Atmos. Chem. Phys., 15, 5743–5760, 2015
www.atmos-chem-phys.net/15/5743/2015/
doi:10.5194/acp-15-5743-2015
© Author(s) 2015. CC Attribution 3.0 License.

Using the OMI aerosol index and absorption aerosol optical depth to
evaluate the NASA MERRA Aerosol Reanalysis
V. Buchard1,2 , A. M. da Silva1 , P. R. Colarco1 , A. Darmenov1 , C. A. Randles1,3 , R. Govindaraju1,4 , O. Torres1 ,
J. Campbell5 , and R. Spurr6
1 NASA/Goddard

Space Flight Center, Greenbelt, MD, USA
Space Research Association, Columbia, MD, USA
3 GESTAR/Morgan State University, Baltimore, MD, USA
4 Science Systems and Applications, Inc., Lanham, MD, USA
5 Marine Meteorology Division, Naval Research Laboratory, Monterey, CA, USA
6 RT Solutions, Inc., 9 Channing Street, Cambridge, MA 02138, USA
2 GESTAR/Universities

Correspondence to: V. Buchard (virginie.buchard@nasa.gov)
Received: 23 October 2014 – Published in Atmos. Chem. Phys. Discuss.: 20 December 2014
Revised: 14 April 2015 – Accepted: 29 April 2015 – Published: 26 May 2015

Abstract. A radiative transfer interface has been developed
to simulate the UV aerosol index (AI) from the NASA Goddard Earth Observing System version 5 (GEOS-5) aerosol assimilated fields. The purpose of this work is to use the AI and
aerosol absorption optical depth (AAOD) derived from the
Ozone Monitoring Instrument (OMI) measurements as independent validation for the Modern Era Retrospective analysis
for Research and Applications Aerosol Reanalysis (MERRAero). MERRAero is based on a version of the GEOS5 model that is radiatively coupled to the Goddard Chemistry, Aerosol, Radiation, and Transport (GOCART) aerosol
module and includes assimilation of aerosol optical depth
(AOD) from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor. Since AI is dependent on aerosol
concentration, optical properties and altitude of the aerosol
layer, we make use of complementary observations to fully
diagnose the model, including AOD from the Multi-angle
Imaging SpectroRadiometer (MISR), aerosol retrievals from
the AErosol RObotic NETwork (AERONET) and attenuated
backscatter coefficients from the Cloud-Aerosol Lidar and
Infrared Pathfinder Satellite Observation (CALIPSO) mission to ascertain potential misplacement of plume height by
the model. By sampling dust, biomass burning and pollution events in 2007 we have compared model-produced AI
and AAOD with the corresponding OMI products, identifying regions where the model representation of absorbing
aerosols was deficient. As a result of this study over the Sa-

haran dust region, we have obtained a new set of dust aerosol
optical properties that retains consistency with the MODIS
AOD data that were assimilated, while resulting in better
agreement with aerosol absorption measurements from OMI.
The analysis conducted over the southern African and South
American biomass burning regions indicates that revising
the spectrally dependent aerosol absorption properties in the
near-UV region improves the modeled-observed AI comparisons. Finally, during a period where the Asian region was
mainly dominated by anthropogenic aerosols, we have performed a qualitative analysis in which the specification of
anthropogenic emissions in GEOS-5 is adjusted to provide
insight into discrepancies observed in AI comparisons.

1

Introduction

The concept of the UV aerosol index (AI) was first introduced in the context of observations made by the Total Ozone
Mapping Spectrometer (TOMS) sensors in the late 1990s
(Herman et al., 1997; Torres et al., 1998) and has since been
extended to apply to measurements with the Ozone Monitoring Instrument (OMI). It is a useful qualitative parameter
for detecting the presence of absorbing aerosols in the atmosphere, based on a spectral contrast method in the near-UV
region where ozone absorption is very small (Herman et al.,
1997; Torres et al., 1998, 2007). One interesting aspect of this
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parameter is that it is directly derived from instrument measurements and consequently is not affected by uncertainties
in assumed aerosol properties. Using AI for detecting aerosol
has been applied to other sensors such as GOME (de Graaf
et al., 2005) and SCIAMACHY (de Graaf and Stammes,
2005; Penning de Vries et al., 2009) and models (Colarco
et al., 2002; Ginoux and Torres, 2003; Yoshioka et al., 2005).
In these model studies, simulations of AI and aerosol optical depth (AOD) were performed for dust plume cases and
compared to corresponding observations in order to validate
the model and constrain the model optical properties of dust
aerosols. The effect of aerosol on the climate system depends
on the total aerosol concentration and the aerosol radiative or
optical properties. In this study, we use OMI measurements
as independent validation of the UV aerosol absorption in
the recent version of the Modern Era Retrospective analysis
for Research and Applications Aerosol Reanalysis (MERRAero). While MERRAero includes assimilation of AOD
from the Moderate Resolution Imaging Spectroradiometer
(MODIS) instrument on both Terra and Aqua satellites, it
does not assimilate any data capable of directly constraining
its aerosol absorption optical depth (AAOD). Therefore, we
use independent OMI observations to assess the quality of
MERRAero’s AAOD. In addition to comparisons to OMIretrieved AAOD we perform an explicit radiative transfer
calculation to simulate the UV AI from assimilated aerosol
fields at OMI observation locations as another device for assessing absorption in MERRAero.
The sensitivity of the UV AI to aerosol concentration, optical properties and the aerosol layer height is well documented (Herman et al., 1997; Torres et al., 1998; Hsu et al.,
1999; Mahowald and Dufresne, 2004; de Graaf et al., 2005).
Hence, we extend our analysis by using several space-based
and ground-based data sets to fully diagnose MERRAero,
including AOD from MODIS and the Multi-angle Imaging SpectroRadiometer (MISR) sensors, as well as absorption optical depth retrievals from the AErosol RObotic NETwork (AERONET). By simulating the attenuated backscatter coefficient at 532 nm, we also use measurements from
the Cloud-Aerosol Lidar and Infrared Satellite Observations
(CALIPSO) mission to characterize the vertical placement of
the aerosol plume in our system.
In Sect. 2, we summarize the GEOS-5 aerosol modeling and data assimilation system. Section 3 briefly describes all data products used in this study. The methodology used to simulate AI from aerosol assimilated fields
appears in Sect. 4. In Sect. 5 we first assess the quality of
MERRAero AOD by doing comparisons to MODIS, MISR
and AERONET retrievals, followed by the evaluation of the
vertical distribution with CALIPSO measurements. Finally,
MERRAero absorption is evaluated against OMI measurements over regions of particular interest. Concluding remarks
appear in Sect. 6.

