SEAS3 x 0.83, 4)
In this equation acronyms denote the following aerosols species: BC - hydrophilic and hydrophobic black carbonaceous, OC
- hydrophilic and hydrophobic organic carbonaceous, SULF - sulfate, DUST - dust in two smallest size bins, and SEAS - sea
salt in three smallest size bins. Finally, we note that AOD which represents a column-integrated aerosol quantity may poorly
correlate with surface values alone since aerosol-rich layers often occur at raised elevations. Nevertheless, in our opinion,
such evaluation statistics not only provide valuable information on the reliability of global model results for PM;s
forecasting and analysis but also on relevance of assimilating AOD for such purposes. The statistics were calculated for 00,
06, 12, and 18 UTC and are presented on probability density plots in Figure 12. Model bias with respect to in-situ PM;s
measurements coincides with its bias against in-situ AERONET AOD retrievals; the correlation with PM;s measurements is
much poorer compared to the correlation with AERONET AOD retrievals. Overall and modest improvements in statistics
can be noted for the reanalysis compared to the model free run. The spatial density of OpenAQ measurements varies
considerably over the globe and it is the highest over North America, Europe, and East Asia. To account for the geographical
variability, we performed tests with spatial thinning of data but sensitivity of the statistics to this procedure was minor.
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Measurements of daily averaged (beginning at midnight local standard time) concentrations of selected aerosol species by
the IMPROVE network occur once in three days and are limited to North America and a single site in South Korea. The sites
are located remote from industrial and population centers. For comparison with the model following guidance from Hand at
al. (2019) measured concentrations of organic carbonaceous species and sulfate were scaled by 1.8 and by 1.375,
respectively. Six-hourly model mixing ratios of species were weighted appropriately to account for local time of the
measurements and, as for comparison with PM_ s from OpenAQ, multiplied by 2-meter moist air density. Probability density
plots for the carbonaceous species, sea salt, and sulfate for the reanalysis, which differ little from the free model run, appear
in Figure 13. Poor performance of the model and lack of improvement from the assimilation can be noted. Because of the
scarcity of systematic measurements of concentrations of individual aerosol species, or lack thereof, outside of North
America our statistics only reflect performance of the model over this geographical area. It would be, however, overly

optimistic to expect that the model skill would significantly improve elsewhere.

Conclusions

This study documents the development and the evaluation of NARA v1.0, which is the first global aerosol reanalysis product
at NOAA. NARA v1.0 is made available for distribution at
https://esrl.noaa.gov/gsd/thredds/catalog/retro/global_aerosol_reanalysis/catalog.html (last access on 03 May 2023). To
produce NARA v1.0, the GEFS-Aerosols model was used to forecast aerosol mass mixing ratios. The GEFS-Aerosols relies
on GOCART parameterization coupled with FV3 dynamical core using GFS physics. The reanalysis containing 3D aerosol
mass mixing ratios for 2016 was generated in a process of a 3D-EnVar data assimilation using specifically designed JEDI
configuration. The system assimilated Neural Network Retrievals of AOD at 550 nm from MODIS instruments onboard
Terra and Aqua satellites. We evaluated the AOD against AERONET observations, the reanalyses from NASA GMAO’s
MERRA-2 and ECMWE’s CAMSRA, and measurements of surface concentrations of PM_s and selected aerosol species.
The evaluation against AERONET observations shows that the assimilation of AOD retrievals at 550 nm improves the
overall agreement with AOD at 500 nm, especially in the spring and summer. However, the comparison of Angstrém
Exponent (AE) indicates that the assimilation of the single-wavelength AOD induces minimal improvements to the
speciation and the size distributions of aerosols. Furthermore, the significant underdispersion in the probability density plot
of Absorption AE vs. Scattering AE along the ordinate (Figure 5) indicates, what we believe, is a shortcoming of the
GOCART parameterization. We suspect that this shortcoming stems primarily from the assumption of the external mixing of
aerosols (i.e., no interaction among aerosol species) in this scheme.

In terms of AOD at 550 nm, NARA v1.0 shows close proximity to MERRA-2 while it has significant negative biases against
CAMSRA. NARA v1.0 shows lower amounts of dust aerosol over the Sahara and Middle East. The GEFS-Aerosols model
and consequently our reanalysis display higher dust concentrations over Gobi Desert than both reanalyses. These

deficiencies over deserts call for improvement to model parameterization of dust uplift. For biomass burning areas,
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GOCART-based reanalyses, MERRA-2 and NARA v1.0, share similar characteristics while CAMSRA shows significantly
different amounts and ratios of carbonaceous aerosol species. Over East Asia, NARA v1.0 displays significantly lower
amounts of aerosols than CAMSRA and MERRA-2. This is due to the lower concentrations of sulfate aerosols throughout
the year and dust during winter and spring. The discrepancies between the reanalyses indicate that there exist significant
differences in parameterizations of anthropogenic, biomass burning and wind-driven dust uplift between the three models.

