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Abstract Total 550 nm aerosol optical depth, surface fine particulate matter (PM2.5), and meteorological
observations were assimilated with continuously cycling three-dimensional variational (3DVAR), ensemble
square root Kalman filter (EnSRF), and hybrid variational-ensemble data assimilation systems. The hybrid
system’s background error covariances (BECs) were a blend of those in 3DVAR and produced by the cycling
EnSRF system, and the 3DVAR, EnSRF, and hybrid systems differed almost exclusively by their BECs. New
analyses were produced every 6 h between 0000 UTC 1 June and 1800 UTC 14 July 2010 over a domain
encompassing the contiguous United States (CONUS) and adjacent areas. Additionally, a control experiment
that only assimilated meteorological observations was performed. Each 1800 UTC analysis initialized a 48 h
Weather Research and Forecasting with Chemistry model forecast. These forecasts were evaluated with
a focus on air quality prediction. The ensemble aerosol spread was generally insufficient, particularly
over the western CONUS. However, despite the suboptimal ensemble spread, the hybrid system performed
quite well and usually produced the best aerosol forecasts. Additionally, both the 3DVAR- and EnSRF-initialized
forecasts typically outperformed the control. These results are encouraging and suggest the resiliency of the
hybrid method. Improved aerosol ensembles should translate into even better future hybrid forecasts.

1. Introduction

Efforts at aerosol data assimilation (DA) have proliferated since 2000 as aerosol and chemical transport
models have improved and more aerosol observations have become available. Most studies have used
optimal interpolation (OI) [Lorenc, 1981] or variational [Lorenc, 1986; Parrish and Derber, 1992; Rabier et al.,
1998] DA algorithms to assimilate aerosol observations from both spaceborne [e.g., Collins et al., 2001;
Yu et al., 2003; Generoso et al., 2007; Adhikary et al., 2008; Zhang et al., 2008; Schroedter-Homscheidt et al., 2010;
Benedetti et al., 2009; Liu et al., 2011; Saide et al., 2013] and surface-based observing platforms [e.g., Kahnert, 2008;
Tombette et al., 2009; Pagowski et al., 2010; Schwartz et al., 2012a; Jiang et al., 2013; Li et al., 2013; Lee
et al., 2013] to improve aerosol initial conditions (ICs). All these studies found that using OI and
variational methods to assimilate aerosol observations led to aerosol forecast improvements.

Despite these achievements, three-dimensional variational (3DVAR) [Barker et al., 2004] and OI DA techniques
are limited as they typically employ time-invariant, isotropic background error covariances (BECs) often
based on model climatologies [e.g., Parrish and Derber, 1992]. Although tangent linear and adjoint models in
four-dimensional variational (4DVAR) [e.g., Huang et al., 2009] DA allow implicit evolution of the BECs, the
use of fixed BECs at the start of each 4DVAR DA cycle represents a major limitation. Thus, variational DA
methods may perform suboptimally when the flow (and resulting forecast error) deviates from the
climatological patterns contained in the static BECs.

Conversely, ensemble-based DA algorithms, such as the ensemble Kalman filter (EnKF) [Evensen, 1994;
Burgers et al., 1998; Houtekamer and Mitchell, 1998], utilize short-term ensemble forecasts to calculate
multivariate flow-dependent BECs that represent “errors of the day.” Many studies have shown that
EnKF-initialized forecasts are comparable to or better than 3DVAR-initialized forecasts for meteorological
applications [e.g., Meng and Zhang, 2008a, 2008b; Whitaker et al., 2008; Torn and Hakim, 2009; Torn,
2010; Hamill et al., 2011a, 2011b; Zhang et al., 2009a, 2013; Zhang et al., 2011; Schwartz and Liu, 2014], and the
EnKF improvement compared to 3DVAR is often attributed to the time-evolving EnKF BECs. However, EnKFs
have only been used occasionally to produce ICs for aerosol forecasts, but the efforts have been successful.
For example, Sekiyama et al. [2010, 2011] used an EnKF to assimilate backscattering coefficients and
depolarization ratios from the Cloud-Aerosol Lidar with Orthogonal Polarization sensor onboard the
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Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) satellite [Winker et al., 2009].
Additionally, surface measurements of total column aerosol optical depth (AOD) provided by the Aerosol
Robotic Network (AERONET) [Holben et al., 1998] were assimilated with a global EnKF [Schutgens et al.,
2010a, 2010b]. Moreover, Lin et al. [2008] assimilated PM10 (particulate matter with diameter <10 μm) over
China with an EnKF, and Pagowski and Grell [2012, hereafter PG12] assimilated PM2.5 (particulate matter
with diameter<2.5 μm) over the United States (U.S.) with a version of the EnKF called the ensemble square
root Kalman filter (EnSRF) [Whitaker and Hamill, 2002]. Of these studies, only PG12 directly compared the
utility of 3DVAR and EnKF techniques for aerosol DA. They found that 6 h EnSRF-initialized aerosol forecasts
were better than those initialized from 3DVAR analyses but noted considerable challenges of maintaining
ensemble spread.