Atmos. Chem. Phys., 15, 5743–5760, 2015

2

GEOS-5 and the MERRA Aerosol Reanalysis
(MERRAero)

MERRA (Rienecker et al., 2011) is a NASA meteorological reanalysis for the satellite era using a major new version of the Goddard Earth Observing System Data Assimilation System version 5 (GEOS-5), the latest version from the
NASA Global Modeling and Assimilation Office (GMAO).
The project focuses on historical analysis of the hydrological
cycle for a broad range of weather and climate timescales,
and it places the NASA Earth Observing System (EOS) suite
of observations in a climate context. The MERRA time period covers the modern era of remotely sensed data, from
1979 through the present, with special focus of the atmospheric assimilation on the hydrological cycle. Like similar reanalyses, MERRA provides meteorological parameters (winds, temperature, humidity), along with a number of
other diagnostics such as surface and top-of-the-atmosphere
fluxes, diabatic terms and the observational corrections imposed by the data assimilation procedure.
As a step toward an integrated earth system analysis, the
GMAO is producing several parallel reanalyses of other components of the earth system such as ocean, land and atmospheric composition. Of particular relevance for this paper is
the MERRA Aerosol Reanalysis, where MODIS AOD observations are assimilated, providing a companion aerosol gridded data set that can be used to study the impact of aerosols
on the atmospheric circulation and air quality in general. Notice that MERRAero only covers the later years of MERRA
(2002 to present), capitalizing on the improved aerosol measurements from NASA’s EOS platforms. The key elements
of GEOS-5 used for MERRAero are summarized below.
2.1

GEOS-5 overview

The Goddard Earth Observing System version 5 (GEOS5) earth system model is a weather- and climate-capable
model described in Rienecker et al. (2008). The GEOS-5
system includes atmospheric circulation and composition,
as well as oceanic and land components. By including an
aerosol transport module based on the Goddard Chemistry,
Aerosol, Radiation, and Transport model (GOCART; Chin
et al., 2002), GEOS-5 provides the capability for studying
atmospheric composition and aerosol–chemistry–climate interactions (Colarco et al., 2010). In addition to providing
data assimilation of traditional meteorological parameters
(winds, pressure and temperature fields; Rienecker et al.,
2008), GEOS-5 includes assimilation of bias-corrected AOD
from MODIS from both Terra and Aqua satellites.
The GOCART module simulates five types of aerosols
(dust, sea salt, black carbon (BC), organic carbon (OC) and
sulfate) treated as external mixtures that do not interact with
each other. While dust and sea-salt emissions are surface
wind speed dependent, the others are prescribed from emissions inventories. The model includes loss processes, conwww.atmos-chem-phys.net/15/5743/2015/
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vective and large-scale wet removal, dry deposition and sedimentation for dust and sea salt as well as chemical reaction
to produce sulfate aerosol from oxidation of sulfur dioxide
(SO2 ).
GEOS-5 can be run in data assimilation or replay modes.
In the data assimilation mode, a meteorological analysis is
performed every 6 h to constrain the meteorological state of
the model. On the other hand, a replay mode uses a previous
analysis to adjust the model’s meteorological state (winds,
temperature, specific humidity) much like a chemical transport model (CTM). However, unlike a CTM, in GEOS-5
the aerosol transport dynamics are entirely consistent with
the model thermodynamical state at every time step between
analysis updates.
2.2

Data assimilation in GEOS-5

GEOS-5 features a mature atmospheric data assimilation system that builds upon the Grid-point Statistical Interpolation
(GSI) algorithm jointly developed with the National Centers
for Environmental Prediction (NCEP) (Wu et al., 2002; Derber et al., 2003; Rienecker et al., 2008). The GSI solver was
originally developed at NCEP as a unified 3D-Var analysis system for supporting global and regional models. GSI
includes all the in situ and remotely sensed data used for
operational weather prediction at NCEP. GEOS-5 also includes assimilation of bias-corrected AOD observations from
the MODIS sensor on both Terra and Aqua satellites. The
bias correction algorithm involves cloud screening and homogenization of the observing system by means of a neural
net scheme that translates cloud-cleared MODIS reflectances
into AERONET-calibrated AOD (referred to hereafter as
“MODIS NNR”, where NNR refers to a neural-net-derived
retrieval). Based on the work of Zhang and Reid (2006)
and Lary et al. (2010), we originally developed a backpropagation neural network to correct observational biases
in MODIS operational retrievals. Later this system evolved
into a neural net type of retrieval. In this system, reflectances
(instead of retrieved AOD) provide the main input, alongside solar and viewing geometry, MODIS cloud cover, climatological surface albedo and model-derived surface wind
speed. Online quality control is performed with the adaptive
buddy check of Dee et al. (2001), with observation and background errors estimated using the maximum-likelihood approach of Dee and da Silva (1999). The AOD analysis in
GEOS-5 is performed by means of analysis splitting. First,
a 2-D analysis of AOD is performed using error covariances
derived from innovation data. The 3-D analysis increments
of aerosol mass concentration are then computed using an
ensemble formulation for the background error covariance.
In MERRAero, as well as in the GEOS-5 near-real-time system, this calculation is performed using the Local Displacement Ensemble (LDE) methodology under the assumption
that ensemble perturbations represent misplacements of the
aerosol plumes. These ensemble perturbations are generated
www.atmos-chem-phys.net/15/5743/2015/
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with full model resolution, without the need for multiple
model runs.
2.3

GEOS-5 configuration for MERRAero

The MERRAero experiment covers the period 2002–present
and was performed at 0.5◦ × 0.625◦ latitude by longitude
with 72 vertical layers between the surface and about 80 km.
GEOS-5 was run in replay mode using 6-hourly atmospheric
analyses from MERRA (Rienecker et al., 2011) to update
the meteorological state, with a full aerosol assimilation performed every 3 h. Note that wind stress, convective mass flux,
etc., are explicitly computed by the model parameterizations
and not provided by MERRA. Parameterizations of natural
and anthropogenic emissions in MERRAero reflect several
noteworthy updates compared with the previous version of
the GEOS modeling system (Colarco et al., 2010). Emissions
of SO2 from anthropogenic sources come from the Emission
Database for Global Atmospheric Research (EDGAR) version 4.1 inventory, and the injection scheme was modified to
account for the differences in injection profiles of emission
sources from energy and non-energy sectors. The non-energy
emission (from transportation, manufacturing industries, residential) are emitted into the lowest GEOS-5 layer, and the
energy emissions from power plants are emitted at higher
levels between 100 and 500 m above the surface (Buchard
et al., 2014). Biomass burning emissions are from the NASA
Quick Fire Emission Dataset (QFED) version 2.1. QFED is
a global fire radiative power based inventory of daily emissions of aerosol precursors and trace gases (Darmenov and
da Silva, 2015). Production of sea-salt aerosols follows the
Gong (2003) formulation of size-dependent number flux, but
with a modified windspeed term equal to u2.41
∗ , where u∗
is the friction velocity. A new independently derived sea
surface temperature (SST) correction term was applied to
modulate the strength of sea-salt emissions, as suggested by
Jaeglé et al. (2011). Dust emission follows from Ginoux et al.
(2001) and are explained in more details in Colarco et al.
(2010).
3
3.1