In this manuscript, we demonstrated that the reanalyses of AOD at 550 nm produced at NASA, ECMWF, and NOAA show
marked differences globally. Also, seasonally averaged vertical profiles of aerosol species vary significantly between the
three reanalyses. This pertains both to the chemical composition of aerosol mixtures and the shapes of the vertical profiles of
species. The differences between the reanalyses may arise from distinct model numerics, physical and chemical
parameterizations, boundary conditions as sources of tracers, and approaches in data assimilation. These observations
combined with the poor representation of the absorption spectrum (Figure 5) by simple aerosol schemes such as GOCART
leads us to a conclusion that our assessment of the state of atmospheric aerosols and their radiative impacts is hardly
adequate to allow detailed forecasts of stratification and clouds with aerosol-sensitive physical parameterizations.
Consequently, we may expect large uncertainties in simulating aerosol-meteorology interactions in the weather and climate
models.

Comparisons with measurements of surface concentrations of PM2s from OpenAQ show limited skill of the model and
reanalysis in this task. Performance of the model and reanalysis was poor when the results were compared with surface
concentrations of carbonaceous, sulfate, and sea salt aerosols. Given the limitations of the model that were listed in the
section dedicated to its evaluation against measured concentrations of aerosols at the surface, such results may not be
unexpected but are nevertheless disappointing since they suggest that our global reanalysis has a limited value for those
health and epidemiological studies in which chemical composition of aerosols is considered.

Future space missions (e.g., PACE that we mentioned above) and new algorithms (e.g., Zhou et al., 2021) promise to provide
novel retrievals of multi-wavelength solar and lunar AOD, fine-fraction AOD, single scattering albedo, and retrievals of
aerosol layer height. These developments should enhance scope of evaluations, pose additional constraints in data
assimilation, and eventually lead to better aerosol forecasts and reanalyses.

The main goal of this manuscript is to present our initiative to produce the first-ever global aerosol reanalysis at NOAA. As
discussed above, our reanalysis has deficiencies that will be addressed in turn. Huang et al. (2023) outlined the potential
enhancements to our assimilation approach, estimates of observation and model errors, and systemic correction of model
biases. We will report our advances in the future.

Code and data availability

JEDI code is available at https://github.com/JCSDA/fv3-bundle
GEFS-Aerosols code is available at https://github.com/Samuel TrahanNOAA/ufs-weather-model
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NARA v1.0 data is available at https://esrl.noaa.gov/gsd/thredds/catalog/retro/global aerosol reanalysis/catalog.html

MERRA-2 data is available at https://disc.gsfc.nasa.qov/

CAMSRA data is available at https://atmosphere.copernicus.eu/

OpenAQ data is available at https://openag.org
IMPROVE data is available at http://vista.cira.colostate.edu/improve/
The last access for code and data above is 03 May 2023.

Author contribution

Conceptualization and Investigation: MP, SW; Data curation, Supervision, and Project administration: MP; Formal analysis:
SW, MP; Funding acquisition: MP, AdS, CL; Methodology: MP, BH; Resources: MP, AdS; Software: MP, BH, SW, AdS;
Validation and Visualization: MP, SW, BH; Writing — original draft preparation: SW, MP; Writing — review & editing: SW,
MP, BH, CL

Acknowledgements

We are particularly grateful to Betsy Andrews from NOAA’s Global Monitoring Laboratory for discussions and her drawing
our attention to relevant research on radiative properties of aerosols and to David Giles for guidance on using AERONET
retrievals. We very highly appreciate comments from Jérdme Barré that significantly improved the manuscript and
acknowledge technical support of the whole JCSDA team. This research was funded by a grant from NOAA’s Climate
Prediction Office/Modeling, Analysis, Predictions and Projections, award number NA180OAR4310281 and by NOAA
cooperative agreement NA220AR4320151.

Competing interests

The authors declare that they have no conflict of interest.

References

Ackerman, A. S., Toon, O. B., Stevens, D. E., Heymsfield, A. J., Ramanathan, V., and Welton, E. J.: Reduction of Tropical
Cloudiness by Soot, Science, 288, 1042-1047, 2000.

Albrecht, B.: Aerosols, Cloud Microphysics, and Fractional Cloud, Science, 245, 1227-1230, 1989.

13



410

415

420

425

430

435

440

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Andreae, M. O., and Crutzen, P. J.: Atmospheric aerosols: biogeochemical sources and role in atmospheric chemistry,
Science, 276, 1052-1058, DOI: 10.1126/science.276.5315.1052, 1997.