Time-evolving forecast errors can also be incorporated into DA systems using non-EnKF techniques. Recently,
a hybrid variational-ensemble DA approach [e.g., Hamill and Snyder, 2000; Lorenc, 2003; Buehner, 2005;Wang
et al., 2008a; Zhang et al., 2009b; Wang, 2010; Clayton et al., 2012] has become popular for meteorological
DA. In hybrid algorithms, flow-dependent, ensemble-derived BECs are incorporated within a variational
framework. Additionally, tunable parameters determine howmuch the total BECs are weighted toward static
(i.e., 3DVAR) and flow-dependent (i.e., ensemble) contributions.

Efforts with hybrid DA for meteorological applications have been encouraging, and forecasts
initialized with hybrid techniques are typically comparable to or better than forecasts initialized with
variational methods without contributions from ensemble BECs [Buehner, 2005; Wang et al., 2008b,
2013; Buehner et al., 2010; Hamill et al., 2011b; Wang, 2011; Zhang and Zhang, 2012; Schwartz et al.,
2013; Zhang et al., 2013; Schwartz and Liu, 2014]. In fact, beginning May 2012, the U.S. Global Forecast
System (GFS) model has been initialized with a hybrid 3DVAR system [Wang et al., 2013] and the
United Kingdom Meteorological Office uses a 4DVAR-based hybrid to initialize their global model
[Clayton et al., 2012].

Given the success of hybrid DA approaches for meteorological applications and successful results using
EnKFs for aerosol DA, we hypothesize that aerosol forecasts can also benefit from a hybrid approach.
Thus, this paper discusses the results from a hybrid aerosol DA system implemented within the
framework developed by Liu et al. [2011, hereafter LIU11] and Schwartz et al. [2012a, hereafter S12],
who implemented AOD and PM2.5 DA within the National Centers for Environmental Prediction (NCEP)
Gridpoint Statistical Interpolation (GSI) 3DVAR DA system [Wu et al., 2002; Kleist et al., 2009] coupled to
the Goddard Chemistry Aerosol Radiation and Transport (GOCART) aerosol scheme [Chin et al., 2000,
2002; Ginoux et al., 2001] within the Weather Research and Forecasting with Chemistry (WRF-Chem)
model [Grell et al., 2005]. The newly developed hybrid system simultaneously assimilated
meteorological observations, column total 550 nm Moderate Resolution Imaging Spectroradiometer
(MODIS) [Remer et al., 2005] AOD retrievals, and surface PM2.5 observations from the U.S. Environmental
Protection Agency (EPA) AIRNow network (http://airnow.gov) in a ~1.5month continuously cycling
configuration over a domain spanning the contiguous U.S. (CONUS). The 1800 UTC analyses initialized
48 h WRF-Chem forecasts. Moreover, the hybrid-initialized forecasts were compared to those initialized
from parallel cycling EnSRF and 3DVAR aerosol DA systems. The primary difference between the
3DVAR, EnSRF, and hybrid systems was their BEC specification. Forecasts initialized by the 3DVAR,
hybrid, and EnSRF configurations were compared to a control experiment that did not assimilate
aerosol observations.