Independent observations used for validation
AERONET

AERONET is a global ground-based network of automatic
sunphotometers (Holben et al., 1998) that measure direct
sun and sky radiances at several wavelengths. AOD is obtained from direct sun measurements with an accuracy to
within ±0.015. An inversion algorithm provides single scattering albedo (SSA) using the sky radiance measurements
along the solar principal plane and along the solar almucantar (Dubovik et al., 2000; Dubovik and King, 2000). The
uncertainty in the retrieved SSA varies between 0.03 and
0.07 depending on the aerosol type and loading. In our study,
we used cloud-screened Level 2.0 data (quality assured). In
Atmos. Chem. Phys., 15, 5743–5760, 2015
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Level 2.0, SSA is only retrieved for AOD greater than 0.4
and solar zenith angle greater than 50◦ .
3.2

MISR aerosol retrievals

The Multi-angle Imaging SpectroRadiometer flying on the
Terra spacecraft uses multiple camera views to retrieve multispectral aerosol optical properties at 16 km × 16 km spatial
resolution, including AOD and layer height under certain
condition with about 8-day global coverage. MISR’s multiangle capability allows for aerosol characterization and retrievals over bright surfaces (Kahn et al., 2005). The MISR
aerosol products version 22 are used in the comparisons.
3.3

OMI aerosol products

OMI is a Dutch–Finnish instrument onboard the NASA EOS
Aura spacecraft (Levelt et al., 2006) launched in July 2004.
OMI is the successor of the TOMS instruments and is dedicated to the monitoring of the Earth’s ozone, air quality and climate. It measures the solar light scattered by
the atmosphere in the 270–500 nm wavelength range with
a spatial resolution varying from 13 km × 24 km at nadir
to about 28 km × 150 km along its scan edges. The UV AI
retrieval is derived from the near-UV aerosol retrieval algorithm (OMAERUV) described in detail in Torres et al.
(2007). In addition to AI, OMI-measured reflectances at 354
and 388 nm are used to derive AOD and AAOD at 388 nm.
The OMAERUV algorithm uses pre-computed top of the atmosphere (TOA) reflectances for a set of 21 aerosol models
composed of three aerosol types (dust, carbonaceous aerosols
and sulfate-based aerosols) to retrieve AOD and AAOD. As
the retrieval algorithm is sensitive to aerosol layer height, climatological aerosol vertical profiles derived from CALIPSO
observations are used as a constraint (Torres et al., 2013). The
surface albedo is assumed to be Lambertian and is given by
a revisited TOMS-based monthly climatology that takes into
account the spectral dependence in the range 331–380 nm
(Torres et al., 2013). In our comparison, we use the Level 2
aerosol data products version 1.4.2 for both AI and AAOD
(OMAERUV readme file, 2011), except over regions dominated by carbonaceous aerosols, where we use an AAOD
product derived from a research version (Torres et al., 2013).
In order to account for sub-pixel cloud contamination, we use
only the best data values corresponding with an algorithm
quality flag equal to 0.
3.4

CALIOP

The Cloud Aerosol Lidar with Orthogonal Polarization
(CALIOP), carried by CALIPSO as part of the NASA ATrain (Winker et al., 2007, 2009) since 2006, adds important information about the aerosol vertical structure. We used
CALIOP data processed by the Naval Research Laboratory
(NRL) adapted for their data assimilation application. More
precisely, we used attenuated backscatter CALIOP profiles
Atmos. Chem. Phys., 15, 5743–5760, 2015

that have been quality-assured and cloud-cleared and then averaged to a 1◦ latitude along-track segments and 100 m vertically during nighttime and 400 m during daytime (Campbell
et al., 2010).
4

GEOS-5 aerosol index simulator

Simulations of AI were performed from GEOS-5 assimilated aerosol fields at OMI observation locations using the
radiative transfer code VLIDORT (Vector LInearized Discrete Ordinate Radiative Transfer) described in Spurr (2006).
The model-produced AIs were compared with corresponding
OMI measurements for several months in 2007 characterized
by a good sampling of dust and biomass burning events. In
selecting the period of study, we chose to avoid the OMI
row anomalies that have occurred since 2008. Furthermore,
model-derived AAODs were compared with the corresponding OMI retrievals at 388 nm over the same period.
We have developed an interface between GEOS-5 aerosol
assimilated fields and VLIDORT in order to simulate AI at
the OMI footprint. VLIDORT is a vector radiative transfer
code designed to calculate atmospheric transmittance and radiance for a wide range of atmospheric, geometric and spectral conditions (Spurr, 2006). VLIDORT uses the discrete ordinates method to solve the radiative transfer equation, and
the vector mode was designed to perform computations of
polarized radiances. The effects of polarization are included
through the calculation of four components of the Stokes vector.
In our AI simulation process, each 3-D MERRAero
aerosol concentration profile is first interpolated to the OMI
observation location. These concentration profiles are then
converted into vertical profiles of optical properties such as
AOD, SSA and components P (θ ) of the scattering-phase matrix using the Mie theory code of Wiscombe (1980) for all
aerosol types with the exception of dust aerosols. Particle
non-sphericity is presently included for the optical properties of dust aerosols only, using a spheroidal shape distribution after Dubovik et al. (2006) and the optical properties database from Meng et al. (2010). Details of the implementation are included in Colarco et al. (2014). In the
baseline model simulations, the refractive indices for each
aerosol species are derived from the Optical Properties for
Aerosols and Clouds (OPAC; Hess et al., 1998). These profiles of optical properties derived at 354 and 388 nm are then
input into VLIDORT to produce TOA radiances and calculate AI at 354 nm for each OMI viewing geometry (as described in Eqs. 1–3). To characterize the radiative behavior
of the surface, we use the Lambertian option in VLIDORT,
specifying a TOMS-based surface albedo climatology, as in
the OMAERUV algorithm.

www.atmos-chem-phys.net/15/5743/2015/
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The MERRAero simulation of AI is based on the definition of aerosol index,
"
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,
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354 nm using MERRAero aerosol concentrations; I354
is the TOA radiance calculated at 354 nm in absence of
Model , the adjusted Lambertian Equivaerosols assuming R388∗
alent Reflectivity (LER) at 388 nm. This is calculated with
VLIDORT as
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where T388 and Sb388 are respectively the simulated transmittance and spherical albedo for a Rayleigh atmosphere,
and


Model
Model
sfc
sfc
R388∗
= R388
− R388
− R354
,
(3)
sfc −R sfc
with Rλsfc being the surface albedo values at λ and R388
354
being a correction for the spectral dependence of the surface
albedo.
An example of the comparison of monthly mean TOA radiances measured by OMI at 388 nm and our VLIDORT calculated radiances for July 2007 appears in Fig. 1. Globally,
the model tends to simulate radiances in good agreement
with OMI. However underestimation is noticed over desert
regions (Saharan dust over land and transported over the Atlantic, Saudi Arabia region, Taklamakan Desert in Asia and
part of southern US).