Bender, F. A. M., Frey, L., McCoy, D. T., Grosvenor, D. P., and Mohrmann, J. K.: Assessment of aerosol—cloud-radiation
correlations in satellite observations, climate models and reanalysis. Clim. Dynam, 52, 4371-4392,
https://doi.org/10.1007/s00382-018-4384-z, 2019.

Benedetti, A. and Vitart, F.: Can the direct effect of aerosols improve subseasonal predictability? Mon. Weather Rev., 146,
3481-3498, https://doi.org/10.1175/MWR-D-17-0282.1, 2018.

Benedetti, A., Morcrette, J.-J., Boucher, O., Dethof, A., Engelen, R. J., Fisher, M., Flentje, H., Huneeus, N., Jones, L.,
Kaiser, J. W., Kinne, S., Mangold, A., Razinger, M., Simmons, A. J., Suttie, M.: Aerosol analysis and forecast in the
European Centre for Medium-Range Weather Forecasts integrated forecast system: 2. data assimilation, Journal of
Geophysical Research Atmospheres, 114, https://doi.org/10.1029/2008JD011115, 2009.

Bhattacharjee, P. S., Wang, J., Lu, C. H., and Tallapragada, V.: The implementation of NEMS GFS Aerosol Component
(NGAC) Version 2.0 for global multispecies forecasting at NOAA/NCEP - Part 2: Evaluation of aerosol optical thickness,
Geosci. Model Dev., 11, 2333-2351, https://doi.org/10.5194/gmd-11-2333-2018, 2018.

Bishop, C. H., Etherton, B. J., and Majumdar, S. J.: Adaptive sampling with the ensemble transform Kalman filter. Part I:
Theoretical aspects, Mon. Weather Rev., 129(3), 420-436, https://doi.org/10.1175/1520-
0493(2001)129<0420:ASWTET>2.0.CO;2, 2001.

Bozzo, A., Remy, S., Benedetti, A., Flemming, J., Bechtold, P., Rodwell, M. J., and Morcrette, J.-J.: Implementation of a
CAMS-based aerosol climatology, ECMWF Tech. Memo., 35 pp., http://dx.doi.org/10.21957/84ya94mls, 2017.

Buchard, V., da Silva, A. M., Colarco, P. R., Darmenov, A., Randles, C. A., Govindaraju, R., Torres, O., Campbell, J., and
Spurr, R.: Using the OMI aerosol index and absorption aerosol optical depth to evaluate the NASA MERRA Aerosol
Reanalysis, Atmos. Chem. Phys., 15, 5743-5760, https://doi.org/10.5194/acp-15-5743-2015, 2015.

Randles, C. A., da Silva, A. M., Buchard, V., Colarco, P. R., Darmenov, A., Govindaraju, R., Smirnov, A., Holben, B.,

Ferrare, R., Hair, J., Shinozuka, Y., and Flynn, C. J.: The MERRA-2 Aerosol Reanalysis, 1980 Onward. Part I: System
Description and Data Assimilation Evaluation, J. Climate, 30(17), 6823-6850, DOI: 10.1175/JCLI-D-16-0609.1, 2017.

14



445

450

455

460

465

470

475

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Buehner, M.: Ensemble-derived stationary and flow-dependent background-error covariances: Evaluation in a quasi-
operational NWP setting. Q. J. Roy. Meteor. Soc., 131, 1013-1043, https://doi-org.libproxy.albany.edu/10.1256/qj.04.15,
2005.

Cao, S., Zhang, S., Gao, C., Yan, Y., Bao, J., Su, L., Liu, M., Peng, N., Liu, M.: A long-term analysis of atmospheric black
carbon MERRA-2 concentration over China during 1980-2019. Atmos. Environ., 264,
https://doi.org/10.1016/j.atmosenv.2021.118662, 2021.

Castellanos, P. and da Silva, A.: Global Modeling and Assimilation Office The GEOS-5 Neural Network Retrieval (NNR)
for AOD. AGU Fall Meeting, https://ntrs.nasa.gov/citations/20170012197, 2017.

Cazorla, A., Bahadur, R., Suski, K. J., Cahill, J. F., Chand, D., Schmid, B., Ramanathan, V., and Prather, K. A.: Relating
aerosol absorption due to soot, organic carbon, and dust to emission sources determined from in-situ chemical
measurements, Atmos. Chem. Phys., 13, 9337-9350, https://doi.org/10.5194/acp-13-9337-2013, 2013.

Chen, Y., Mills, S., Street, J., Golan, D., Post, A., Jacobson, M., and Paytan, A.: Estimates of atmospheric dry deposition and
associated  input of nutrients to Gulf of Agaba seawater. J.  Geophys. Res.-Atmos., 112,
https://doi.org/10.1029/2006JD007858, 2007.