The next section describes the modeling and DA systems, while section 3 details the assimilated
observations. The emissions, experimental design, and results are presented in sections 4, 5, and 6,
respectively. A brief discussion regarding meteorological impact on the aerosol forecasts is provided in
section 7 before concluding in section 8.

2. Model Configurations and Data Assimilation Systems

The WRF-Chem settings were very similar to those of S12, who assimilated AOD and surface PM2.5

observations over an identical domain and time period with solely 3DVAR DA. Thus, only a brief summary of
the WRF-Chem configurations follows before a description of the various DA systems and settings used in
this work.
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2.1. WRF-Chem Model Configurations

Version 3.3.1 of the WRF-Chem model
[Grell et al., 2005] was used to predict aerosol
transport. In WRF-Chem, the chemical and
meteorological components are fully
coupled, and aerosol direct and indirect
effects through interaction with radiation,
photolysis, and microphysical processes are
allowed for certain combinations of aerosol
and physical options.

As in S12, the GOCART was employed as
the aerosol option within WRF-Chem, and
gaseous chemical transport was not
simulated. When the GOCART is chosen as
the aerosol module within WRF-Chem,
forecasts of 3-D mass mixing ratios of 14
defined aerosol species plus a 15th variable
representing unspeciated aerosol
contributions to PM2.5 are produced (Table 1).

Many processes regarding the aerosol variables’ evolution are represented, including emission, advection,
convection, diffusion, dry deposition, and wet deposition, as well as chemical reactions using prescribed OH,
H2O2, and NO3 fields for SO2 and dimethyl sulfide oxidations [Chin et al., 2002].

This study focuses on aerosol analyses and WRF-Chem forecasts over a CONUS-spanning domain (Figure 1)
with 20 km horizontal grid spacing. There were 41 vertical levels, and the model top was 50 hPa. The physical
parameterizations [see Skamarock et al., 2008, and references therein] employed in WRF-Chemwere identical
to those of S12 and are listed in Table 2.

Table 1. Descriptions and Abbreviations of the 15 GOCART
Aerosol Variables Considered in This Study

Description
Abbreviation Used in

Figures 9 and 10

Sulfate Sulfate
Hydrophobic organic carbon OC1
Hydrophilic organic carbon OC2
Hydrophobic black carbon BC1
Hydrophilic black carbon BC2
Sea salt with effective radius 0.3μm
for dry air

SeaSalt1

Sea salt with effective radius 1.0μm
for dry air

SeaSalt2

Sea salt with effective radius 3.25μm
for dry air

SeaSalt3

Sea salt with effective radius 7.0μm
for dry air

SeaSalt4

Dust with effective radius 0.5μm Dust1
Dust with effective radius 1.4μm Dust2
Dust with effective radius 2.4μm Dust3
Dust with effective radius 4.5μm Dust4
Dust with effective radius 8.0μm Dust5
Unspeciated contributions to PM2.5 P25

Figure 1. Computational domain overlaid with model topography (m). Small open circles depict locations of AIRNow sites
used for PM2.5 assimilation and verification. Numbers denote AERONET sites used for verification in Figure 18. Sites 6 and 24
were clustered around Los Angeles, California, and sites 8, 11, 16, 21, and 26 were all near Baltimore, Maryland.
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2.2. DA Systems

NCEP’s GSI hybrid DA system was
expanded to assimilate aerosol
observations. The forward operators to
produce model-simulated observations
were housed within GSI. AOD and PM2.5

forward operators were identical to
those described by LIU11 and S12 and
are not discussed here. As the hybrid
formulation is an extension of the

3DVAR cost function, we briefly describe the 3DVAR aerosol DA system and settings before detailing
the hybrid.
2.2.1. 3DVAR DA System
The GSI 3DVAR algorithm is explained byWu et al. [2002], and its expansion for aerosol DA using the GOCART
aerosol module is described by LIU11. Generally, a 3DVAR system calculates a best fit “analysis” considering
observations at irregularly spaced points and a gridded background (or “first guess”) field, typically taken
from a short-term model forecast. Associated with the background and observations are their error
characteristics. Given the background, observations, and errors, the analysis vector (x) can be determined by
minimizing a scalar cost function J(x) given by