5

Evaluating aerosol absorption in MERRAero

Figure 2 shows global comparisons of monthly averaged
MERRAero-simulated AI (middle) vs. OMI retrievals (top)
for the months of July (left) and August (right) 2007, a period with a good sampling of dust and biomass burning
events. The difference OMI minus MERRAero AI appears
on the bottom row. Globally, MERRAero-simulated AI captures major features of the global absorbing aerosol observations for both months, although the model tends to underestimate the AI over parts of North and South America and
especially in the southern African biomass burning region. In
the north African dust region, we notice mainly an underestimation of MERRAero AI over dust sources, while for the
dust plume over the Atlantic Ocean, MERRAero is mostly
overestimated. In contrast, MERRAero AAODs (Fig. 3) are
generally higher than the OMI retrievals, especially over dust
regions, but also over biomass burning regions. In particular, MERRAero AI is underestimated in the presence of dust
aerosols, while the AAOD is overestimated. In the African
www.atmos-chem-phys.net/15/5743/2015/

Figure 1. TOA monthly mean radiances at 388 nm observed
by OMI (top) and calculated with VLIDORT using MERRAero
aerosol fields (middle) for July 2007. Difference of radiances OMI
minus MERRAero (bottom). Dark blue boxes delimit the African
dust region (60◦ W–20◦ E, 0–30◦ N), the southern African (10◦ W–
30◦ E, 0–30◦ S) and South American (80◦ W–50◦ W, 30◦ S–10◦ N)
biomass burning regions and the Asian region (70◦ E–130◦ E, 10–
40◦ N). The color grey means no data under the OMI criteria “quality flag = 0”.

biomass burning region, MERRAero AI is very low compared with OMI AI, but MERRAero AAOD is overestimated, mostly over land.
In order to reconcile these conflicting diagnoses, we
choose four regions to evaluate MERRAero extinction, absorption and vertical distribution (shown on Fig. 1). For dust
we choose an area over the Sahara and the North Atlantic
Ocean (60◦ W–20◦ E, 0–30◦ N) during the months of June
through August 2007 (JJA). For biomass burning aerosol, we
select two regions over South America (80–50◦ W, 30◦ S–
10◦ N) and southern Africa (10◦ W–30◦ E, 0–30◦ S) to analyze during JJA 2007. Finally, we select an area over the
Asian region (70–130◦ E, 10–40◦ N) mainly dominated by
anthropogenic aerosols during the period of April through
June 2007 (AMJ).
5.1
5.1.1

Saharan dust aerosols
Dust optical depth

Figure 4 shows a comparison of MERRAero 550 nm AOD
to MODIS NNR (top panel) and MISR observations (bottom panel) over the Saharan dust region during JJA 2007.
Atmos. Chem. Phys., 15, 5743–5760, 2015
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Figure 2. Monthly mean of OMI UV AI (top) and MERRAero-simulated AI (middle) for July (left) and August (right) 2007. Difference of
AI OMI minus MERRAero (bottom plots).

Figure 3. Monthly mean of OMI UV AAOD (top) at 388 nm and MERRAero-simulated AAOD (middle) for July (left) and August (right)
2007. Difference of AAOD OMI minus MERRAero (bottom plots).

The comparison with MODIS AOD includes only data from
the Terra satellite that are coincident with MISR measurements. The model was sampled according to the time and
location of such observations. Since a lognormal representation is more suitable to report AOD statistics (O’Neill et al.,
2000), a kernel density estimation (KDE) (Silverman, 1986;
Scott, 1992) was applied to approximate the joint probability
density function (PDF) of observed and modeled logarithmic
(natural) transformed AOD. The log-transformed AOD,
η = log(τ + 0.01),

(4)

where τ stands for AOD, is found to be closer to a normal
distribution than simply log τ . The results in Fig. 4 (and later)
are presented on a log-transformed scale.
The correlation coefficient r, the root mean square of the
differences (MERRAero-“observation”; RMS), the standard
Atmos. Chem. Phys., 15, 5743–5760, 2015

deviation of the differences (STDV) and the mean difference
are calculated for logarithmically transformed AOD as summarized in Table 1. The comparison between simulated and
observed AOD is very good with high correlation coefficient,
0.97 and 0.90 with MODIS NNR and MISR, respectively.
As expected, MERRAero AOD agrees better with the assimilated MODIS NNR (mean difference = 0.06) than with the
independent MISR AOD (mean difference = −0.11) observations. Part of this bias may be explained by the tendency of
MISR AOD to be overestimated over ocean compared with
MODIS and AERONET, as noticed by Kahn et al. (2009,
2010), especially for low AOD below 0.25. If we consider
only data over ocean, the mean difference between MERRAero and MISR AOD becomes −0.18, while it is −0.08
over land.

www.atmos-chem-phys.net/15/5743/2015/
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Table 1. Summary of AOD comparison results with MODIS NNR,
MISR and AERONET (n is the number of points; r is the correlation
coefficient; RMS is the root mean square of the differences; STDV
is the standard deviation of the differences, and BIAS is the mean
difference of the log-transformed AOD).
Saharan dust

MODIS NNR
MISR
AERONET

n

r

STDV

RMS

BIAS

9655
9655
1278

0.97
0.90
0.69

0.13
0.25
0.45

0.15
0.27
0.40

0.06
−0.11
0.20

lantic ocean. However, over land the model tends to have
a higher attenuated backscatter coefficient in the lowest atmospheric layers below 2 km compared with CALIOP. This
high aerosol attenuated backscatter in the lowest layers is
even more pronounced during night.
5.1.3

Figure 4. Comparison of 550 nm MERRAero AOD to MODIS
NNR (top) and MISR (bottom) retrievals over the Saharan dust region for the period JJA 2007. r l and mean diffl are the correlation
coefficient and the mean difference of the log-transformed AOD.

In Fig. 5, we compare MERRAero AOD at 440 nm to
available ground-based measurements from the AERONET
network at several stations located in the Saharan region.
We can see that MERRAero estimates of log-transformed
AOD are well correlated (r = 0.69), but with a positive
bias relative to AERONET-measured AOD (the mean difference is equal to 0.20). (The right panel will be discussed in
Sect. 5.1.4.)
5.1.2

Dust vertical structure

Figure 6 presents the JJA 2007 regional average of CALIOP
532 nm aerosol attenuated backscatter (left) and the corresponding attenuated backscatter sampled from the model
(right) during day (top) and night (bottom). For the sake
of comparison, the molecular scattering component was removed from the CALIOP profiles. MERRAero and CALIOP
exhibit similar vertical structure, with a dust plume that extends up to 6 km for CALIOP and around 5 km for MERRAero over the Saharan region and descends as it travels
west to the Caribbean over a shallow marine aerosol layer
during day and night. According to Colarco et al. (2003), the
general descent of air between Africa and the Caribbean, as
well as particle sedimentation, might explain the descent of
the plume. The MERRAero-derived attenuated backscatter
coefficient is in the same range as CALIOP, with a maximum value in the shallow marine aerosol layer over the Atwww.atmos-chem-phys.net/15/5743/2015/