Chin, M., Rood, R. B,, Lin, S. J., Mdller, J. F., and Thompson, A. M.: Atmospheric sulfur cycle simulated in the global
model GOCART: Model description and global properties. J. Geophys. Res.-Atmos., 105, 24671-24687,
https://doi.org/10.1029/2000JD900384, 2000.

——, Ginoux, P., Kinne, S., Torres, O., Holben, B. N., Duncan, B. N., Martin, R. V., Logan, J. A., Higurashi, A., &
Nakajima, T.: Tropospheric Aerosol Optical Thickness from the GOCART Model and Comparisons with Satellite and Sun
Photometer Measurements. J. Atmos. Sci., 59(3), 461-483, https://doi.org/10.1175/1520-
0469(2002)059%3C0461: TAOTFT%3E2.0.CO;2, 2002.

Choi, Y., Chen, S. H., Huang, C. C., Earl, K., Chen, C. Y., Schwartz, C. S., and Matsui, T.: Evaluating the Impact of

Assimilating Aerosol Optical Depth Observations on Dust Forecasts Over North Africa and the East Atlantic Using Different
Data Assimilation Methods, J. Adv. Model Earth Sy., 12, https://doi.org/10.1029/2019MS001890, 2020.

15



480

485

490

495

500

505

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Colarco, P., da Silva, A., Chin, M., and Diehl, T.: Online simulations of global aerosol distributions in the NASA GEOS-4
model and comparisons to satellite and ground-based aerosol optical depth, J. Geophys. Res.-Atmos., 115,
https://doi.org/10.1029/2009JD012820, 2010.

Darmenov, A., and da Silva, A.: The quick fire emissions dataset (QFED) — Documentation of versions 2.1, 2.2 and 2.4.
NASA/TM-2015-104606, Vol. 38, NASA Global Modeling and Assimilation Office, 212 pp., available at:
https://ntrs.nasa.gov/citations/20180005253, 2015.

Dong, X., Fu, J. S, Huang, K., Tong, D., and Zhuang, G.: Model development of dust emission and heterogeneous chemistry
within the Community Multiscale Air Quality modeling system and its application over East Asia. Atmos. Chem. Phys., 16,
8157-8180, doi:10.5194/acp-16-8157-2016, 2016.

Flemming, J., Benedetti, A., Inness, A., Engelen, R. J., Jones, L., Huijnen, V., Remy, S., Parrington, M., Suttie, M., Bozzo,
A., Peuch, V.-H., Akritidis, D., and Katragkou, E.: The CAMS interim Reanalysis of Carbon Monoxide, Ozone and Aerosol
for 2003-2015, Atmos. Chem. Phys., 17, 1945-1983, https://doi.org/10.5194/acp-17-1945-2017, 2017.

Gelaro, R., McCarty, W., Suéarez, M. J., Todling, R., Molod, A., Takacs, L., Randles, C. A., Darmenov, A., Bosilovich, M.
G., Reichle, R., Wargan, K., Coy, L., Cullather, R., Draper, C., Akella, S., Buchard, V., Conaty, A., da Silva, A. M., Gu, W.,
Kim, G., Koster, R., Lucchesi, R., Merkova, D., Nielsen, J. E., Partyka, G., Pawson, S., Putman, W., Rienecker, M.,
Schubert, S. D., Sienkiewicz, M., and Zhao, B.: The Modern-Era Retrospective Analysis for Research and Applications,
Version 2 (MERRA-2), J. Clim., 30, 5419-5454, https://doi.org/10.1175/JCLI-D-16-0758.1, 2017.

Giles, D. M., Sinyuk, A., Sorokin, M. G., Schafer, J. S., Smirnov, A., Slutsker, 1., Eck, T. F., Holben, B. N., Lewis, J. R.,
Campbell, J. R., Welton, E. J., Korkin, S. V., and Lyapustin, A. l.: 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, Atmos. Meas. Tech., 12, 169-209, https://doi.org/10.5194/amt-
12-169-2019, 2019.

Hamill, T. M. and Snyder, C.: A hybrid ensemble Kalman filter-3D variational analysis scheme, Mon. Weather Rev.,
128(8), 2905-2919, https://doi.org/10.1175/1520-0493(2000)128<2905: AHEKFV>2.0.CO;2, 2000.

Hand, J. L., Prenni, A. J., Schichtel, B.A., Malm, W. C., and Chow, J. C.: Trends in remote PMs residual mass across the
United States: Implications for aerosol mass reconstruction in the IMPROVE network, Atmos. Environ., 203,
https://doi.org/10.1016/j.atmosenv.2019.01.049, 2019.