J xð Þ ¼ 1
2

x � xbð ÞTB�1 x � xbð Þ þ 1
2
y � H xð Þ½ �TR�1 y � H xð Þ½ �; (1)

where xb denotes the background vector, y is the vector of observations, and B and R represent the
background and observation error covariance matrices, respectively. H is the potentially nonlinear
“observation operator” that interpolates model grid point values to observation locations and transforms
model-predicted variables to observed quantities. By defining the analysis increment vector δx= x� xb and
linearizing H(x) about xb, equation (1) can be written in incremental form [Courtier et al., 1994], given by

J δxð Þ ¼ 1
2

δxð ÞTB�1 δxð Þ þ 1
2
d � Hδx½ �TR�1 d � Hδx½ �; (2)

where d= y�H(xb) is the innovation vector, and H is the linearized version of H.

Both the background and analysis vectors are composed of “analysis variables” (or “control variables”) that are
updated during DA. In this study, one 2-D and nineteen 3-D analysis variables were employed (20 total).
Specifically, the control variables were unbalanced surface pressure (the 2-D field); 3-D stream function, pseudo
relative humidity, and unbalanced velocity potential and virtual temperature; and 3-Dmass mixing ratios of the
15 WRF-Chem/GOCART aerosol variables. This choice differs from that of LIU11 and S12, who only included the
15 GOCART variables in the control vector since they did not assimilate meteorological observations. As in
LIU11 and S12, no assumptions weremade regarding the contribution of each aerosol species’mass to the total
aerosol mass unlike many previous studies [e.g., Zhang et al., 2008; Benedetti et al., 2009; Pagowski et al., 2010;
Lee et al., 2013] that employed total AOD or total aerosol mass as control variables (see LIU11 for a discussion).
This approach permitted individual species’ concentrations to be adjusted independently.

The static BECs (B) were computed via the “National Meteorological Center (NMC) method” [Parrish and
Derber, 1992] by taking the differences of 24 and 12 h WRF-Chem forecasts valid at the same time for 57 pairs
valid at either 0000 or 1200 UTC over July 2008. Cross-correlations between different aerosol species or
between aerosol and meteorological variables were not considered in B, although some multivariate
correlations between the 5 meteorological control variables were parameterized (see Wu et al. [2002] and
Purser et al. [2003a, 2003b] for more details about B�matrix meteorological cross-correlations).

The hybrid formulation is an extension of this 3DVAR system and is described in the next section.
2.2.2. Hybrid DA System
In the GSI hybrid, BECs from an N-member ensemble are incorporated into the 3DVAR cost function.
Theoretically, this ensemble can come from any source. While the GSI hybrid component is well developed
for meteorological DA [Wang, 2010;Wang et al., 2013], to assimilate aerosols, the GSI code required extension
to ingest an ensemble of the 3-D GOCART aerosol fields.

Table 2. WRF-Chem Physical Parameterizations Used in This Studya

Physical Parameterization WRF-Chem Option

Microphysics WRF single moment five-class
microphysics

Planetary boundary layer Yonsei University
Shortwave radiation Goddard
Longwave radiation Rapid Radiative Transfer Model
Land surface model NOAH
Cumulus parameterization Grell-3D

aSee Skamarock et al. [2008] for references.
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To introduce ensemble-derived BECs into the 3DVAR cost function, the analysis increment (δx) is partitioned
into a weighted linear combination of the ensemble and static contributions. Specifically, δx is written as