Dust absorption

Figure 7 (top panel) shows comparisons of MERRAerosimulated AI and that observed by OMI over the Sahara and
the North Atlantic dust region for the period JJA 2007. These
baseline simulations are based on dust optical properties derived from the OPAC database. A KDE was applied to approximate the PDF of observed and modeled AI. The AI simulation has been performed considering all aerosol types, but
the comparison is shown for only aerosols considered as dust
by the model (the fraction of modeled AAOD due to dust
aerosol is greater than 0.7).
The baseline MERRAero AI is well correlated with OMI
AI (r = 0.61). However, there is considerable scatter, with
a STDV of differences equal to 0.70. As seen in Fig. 2, this
scatter is mainly due to the difference in AI behavior over
land and ocean in this region. Over land, MERRAero AI is
generally lower than OMI AI, while it is the opposite over
ocean. The bottom plot of Fig. 7 shows the overestimation of
MERRAero AAOD at 388 nm relative to OMI. We recall that
the AOD assimilation from MODIS places a constraint on
the total aerosol loading but does not constrain other relevant
parameters, such as composition and optical properties of individual species. The PDF of the differences (MERRAero –
OMI, not shown) indicates a bimodal distribution, with a majority of points (86 % of points) at differences lower than 2
(in log space). For this mode, r is 0.53 and the mean difference is equal to 0.58. For the second mode, with differences
greater than 2, the correlation coefficient is 0.51 and the mean
difference is equal to 3.4.
5.1.4

Sensitivity analysis

The results so far have indicated that the baseline MERRAero simulation produces relatively good simulated AI but
an overestimation of MERRAero AAOD relative to OMI. In
Atmos. Chem. Phys., 15, 5743–5760, 2015
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Figure 5. Comparison of MERRAero and AERONET 440 nm AOD (middle) and AAOD (right) using the OPAC dust optics in black and the
observation-based dust optics in green at eight Saharan dust AERONET sites shown on the map (left) for the period June to October 2007.
The one-to-one correspondence is indicated by the black line. r l and mean diffl are the correlation coefficient and the mean difference of the
log-transformed AOD.

Figure 6. On the left, regional 3-month average (JJA 2007) of CALIOP attenuated backscatter coefficient (km−1 sr−1 ) at 532 nm over the
African dust region (60◦ W–20◦ E, 0–30◦ N) during the day (top) and the night (bottom). On the right, MERRAero attenuated backscatter
coefficient sampled on the CALIPSO track for the same period during the day (top) and night (bottom).

this subsection we explore the sensitivity of these results to
the assumptions about dust optical properties. In the baseline simulation reported above, the dust refractive indices are
from the OPAC database; these refractive indices are known
to be highly absorptive (Fig. 7). In contrast, absorption estimates inferred from space-based remote sensing suggest dust
is much less absorbing in the shortwave (Kaufman et al.,
2001; Moulin et al., 2001; Colarco et al., 2002; Balkanski
et al., 2007). As detailed in Colarco et al. (2014), an alternative set of refractive indices is derived from the observationbased database (referred to hereafter as “observation-based”)
constructed from Colarco et al. (2002) in the UV, Kim et al.
(2011) in the visible and Shettle and Fenn (1979) in the infrared domain. This set of refractive indices shows a reduction of absorption compared with OPAC. For example, in Colarco et al. (2014), Table 1 summarizes SSA values at 550 nm
resulting from simulations using several dust optic tables at
Cape Verde, a site strongly influenced by dust aerosols. A
SSA value of 0.88 is found assuming the OPAC database,
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while a value of 0.92 is found with the observation-based
database, both assuming a spheroidal shape distribution.
Adopting the observation-based dust optics results in
a negative bias for AI (not shown), while the AAOD positive bias is reduced (note that the particle shape was kept the
same). Using the observation-based dust optics, we now try
to improve the AI comparison by increasing the imaginary
part of the refractive index at 354 nm (changed from 0.0053
to 0.007) while keeping the refractive index at 388 nm constant (0.005). This modification of the dust optical properties follows the wavelength dependence of absorption in the
near UV for dust aerosol used in the OMI OMAERUV algorithm (Torres et al., 2007) and retrieved from a laboratory
study by Wagner et al. (2012). New comparisons of AI and
AAOD at 388 nm assuming the observation-based optics and
the absorption spectral contrast between 354 and 388 nm are
presented in Fig. 8.
With this wavelength adjustment, the AI comparison improved and is quite similar to the baseline OPAC-based simu-
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Figure 7. Comparison of MERRAero-simulated AI (top) and
AAOD at 388 nm (bottom) to OMI retrievals for the period JJA 2007
over the Saharan dust region. The dust OPAC optics table is used in
MERRAero simulations.

lation, and the MERRAero AAOD bias is much reduced relative to OMI. As noted previously, the PDF of the differences
(MERRAero − OMI AAOD) has a bimodal distribution. For
the mode with differences lower than 2 (88 % of points), r is
now equal to 0.50 and the mean difference is equal to 0.10.
For the second mode, with differences greater than 2, the correlation coefficient is 0.50 and the mean difference is equal
to 3.2.
We now examine the impact of applying a new set of dust
optics on MERRAero-derived AAOD by comparing it with
AERONET retrievals. (Recall that the shortest wavelength
for which AERONET retrieves SSA is 440 nm.) As depicted
in Fig. 5 (right panel) the optical properties derived from
the OPAC-based baseline simulations (in black) are generally more absorptive than the AERONET retrievals. MERRAero AAOD agrees better with AERONET retrievals when
the observation-based dust optics tables (in green) are used.
Figure S1, in the Supplement, shows a comparison of MERRAero SSA against AERONET retrievals at 440 nm. Regardless of the dust optics used in the simulation, MERRAero
SSA values have a much smaller range when compared to
AERONET. This result underlines one of the limitations of
bulk aerosols models such as GOCART: there is only one
type of dust with a single mineralogy, and only external mixtures are possible. In reality, dust of different sources have
www.atmos-chem-phys.net/15/5743/2015/
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Figure 8. Same as Fig. 7 except that the dust observation-based
optics table with the spectral variation of the imaginary part of the
refractive index at 354 nm relative to the refractive index at 388 nm
is used in MERRAero simulations.

different mineralogy with varying amounts of iron oxides
and absorptive properties.
5.1.5

Impact of optical assumptions on dust aerosol
direct radiative effect

We next analyze the effect of the updated dust optics on modeled direct aerosol effect during JJA 2007. Radiative forcing
is calculated as the net flux change with and without aerosols.
Defined this way, a positive TOA forcing indicates the addition of energy to the climate system (i.e., a radiative warming effect), whereas a negative effect indicates a net loss of
energy (i.e., a radiative cooling effect) (e.g., Randles et al.,
2013). TOA forcing is the sum of the atmospheric (ATM)
and surface (SFC) forcing. Table 2 gives the JJA 2007 global
shortwave (SW) clear-sky direct radiative effect (DRE) from
all aerosols for the MERRAero baseline simulation and for
a MERRAero experiment with the observation-based dust
optical properties (denoted as Obs). Also shown is the percent difference between the two experiments. The longwave
clear-sky radiative effect was the same for the two experiments (not shown). There is a 17 % decrease in the magnitude of the TOA SW DRE in the MERRAero-observation
simulation, while there is an increase of 5.6 % in the magnitude of the SFC SW DRE. Using less-absorbing dust optical
Atmos. Chem. Phys., 15, 5743–5760, 2015
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Table 2. Global JJA 2007 clear-sky aerosol direct radiative effect
(W m−2 ) for MERRAero baseline and MERRAero updated with
the observation-based dust optical properties.