16



510

515

520

525

530

535

540

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Huang B., Pagowski, M., Trahan, S., Martin, C. R., Tangborn, A., Kongdragunta, S., and Kleist, D. T.: JEDI-Based Three-
Dimensional Ensemble-Variational Data Assimilation System for Global Aerosol Forecasting at NCEP, J. Adv. Model.
Earth Sy., 15, https://doi.org/10.1029/2022MS003232, 2023.

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(1-2), 112-126, https://doi.org/10.1016/j.physd.2006.11.008,
2007.

Inness, A., Baier, F., Benedetti, A., Bouarar, I., Chabrillat, S., Clark, H., Clerbaux, C., Coheur, P., Engelen, R. J., Errera, Q.,
Flemming, J., George, M., Granier, C., Hadji-Lazaro, J., Huijnen, V., Hurtmans, D., Jones, L., Kaiser, J. W., Kapsomenakis,
J., Lefever, K., Leitdo, J., Razinger, M., Richter, A., Schultz, M. G., Simmons, A. J., Suttie, M., Stein, O., Thépaut, J.-N.,
Thouret, V., Vrekoussis, M., Zerefos, C., and the MACC team: The MACC reanalysis: an 8 yr data set of atmospheric
composition, Atmos. Chem. Phys., 13, 4073-4109, https://doi.org/10.5194/acp-13-4073-2013, 2013.

Inness, A., Ades, M., Agusti-Panareda, A., Barré, J., Benedictow, A., Blechschmidt, A.-M., Dominguez, J. J., Engelen, R.,
Eskes, H., Flemming, J., Huijnen, V., Jones, L., Kipling, Z., Massart, S., Parrington, M., Peuch, V.-H., Razinger, M., Remy,
S., Schulz, M., and Suttie, M.: The CAMS reanalysis of atmospheric composition, Atmos. Chem. Phys., 19, 3515-3556,
https://doi.org/10.5194/acp-19-3515-2019, 2019.

Jones, A., Roberts, D. L., and Slingo, A.: A climate model study of indirect radiative forcing by anthropogenic sulphate
aerosols, Nature, 370, 450-453, 1994.

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.

Kalita, G., Kunchala, R. K., Fadnavis, S., and Kaskaoutis, D. G.: Long term variability of carbonaceous aerosols over
Southeast Asia via reanalysis: Association with changes in vegetation cover and biomass burning, Atmos. Res., 245,

https://doi.org/10.1016/j.atmosres.2020.105064, 2020.

Lahoz, W. A., and Schneider, P.: Data assimilation: Making sense of Earth Observation, Front. Environ. Sci., 2,
https://doi.org/10.3389/fenvs.2014.00016, 2014.

17



545

550

555

560

565

570

575

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Lin, S.: A “Vertically Lagrangian” Finite-Volume Dynamical Core for Global Models, Mon. Weather Rev., 132(10), 2293-
2307, https://doi.org/10.1175/1520-0493(2004)132%3C2293:AVLFDC%3E2.0.CO;2, 2004.

Lin, S., W. Putman, L. Harris: The GFDL Finite-Volume Cubed-Sphere Dynamical Core, GFDL Technical Note, 2017.

Lohmann, U., Feichter, J., Penner, J., and Leaitch, R.: Indirect effect of sulfate and carbonaceous aerosols: A mechanistic
treatment. J. Geophys. Res.-Atmaos., 105, 12193-12206, https://doi.org/10.1029/1999JD901199, 2000.

Lorenc, A.C.: Analysis methods for numerical weather prediction. Q. J. Roy. Meteor. Soc., 112, 1177-1194,
https://doi.org/10.1002/9j.49711247414, 1986.

Lorenc, A.C.: The potential of the ensemble Kalman filter for NWP—a comparison with 4D-Var, Q. J. Roy. Meteor. Soc.,
129, 3183-3203, https://doi-org.libproxy.albany.edu/10.1256/qj.02.132, 2003.

Lu, C.-H., da Silva, A., Wang, J., Moorthi, S., Chin, M., Colarco, P., Tang, Y., Bhattacharjee, P. S., Chen, S.-P., Chuang, H.-
Y., Juang, H.-M. H., McQueen, J., and Iredell, M.: The implementation of NEMS GFS Aerosol Component (NGAC)
Version 1.0 for global dust forecasting at NOAA/NCEP, Geosci. Model Dev., 9, 1905-1919, https://doi.org/10.5194/gmd-9-
1905-2016, 2016.

Lynch, P., Reid, J. S., Westphal, D. L., Zhang, J., Hogan, T. F., Hyer, E. J., Curtis, C. A., Hegg, D. A., Shi, Y., Campbell, J.
R., Rubin, J. I., Sessions, W. R., Turk, F. J., and Walker, A. L.: An 11-year global gridded aerosol optical thickness
reanalysis (v1.0) for atmospheric and climate sciences, Geosci. Model Dev., 9, 1489-1522, https://doi.org/10.5194/gmd-9-
1489-2016, 2016.