δx ¼ x1 þ 1ffiffiffiffiffiffiffiffiffiffiffiffiffi
N � 1

p
XN
i¼1

ai º xib; (3)

where x1 is the increment associated with the static BECs (i.e., 3DVAR) and the second term on the right-hand
side of equation (3) is the increment associated with the ensemble BECs. The vector xi

b is the perturbation of
the ith prior (before assimilation) ensemble member about the prior ensemble mean, vector ai is the ith
member’s “extended” control variable [Lorenc, 2003] that determines weighting for xi

b, and the symbol º
denotes a Schur product (element by element multiplication). The corresponding cost function that is
minimized with respect to x1 and a to obtain the increment is

J x1; að Þ ¼ β1
1
2

x1ð ÞTB�1 x1ð Þ

þ β2
1
2

að ÞTA�1a ;

þ 1
2
d� Hδxð ÞTR�1 d�Hδxð Þ

(4)

where δx is given by equation (3), and A is a block diagonal matrix that controls the spatial correlation of a,
effectively performing localization of the ensemble BECs. As discussed by Wang [2010], the vector a in
equation (4) is a concatenation of each ai, i.e.,

a ¼

a1
a2
a3
⋮

aN

2
6666664

3
7777775
; (5)

and the terms β1 and β2 determine how much weight is given to the ensemble and static BECs and are
constrained such that

1
β1

þ 1
β2

¼ 1: (6)

In our hybrid aerosol DA system, the vectors a, x1, and xi
b contained the same 20 control variables as in

3DVAR. Strictly, each x1, xi
b and ai is a column vector of dimension nx ny [nz (V� 1 ) + 1], where nx, ny, and nz

are the number of analysis grid points in the x, y, and z directions, respectively, and V is the number of control
variables (V= 20). However, in practice, within GSI, each ai is effectively reduced to an nx*ny*nz column vector
representing a single 3-D field, and the same ai values are used for each of the 20 control variables.

While reducing the number of extended control variables is computationally efficient, this approach
introduces cross-correlations between all control variables, including multivariate correlations between
meteorological and aerosol control variables. It is unclear whether these meteorological-aerosol correlations
are meaningful, but the use of static BECs in the hybrid may limit the impact of these multivariate correlations.
Future work might explore whether it is beneficial to construct two sets of extended control variables,
where one set uses the same ai for all meteorological analysis variables, and the second set uses a
different, but common, value of ai for each aerosol control variable. This approach could then disable
meteorological-aerosol cross-correlations while still enabling correlations between aerosol species and
between meteorological variables.

The hybrid BECs were weighted 50% toward the ensemble contribution and 50% toward the static (i.e., 3DVAR)
component. The hybrid static BECs were identical to the ones used for 3DVAR (see section 2.2.1). We also
weighted the BECs 75/25% toward the ensemble/static contribution and achieved similar results.Wang [2011],
Zhang et al. [2013], and Wang et al. [2013] also noticed limited sensitivity to the BEC weightings in their
hybrid studies for meteorological applications.
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Finally, to reduce spurious correlations due to sampling error, localization forced the ensemble contribution
to the analysis increments to zero ~1280 km from an observation in the horizontal and one scale-height in
the vertical, similar to that of PG12.
2.2.3. EnSRF DA System
The hybrid uses an ensemble of short-term forecasts to incorporate flow-dependent BECs in the variational
cost function, and it is necessary to update the ensemble when new observations are available. Here, the
EnSRF [Whitaker and Hamill, 2002] was used to update a 50-member WRF-Chem-based ensemble. The EnSRF
aerosol control variables were identical to those in the 3DVAR and hybrid systems, and the meteorological
control variables (zonal and meridional wind components, temperature, pseudo relative humidity, and
surface pressure) corresponded to those in the 3DVAR and hybrid. Posterior (after assimilation) multiplicative
inflation following Whitaker and Hamill [2012] was used to attempt to maintain ensemble spread,

xi a ← xi a α
σb � σa

σa
þ 1

� �
: (7)

In equation (7), xi
a is the ith member’s perturbation about the mean posterior analysis in control variable space,

α is the inflation factor, and σb and σa are the prior and posterior standard deviations at each model grid
point, respectively.

PG12 used this same EnSRF and inflation formula. They used α=1.2 for both aerosol and meteorological
analysis variables. Here, based on Schwartz and Liu [2014, hereafter SL14], α= 1.12 was used for the 5
meteorological control variables while α=1.2 was chosen for the 15 aerosol analysis variables. Additive or
prior inflation was not employed.