MERRAero
MERRAero-Obs

TOA SW

Atmos. SW

Surface SW

−2.91
−3.41 (−17 %)

4.36
3.45 (−21 %)

−7.27
−6.86 (+5.6 %)

properties causes less warming in the atmosphere by about
20 %.
5.2

5.2.1

Biomass burning in southern Africa and
South America
Biomass burning aerosol optical depth

Here we focus our analysis on the two biomass burning
regions in southern Africa and South America. As in the
Saharan dust case, we first compared MERRAero AOD at
550 nm against MODIS NNR and MISR retrievals. As expected, MERRAero AOD at 550 nm agrees well with the
MODIS NNR retrieval, regardless of the region (shown in
Fig. S2). Figure 9 shows comparisons against MISR, similar to Fig. 4 (bottom panel), but for southern Africa (top
panel) and South America (bottom panel). These comparisons show high correlation (r = 0.95 and r = 0.91 for southern Africa and South America, respectively). However, on
average MERRAero AOD is lower than MISR AOD, except
for the lowest AOD over South America (the mean difference are equal to −0.19 for southern Africa and −0.05 for
South America). Such discrepancies can be traced to similar underestimation of the MODIS NNR AOD retrievals that
were assimilated in MERRAero.
Figure 10 presents AOD comparisons at 440 nm at some
AERONET ground-based sites over southern Africa. For this
analysis we have used a longer period from June to October 2007 in order to increase the sample size. Similar
comparisons over South America are presented in the Supplement as Fig. S3. For both regions, MERRAero AOD is
well correlated with the observations (r = 0.78 for southern Africa and r = 0.95 for South America). However, like
the negative bias observed with MISR at 550 nm, the modelderived AOD at 440 nm exhibits a negative bias relative to
AERONET (mean difference = −0.27 and −0.20 for southern Africa and South America, respectively). All statistics are
summarized in Table 3.
5.2.2

Biomass burning aerosol vertical structure

As in the dust case, we have evaluated the MERRAero vertical distribution of aerosols over the biomass burning domain for day and night. Figure 11 shows comparisons between CALIOP and model-derived attenuated backscatter at
532 nm over southern Africa for the period of JJA 2007. The
simulated attenuated backscatter signal of MERRAero is of
Atmos. Chem. Phys., 15, 5743–5760, 2015

Figure 9. Comparison of 550 nm MERRAero AOD to MISR retrievals over the southern African (top) and South American (bottom) biomass burning regions for the period JJA 2007.

the same order of magnitude as the CALIOP estimates, except for marine layer aerosols where the MERRAero smoke
plume appears to extend further offshore. The maximum attenuated backscatter coefficient in the MERRAero smoke
plume is shifted during the daytime, peaking between 5 and
12◦ E, while CALIOP maximum values for smoke aerosols
are between 25 and 30◦ E. During the night, the maximum
attenuated backscatter coefficient for smoke occurs for both
CALIOP and MERRAero over the continent between 15 and
25◦ E. The GEOS-5 smoke plume is displaced to the west
of the continent, descending gradually over the near-surface
marine aerosol layer from 15 to 0◦ E. In contrast, elevated
aerosols are not found in the CALIOP profiles west of 12◦ E.
Several factors may explain these discrepancies. First, the
model dynamics exhibit strong subsidence west of the continent, contributing to downward transport of the smoke in this
region, which increases the likelihood of subsequent removal
by precipitation in the marine cloud deck. Second, much like
operational MODIS aerosol retrievals, the MODIS NNR retrievals have separate land and ocean algorithms, each using different channels and predictors. An analysis of the 3month-averaged AOD analysis increments over this region
indicates that the assimilation tends to add more aerosol mass
in the model over ocean than over land (not shown). Finally, the discontinuity observed in the CALIOP profiles between land and ocean could be due to the presence of lowlevel clouds over the Atlantic Ocean off southwestern Africa,
www.atmos-chem-phys.net/15/5743/2015/
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Figure 10. Same as Fig. 5 but for the southern African region.

Figure 11. Same as Fig. 6 but for the southern African region (10◦ W–30◦ E, 0–30◦ S) during JJA 2007.

which have caused a removal of some of CALIOP profiles
during the screening process when the CALIOP data are
averaged at 1◦ × 1◦ horizontal resolution along-track. Over
South America, the presence of clouds in the data profile
can be difficult to screen out, making the comparisons harder
to make in terms of magnitude of the attenuated backscatter
coefficient. However, MERRAero vertical distribution compares well with the observations there (not shown).
5.2.3

Biomass burning aerosol absorption

Figure 12 shows comparisons of MERRAero and OMI AI
and AAOD over the southern African region. A similar comparison for the South American region appears in the Supplement (Fig. S4). While all measurements were included
in the simulation, for the comparison here we select only
those measurements for which OC and BC are the predominant aerosols. This condition is met when the fraction of
MERRAero AAOD from OC and BC is greater than 0.7.
The low values of r indicate a weak correlation between the
modeled and measured AI (r = 0.09 and −0.02 for southern
Africa and South America, respectively). The lack of aerosol
microphysics and overly simplified aging processes for carbonaceous species in GOCART may account for MERRAero
www.atmos-chem-phys.net/15/5743/2015/

not capturing the true variability in SSA (e.g., Figs. S5 and
S6). Besides the larger scatter, the MERRAero estimates of
AI are lower than the observations regardless of the region.
One of the reasons for this AI underestimation is the MERRAero AOD low bias relative to MISR and AERONET, seen
in Sect. 5.2.1.
The bottom plot in Fig. 12 shows the AAOD comparison
with OMI at 388 nm. The OMI AAOD used in these comparisons comes from a research version of the OMAERUV retrieval algorithm which has improved OMI retrievals of AOD
and SSA, particularly for smoke aerosol (more details on the
product can be found in Torres et al., 2013). While the MERRAero AAOD is underestimated over southern Africa, it is
generally overestimated over South America (Fig. S4). The
fact that MERRAero specifies the same optical properties of
OC and BC over Africa and South America may not capture
the diversity of smoke in these regions and, in turn, account
for this discrepancy.
Figure 10 (right panel) shows MERRAero AAOD against
AERONET retrievals at 440 nm over few stations in southern Africa. This comparison confirms the same negative bias
reported previously with OMI AAOD over a larger region
(Fig. 12). A similar comparison over South America is shown
on Fig. S3 (right panel). We find a positive bias for high val-
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Table 3. Same as Table 1 but for the southern African and South American regions.
Southern Africa