Meng Z., Yang, P., Kattawar, G. W., Bi, L., Liou, K.N., and Laszlo, I.: Single-scattering properties of tri-axial ellipsoidal
mineral dust aerosols: A database for application to radiative transfer calculations. J. Aerosol Sci., 41, 501-512,
https://doi.org/10.1016/j.jaerosci.2010.02.008, 2010.

Mitchell Jr., J. M.: The Effect of Atmospheric Aerosols on Climate with Special Reference to Temperature near the Earth's
Surface, J. Appl. Meteorol., 10, 703-714, 1971.

Mulcahy, J. P., Walters, D. N., Bellouin, N., and Milton, S. F.: Impacts of increasing the aerosol complexity in the Met
Office global numerical weather prediction model, Atmos. Chem. Phys., 14, 4749-4778, https://doi.org/10.5194/acp-14-
4749-2014, 2014.

18



580

585

590

595

600

605

610

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Nowottnick, E. P., Colarco, P. R., Braun, S. A., Barahona, D. O., da Silva, A., Hlavka, D. L., McGill, M. J., & Spackman, J.
R.: Dust Impacts on the 2012 Hurricane Nadine Track during the NASA HS3 Field Campaign, J. Atmos. Sci., 75, 2473—
2489, https://doi.org/10.1175/JAS-D-17-0237.1, 2018.

Pagowski, M., Grell, G. A., McKeen, S. A., Peckham, S. E., and Devenyi, D.: Three-dimensional variational data
assimilation of ozone and fine particulate matter observations: Some results using the Weather Research and Forecasting-
Chemistry model and Grid-point Statistical Interpolation. Q. J. Roy. Meteor. Soc., 136, 2013-2024,
https://doi.org/10.1002/qj.700, 2010.

——, Liu, Z,, Grell, G. A,, Hu, M., Lin, H.-C., and Schwartz, C. S.: Implementation of aerosol assimilation in Gridpoint
Statistical Interpolation (v. 3.2) and WRF-Chem (v. 3.4.1), Geosci. Model Dev., 7, 1621-1627, https://doi.org/10.5194/gmd-
7-1621-2014, 2014.

Palmer, T. N., Buizza, R., Doblas-Reyes, F., Jung, T., Leutbecher, M., Shutts, G. J. and A. Weisheimer: Stochastic
parametrization and model uncertainty. ECMWF Tech. Memao. 598, 44 pp., https://doi.org/10.21957/ps8gbwbdv, 2009.

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,
Atmos. Chem. Phys., 20, 969-994, https://doi.org/10.5194/acp-20-969-2020, 2020.

Pérez, C., Nickovic, S., Pejanovic, G., Baldasano, J. M., and Ozsoy, E.: Interactive dust-radiation modeling: A step to
improve weather forecasts. Journal of Geophysical Research Atmospheres, 111, https://doi.org/10.1029/2005JD006717,
2006.

Péschl, U.: Atmospheric aerosols: Composition, transformation, climate and health effects. Angew. Chem. Int. Edit., 44,
7520-7540, https://doi.org/10.1002/anie.200501122, 2005.

Powers, J. G., Klemp, J. B., Skamarock, W. C., Davis, C. A., Dudhia, J., Gill, D. O., Coen, J. L., Gochis, D. J., Ahmadov, R.,
Peckham, S. E., Grell, G. A., Michalakes, J., Trahan, S., Benjamin, S. G., Alexander, C. R., Dimego, G. J., Wang, W.,
Schwartz, C. S., Romine, G. S., Liu, Z., Snyder, C., Chen, F., Barlage, M. J., Yu, W., and Duda, M. G.: The Weather
Research and Forecasting Model: Overview, System Efforts, and Future Directions, B. Am. Meteorol. Soc., 98(8), 1717-
1737, https://doi.org/10.1175/BAMS-D-15-00308.1, 2017.

19



615

620

625

630

635

640

645

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Randles, C. A,, da Silva, A. M., Buchard, V., Colarco, P. R., Darmenov, A., Govindaraju, R., Smirnov, A., Holben, B.,
Ferrare, R., Hair, J., Shinozuka, Y., & Flynn, C. J.: The MERRA-2 Aerosol Reanalysis, 1980 Onward. Part I: System
Description and Data Assimilation Evaluation. J Clim, 30, 6823-6850, https://doi.org/10.1175/JCLI-D-16-0609.1, 2017.

Rubin, J. I, Reid, J. S., Hansen, J. A., Anderson, J. L., Collins, N., Hoar, T. J., Hogan, T., Lynch, P., McLay, J., Reynolds,
C. A, Sessions, W. R., Westphal, D. L., and Zhang, J.: Development of the Ensemble Navy Aerosol Analysis Prediction
System (ENAAPS) and its application of the Data Assimilation Research Testbed (DART) in support of aerosol forecasting,
Atmos. Chem. Phys., 16, 3927-3951, https://doi.org/10.5194/acp-16-3927-2016, 2016.