MODIS NNR
MISR
AERONET

South America

n

r

STDV

RMS

BIAS

n

r

STDV

RMS

BIAS

161 096
161 096
681

0.98
0.95
0.78

0.09
0.16
0.41

0.10
0.25
0.50

0.05
−0.19
−0.27

100 000
100 000
981

0.96
0.91
0.95

0.22
0.34
0.32

0.22
0.34
0.37

0.001
−0.05
−0.20

Figure 13. Comparison of AI for JJA 2007 over the southern
African region after decreasing the SSA at 354 nm for the organic
component of biomass burning by 5 %.

Figure 12. Comparison of MERRAero-simulated AI (top) and
AAOD at 388 nm (bottom) to OMI retrievals for the period JJA 2007
over the southern African region.

ues of AAOD and a negative bias for low AAOD values,
which is, again, consistent with the OMI AAOD comparison
(Fig. S4).
5.2.4

Sensitivity analysis

We now examine the effect of the absorption spectral
dependence on the AI simulations. Generally speaking,
wavelength-dependent aerosol absorption leads to increased
AI (de Graaf et al., 2005; Jethva and Torres, 2011). Several
studies (Kirchstetter et al., 2004; Bergstrom et al., 2007; Russell et al., 2010) show that the absorption for OC in biomass
burning aerosols varies with wavelength in the UV and visible. In a way similar to the well-known Ångström exponent,
the absorption Ångström exponent (AAE) is used to describe
the spectral dependence of the AAOD. For BC, absorption is
spectrally flat and AAE is estimated to be equal to 1.0 (Bond,
Atmos. Chem. Phys., 15, 5743–5760, 2015

2001), while AAE is larger than 1.0 for OC aerosols in the
UV regions. In the MERRAero baseline simulations, the absorption for biomass burning aerosols is spectrally flat, with
an AAE close to 1 in the 350–400 nm range.
For biomass burning aerosols, Jethva and Torres (2011)
found that OMI-retrieved AOD compares better with
AERONET observations when AAE varies between 2.5 and
3.0. Following this study, we performed two sensitivity analyses where we increased the spectral contrast in the absorption of our OC component of biomass burning. We did this by
decreasing the SSA at 354 nm by 2 and 5 % while holding the
SSA at 388 nm constant, yielding an AAE between 2.5 and
4.0. All the statistics resulting from this analysis are summarized in Table 4. Unlike the original comparison, the new
comparison after decreasing the SSA by 5 % only for OC
at 354 nm shows significantly improved agreement between
modeled and observed AI over southern Africa (Fig. 13). The
correlation coefficient increased from 0.09 to 0.65, and the
absolute value of the mean difference decreased from −0.55
to 0.08. For the South American region, there is an improvement that is much less pronounced than over southern Africa
(not shown).

www.atmos-chem-phys.net/15/5743/2015/
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Table 4. Summary of AI comparison between MERRAero and OMI for the period JJA 2007 after a decrease of 2 and 5 % of the SSA at
354 nm for OC only. The SSA at 388 nm stays constant.
Southern Africa
( n = 580 691 pts)
r

STDV

RMS

0.09
0.54
0.65

0.55
0.44
0.48

0.78
0.53
0.49

Baseline simulation
SSA (OC354 nm ) & 2 %
SSA (OC354 nm ) & 5 %

5.3
5.3.1

STDV

RMS

BIAS

−0.55
−0.30
0.08

−0.02
0.16
0.21

0.57
0.55
0.63

0.58
0.55
0.67

−0.09
0.03
0.23

Anthropogenic aerosols in Asia
Asian aerosol optical depth

Figure 14 shows the model AOD at 550 nm vs. MISR over
the Asian region for AMJ 2007. The comparison against
MODIS NNR is shown on Fig. S7. Agreements are good,
with both MODIS NNR and MISR with high correlation coefficient (r = 0.92 and 0.80) and very low bias (mean difference = −0.018 and 0.015 relative to MODIS and MISR,
respectively). The comparison against AERONET retrievals
at 440 nm is presented in Fig. 15. MERRAero AOD is
well correlated with AERONET AOD (r = 0.87), but the
model underestimates the retrievals except for a few measurements characterized by a very low AOD (mean difference = −0.16). All statistics are summarized in Table 5. This
negative bias may be a consequence of emission deficiency in
the model over the Asian region that cannot be overcome by
AOD assimilation in an often-cloudy region. Furthermore,
AERONET comparisons are performed for all times with
a value measurement, regardless of satellite overpass times.
The model was run with SO2 anthropogenic emission from
the EDGAR version 4.1 data set available for the year 2005,
which is likely too low for the year 2007. Additionally, the nitrate particle formation is not considered in GEOS-5. Asian
anthropogenic emissions continue to increase (Zang et al.,
2009; Smith et al., 2011; Kiurokawa et al., 2013), with the
most significant growth for nitrogen oxide (NOx ) emissions.
China and India are the two most important contributors to
Asian emissions (Zang et al., 2009; Kiurokawa et al., 2013),
and the uncertainties in SO2 emissions over China are large
(Smith et al., 2011). SO2 emissions significantly increased
between 2001 and 2006 (Zang et al., 2009; Lamsal et al.,
2011) and decreased from 2006 to 2010 from implementation of flue gas desulfurization in power plants (Lamsal et al.,
2011; Kiurokawa et al., 2013). NOx emissions in China and
more generally over eastern Asia have significantly increased
from 2000 to 2008 (Zang et al., 2009; Lamsal et al., 2011;
Kiurokawa et al., 2013).
5.3.2

BIAS

South America
(n = 444 758 pts)
r

Asian aerosol vertical structure

Figure 16 shows the MERRAero attenuated backscatter coefficient compared with the CALIOP product averaged over the
www.atmos-chem-phys.net/15/5743/2015/

Figure 14. Same as Fig. 9 but for the Asian region during
AMJ 2007.
Table 5. Same as Table 1 for the Asian region.
Asia

MODIS NNR
MISR
AERONET

n

r

STDV

RMS

BIAS

68 841
68 841
986

0.92
0.80
0.87

0.28
0.35
0.42

0.28
0.35
0.44

−0.018
0.015
−0.16

Asian region during the months AMJ 2007. We find that the
vertical distribution is well represented in the model. Globally over the region, MERRAero produces the observed magnitude of the attenuated backscatter coefficient. However, as
seen in the biomass burning region in southern Africa, the
model tends to have more attenuated backscatter than the observation in the lowest layers of the atmosphere.
5.3.3