Schuster, G. L., Dubovik, O., and Holben, B. N.: Angstrom exponent and bimodal aerosol size distributions, J. Geophys.
Res., 111, D07207, https://doi.org/10.1029/2005JD006328, 2006.

Schwartz, C. S., Liu, Z., Lin, H. C., and Cetola, J. D.: Assimilating aerosol observations with a “hybrid” variational-

ensemble data assimilation system, J. Geophys. Res.-Atmos., 119, 40434069, https://doi.org/10.1002/2013JD020937, 2014.

Shao, Y., Wyrwoll, K., Chappell, A., Huang, J., Lin, Z., McTainsh, G. H., Mikami, M., Tanaka, T. Y., Wang, X., Yoon, S.:
Dust cycle: An emerging core theme in Earth system science. Aeolian Res, 2, 181-204,
https://doi.org/10.1016/J.AEOLIA.2011.02.001, 2011.

Sinyuk, A., Holben, B. N., Eck, T. F., Giles, D. M., Slutsker, I., 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,
Atmos. Meas. Tech., 13, 3375-3411, https://doi.org/10.5194/amt-13-3375-2020, 2020.

Tompkins, A. M., Cardinali, C., Morcrette, J. J., and Rodwell, M.: Influence of aerosol climatology on forecasts of the
African Easterly Jet., Geophys. Res. Lett., 32, 1-4, https://doi.org/10.1029/2004GL 022189, 2005.

Twomey, S.: Pollution and the Planetary Albedo. Atmos. Environ., 8, 1251-1256, 1974.
——: The Influence of Pollution on the Shortwave Albedo. J. Atmos. Sci., 34, 1149-1152, 1977.

Wang, J., Bhattacharjee, P. S., Tallapragada, V., Lu, C.-H., Kondragunta, S., da Silva, A., Zhang, X., Chen, S.-P., Wei, S.-
W., Darmenov, A. S., McQueen, J., Lee, P., Koner, P., and Harris, A.: The implementation of NEMS GFS Aerosol
Component (NGAC) Version 2.0 for global multispecies forecasting at NOAA/NCEP — Part 1: Model descriptions, Geosci.
Model Dev., 11, 2315-2332, https://doi.org/10.5194/gmd-11-2315-2018, 2018.

20



650

655

660

665

670

https://doi.org/10.5194/egusphere-2023-356 d
Preprint. Discussion started: 5 June 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Wiscombe, W. J.: Improved Mie scattering algorithms. Appl. Opt., 19, 1505-1509, 1980.

Xian, P., Zhang, J., O'Neill, N. T., Toth, T. D., Sorenson, B., Colarco, P. R., Kipling, Z., Hyer, E. J., Campbell, J. R., Reid, J.
S., and Ranjbar, K.: Arctic spring and summertime aerosol optical depth baseline from long-term observations and model
reanalyses — Part 1: Climatology and trend, Atmos. Chem. Phys., 22, 9915-9947, https://doi.org/10.5194/acp-22-9915-2022,
2022.

Yukimoto, S., Adachi, Y., Hosaka, M., Sakami, T., Yoshimura, H., Hirabara, M., Tanaka, T. Y., Shindo, E., Tsujino, H., and
Deushi, M.: A new global climate model of the Meteorological Research Institute: MRI-CGCM3: -Model description and
basic performance-, J. Meteorol. Soc. Jpn., 90, 23-64, https://doi.org/10.2151/jmsj.2012-A02, 2012.

Yumimoto, K., Tanaka, T. Y., Oshima, N., and Maki, T.: JRAero: the Japanese Reanalysis for Aerosol v1.0, Geosci. Model
Dev., 10, 3225-3253, https://doi.org/10.5194/gmd-10-3225-2017, 2017.

Zhang, L., Montuoro, R., McKeen, S. A., Baker, B., Bhattacharjee, P. S., Grell, G. A., Henderson, J., Pan, L., Frost, G. J.,
McQueen, J., Saylor, R., Li, H., Ahmadov, R., Wang, J., Stajner, I., Kondragunta, S., Zhang, X., and Li, F.: Development
and evaluation of the Aerosol Forecast Member in the National Center for Environment Prediction (NCEP)'s Global
Ensemble Forecast System (GEFS-Aerosols v1), Geosci. Model Dev., 15, 5337-5369, https://doi.org/10.5194/gmd-15-5337-
2022, 2022.

Zhang, X., Kondragunta, S., da Silva, A., Lu, S., Ding, H., Li, F., and Zhu, Y.: The Blended Global Biomass Burning
Emissions Product from MODIS and VIIRS Observations (GBBEPXx), NESDIS ATBD, 30 pp., 2019.

Zhou, M., Wang, J., Chen, X., Xu, X., Colarco, P. R., Miller, S. D., Reid, J. S., Kondragunta, S., Giles, D. M., and Holben,

B.: Nighttime smoke aerosol optical depth over U.S. rural areas: First retrieval from VIIRS moonlight observations, Remote
Sens. Environ., 267, 112717, https://doi.org/10.1016/j.rse.2021.112717, 2021.

21



https://doi.org/10.5194/egusphere-2023-356
Preprint. Discussion started: 5 June 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

NARA v1.0 Data Assimilation System
LETKF Member
Member 1
LETKF Member
Analysis 2 Analysis 2

Member 1

Member 40

|

Member 2

UFO
&
LETKF

REITIERENS|
T
(AdS) suorssiury paqInyaag
-A[[ed1SeYI0IS PUR PI[RIS
T

Member 40

MODIS
NNR AOD

Forecasts Data Assimilation Analyses Forecasts

LETKF Member
Analysis 40 Analysis 40

675 Figure 1: Schematic of the 3D-EnVar data assimilation system for NARA v1.0.
DJF MAM JJA SON

' 4 4 4
4 7’ 4 4
7’ g 2 5 4
4 4 4 7
7 7z o 4 0 ’/
10° 10° 10 10
: : : :
7/ 4 4 4
(=3 o (=] o
d 7/
82 - 2 - 2 < 2 ;
o o o o
[l 7/
g ’ g g g
@0 ¥ 107 ¢ 107! B URE
w w w w
o U] Q (&)
/, I,
/, /, /’
- 1072 . . 1072 10724
102 107 10° 1072 107! 10° 1072 107 10° 1072 107 10°
AERONET AOD 500 nm AERONET AOD 500 nm AERONET AOD 500 nm AERONET AOD 500 nm
4 t 4 d
4 ' 4
// 7’ //
// //, /,
o 107 10° 4 10° ¢ 10° 4
s 7/ 4 4
£ £ il E il E 1
-« < c c ’ c ’
o o o o
o o] [s] o
é < < < <
< ¥ 101 ¥ 10 MBURE B URE
w w w w
z O o Q o
7/ 7’
7/ /, /,
7’ 4 d '
10245 - 1072 - - 1072 - 102
1072 107! 10° 1072 107! 10° 1072 107 10° 1072 107 10°
AERONET AOD 500 nm AERONET AOD 500 nm AERONET AOD 500 nm AERONET AOD 500 nm

Figure 2: Probability density plots of modeled AOD at 500 nm with respect to AERONET retrievals for the free model run and
NARA v1.0 during four seasons; axes are in logarithmic scale.

22



https://doi.org/10.5194/egusphere-2023-356
Preprint. Discussion started: 5 June 2023
(© Author(s) 2023. CC BY 4.0 License.

EGUsphere\

Absolute Bias Relative Bias R?/R

Free NARA v1.0 Free NARA v1.0 Free NARA v1.0
DJF -0.105 -0.070 -0.529 -0.307 0.614/0.783 0.801/0.895
MAM | -0.104 -0.048 -0.452 -0.208 0.494/0.701 0.679/0.824
JJA -0.083 -0.039 -0.417 -0.194 0.456/0.675 0.665/0.815
SON | -0.088 -0.044 -0.494 -0.248 0.469/0.685 0.696/0.834

Table 1: Comparison of seasonal absolute bias, relative bias, and R2-correlation, and correlation coefficients (R) between the free
680 model run and NARA v1.0 and AERONET, respectively.

Figure 3: The time series of the monthly mean of (a) biases and (b) R?-correlation for the free model run and NARA v1.0 with
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Figure 6: The comparison of seasonal mean biases of AOD at 550 nm of NARA v1.0 vs. CAMSRA and MERRA-2.
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Figure 9: Same as Figure 8, but for carbonaceous aerosols over SAFRTROP (top) and RUSC2S (bottom) during JJA.
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Figure 10: Same as Figure 8, but for sulfate (left) and total dust (right) aerosols over EASIA during DJF (top) and MAM (bottom).
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Figure 11. Same as Figure 8, but for sea salt, dust, sulfate, and hydrophobic OC over the Southern Ocean during JJA (top) and

SON (bottom).
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705  Figure 12. Probability density plots of modeled PM;s with respect to OpenAQ measurements for the free model run (left) and
NARA v1.0 (right). Evaluation period: May - December 2016.
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Figure 13. Probability density plots of speciated aerosol surface concentration of NARA v1.0 with respect to IMPROVE

measurements for elemental carbon (EC), organic carbon (OC), sea salt, and sulfate (left to right).
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