Asian aerosol absorption

Figure 17 (top panel) shows the comparisons of AI simulated by the model and observed by OMI over the Asian
region during the AMJ 2007. Only measurements with predominantly carbonaceous and sulfate aerosols are selected
(the fraction of MERRAero AAOD from OC, BC and sulfate is greater than 0.7). We see that, contrary to the analysis performed over the biomass burning regions, MERRAero
AI has a positive bias relative to OMI. On the bottom plot,
MERRAero AAOD at 388 nm is overestimated compared
Atmos. Chem. Phys., 15, 5743–5760, 2015
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Figure 15. Same as Fig. 5 but for the Asian region.

with the OMI retrieval (research product). If we look at the
comparisons with AERONET retrievals at 440 nm (Fig. 15,
right panel), we can see that the AAOD comparison looks
better than the SSA comparison (Fig. S8). Compared with
AERONET, MERRAero SSA tends to exhibit a low bias, except for the site of Ghandi College (India).
5.3.4

Sensitivity analysis

When examining model emissions over the region, one sees
that the month of April is dominated by biomass burning
emissions while May and June are dominated by anthropogenic emissions. In order to shed some light on the MERRAero AI positive bias relative to OMI, we perform here
a qualitative sensitivity analysis. We focus on only 1 month
(May), when the mean difference between MERRAero and
OMI AI is equal to 0.31 and r is equal to 0.50. As discussed previously, SO2 anthropogenic emissions over Asia
are highly uncertain and the 2005 data set used in MERRAero may be too low for 2007. The assimilation of AOD
constrains the total aerosol loading, and the error covariance
specification is such that the analysis increments for each
aerosol species are modulated by its mass fraction relative
to other species. Therefore, if an aerosol species is too low
compared with the other species, the assimilation algorithm
will not be able to properly adjust its mass.
In order to assess the impact of adjusting the aerosol speciation in our background field (a 3 h aerosol forecast), we have
performed an experiment where we double the SO2 anthropogenic emissions in MERRAero, effectively decreasing the
ratio of carbonaceous / sulfate aerosols. This resulted in a decrease of the bias between modeled and observed AI. Besides
SO2 , the other anthropogenic components in GEOS-5 are OC
and BC, the latter of which is the main known absorbing
aerosol component. We considered two cases: one where all
carbonaceous aerosols are BC and another where all are OC.
With all carbonaceous aerosols being BC, the MERRAero AI
is dramatically overestimated, while with all carbonaceous
aerosols being OC, the modeled-AI is dramatically underestimated (not shown). This prescribed ratio of OC / BC emissions in MERRAero is constant over the year, while studies
Atmos. Chem. Phys., 15, 5743–5760, 2015

suggested that the mass of OC relative to BC should vary
with the seasons (Arola et al., 2011; Lin et al., 2009) (note
that these studies are performed over few local sites in Asia).
In a final sensitivity experiment, we have increased OC and
decreased BC emissions, resulting in a decrease of the bias
between MERRAero and OMI AI. These sensitivity analyses
underscore the need for reliable emission estimates, as well
as for new instruments with sufficient information content to
constrain speciation and aerosol absorptive properties.

6

Conclusions

MERRAero assimilates MODIS aerosol measurements, producing a time series of 3-D aerosol gridded fields for the
Aqua period (mid-2002 to present). While the assimilated
MODIS AOD does not constrain aerosol speciation, absorption properties or its vertical structure, the data assimilation
system is capable of producing diagnostics of these unobserved quantities. This paper uses independent observations
to validate these aerosol diagnostics, and in the process we
fine-tune the aerosol optical properties assumed in the model.
By developing an interface between MERRAero aerosol
fields and the radiative transfer code VLIDORT, we are
able to simulate UV AI at OMI observation locations under
clear-sky conditions. Baseline monthly mean comparisons
showed that MERRAero-simulated AI was reasonable compared with OMI AI, with better agreement over the Saharan
dust region than over the biomass burning region in southern
Africa. However, MERRAero-derived AAOD was overestimated compared to OMI retrievals at 388 nm. To shed some
light on the reasons for this discrepancy, we have diagnosed
factors determining AI: aerosol concentration, optical properties and aerosol layer height. We have stratified our analysis
by regions characterized by different types of aerosols.
The evaluation of the AOD analysis over the Saharan dust
region indicates good agreement with retrievals from MISR
and a small positive bias relative to AERONET measurements. The GEOS-5 dust plume height has a reasonable
vertical structure compared with CALIOP. Comparisons of
AAOD at 388 nm against OMI were improved using the
www.atmos-chem-phys.net/15/5743/2015/
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Figure 16. Same as Fig. 6 but for the Asian region (70◦ E–130◦ E, 10–40◦ N) during AMJ 2007.

Figure 17. Same as Fig. 12 but for the Asian region during
AMJ 2007.

observation-based dust optical properties of Colarco et al.
(2014). This improvement was confirmed by comparison
with AERONET AAOD retrievals. However, bringing MERRAero AI in agreement with OMI AI values required the introduction of an additional differential absorption between
354 and 388 nm.
Over biomass burning regions, MERRAero AOD are underestimated against MISR and AERONET data. In southern Africa, the vertical structure of the MERRAero aerosol
plume looks reasonable over land but appears to extend furwww.atmos-chem-phys.net/15/5743/2015/

ther over ocean compared with CALIOP data. MERRAero
AAOD was underestimated in southern Africa and overestimated in South America; similar conclusions were confirmed by AERONET data. The large scatter noticed in
SSA compared with AERONET emphasizes the difficulty
simulating absorption optical properties from a bulk model
like GOCART, where individual species (like BC and OC)
have a fixed set of optical properties and where important
aerosol microphysical processes are not taken into account.
As a sensitivity analysis we have shown that introducing
a wavelength-dependent aerosol absorption for OC can improve comparisons with OMI AI for smoke aerosols.
Over the Asian region, AOD comparisons show reasonable agreement with MISR AOD, with a slight underestimation compared to AERONET measurements. Sensitivity
analysis reveals that adjusting anthropogenic emissions improves AI comparisons with OMI. The large scatter in SSA
is consistent with a lack of microphysical processes in the
model. Considering sub-speciation of dust and smoke particles may provide a pathway to improve scattering properties
such as SSA. Over Asia, the uncertainties in anthropogenic
emissions is another factor leading to uncertainties in speciation and therefore in absorption properties.
As a step towards improving the representation of aerosol
microphysics in GEOS-5, the GMAO is currently implementing the Modal Aerosol Module of Liu et al. (2012), coupled to the 2-moment cloud microphysical scheme described
in Barahona et al. (2014). These improved model parameterizations will be complemented by an ensemble Kalman filter aerosol data assimilation system aimed at extracting speciation and size information content available within multispectral UV–visible reflectances.

The Supplement related to this article is available online
at doi:10.5194/acp-15-5743-2015-supplement.
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