In the EnSRF, aerosol observations were not allowed to impact meteorological control variables, and
meteorological observations were not allowed to alter aerosol control variables. Similarly, cross-correlations
were not permitted between meteorological and aerosol analysis variables. However, multivariate
correlations between the 5 meteorological control variables were allowed as were cross-correlations
between the 15 aerosol variables. The disallowance of cross-correlations betweenmeteorological and aerosol
control variables in the EnSRF differs from the hybrid, but further experimentation indicated that this
inconsistency had no impact on the results (section 7).

Identical localization length scales as in the hybrid were also used in the EnSRF. However, the mechanisms by
which vertical localization were implemented fundamentally differed between the EnSRF and hybrid systems.
The EnSRF used “observation space” localization, while the GSI hybrid used “model space” localization [e.g.,
Campbell et al., 2010]. Model space localization does not require that each observation have a precise vertical
location, but observation space localization requires the assignment of a vertical location for each
observation. Obtaining a vertical location was not straightforward for AOD observations, which are column-
integrated quantities. Thus, for the EnSRF, we computed the model-simulated aerosol transmittance for each
AOD observation and assigned the vertical location as the pressure at which the transmittance was
maximized. This approach followed the widely used method for assimilating satellite radiances—also
column-integrated values—with EnKFs [e.g., Houtekamer et al., 2005; Hamill et al., 2011a, 2011b; Schwartz
et al., 2012b; Liu et al., 2012]. The application of this procedure usually produced AOD “locations” within
the boundary layer, which seemed reasonable. Exploring different methods of and forecast sensitivity to
AOD localization in EnKFs is an interesting topic that warrants further work but is beyond the scope of
this paper.

3. Observations

Both meteorological and aerosol observations were assimilated simultaneously by the 3DVAR, hybrid, and
EnSRF DA systems. All observations were assumed to be valid at the analysis time for each experiment.

Surface PM2.5 observations from the AIRNow network were assimilated, similar to Pagowski et al. [2010],
S12, and PG12. As the AIRNow network provides hourly averaged PM2.5 observations, they were assigned
“effective” valid times of 30min past each hour. PM2.5 observations with effective times within 1 h of the
analysis times were assimilated (i.e., a 1800 UTC analysis assimilated PM2.5 observations with effective valid
times of 1730 and 1830 UTC). Figure 1 shows the locations of AIRNow sites whose data were assimilated.
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The total uncertainty associated with a PM2.5

observation included contributions from
measurement and representation errors as
described by S12, which followed from Elbern
et al. [2007] and Pagowski et al. [2010].
Additionally, PM2.5 values >200μg/m3 were
deemed unrealistic and not assimilated, and
observations leading to innovations exceeding
100μg/m3 were also omitted.

Following LIU11 and S12, level 2 550 nm AOD
retrievals over land and sea from MODIS
sensors on the Terra and Aqua satellites were
assimilated. Only the dark target product
[Remer et al., 2005] was assimilated. The original
MODIS AOD level 2 products are at 10 × 10 km

resolution, but the AOD retrievals were thinned to a 60 km grid, as in S12. The total observation error for AOD
(εAOD) followed Remer et al. [2005] and S12 and depended on whether the MODIS AOD observation (τo) was
taken over water or land:

εAOD ¼ 0:03 þ 0:05τo points over water

0:05 þ 0:15τo points over land

� �
: (8)

These values were successfully used in previous work [LIU11; S12], but we recognize that these assumed
errors may be too optimistic [e.g., Zhang and Reid, 2006; Hyer et al., 2011].

Over the domain, 550 nm MODIS AOD products were primarily available around 1800 UTC (daytime),
although Aqua provided observations west of ~105°W around 0000 UTC on some days. AOD observations
within 3 h of the analysis times were assimilated. S12 noted that assimilation of MODIS AOD observations
degraded forecasts over desert regions likely due to MODIS overestimation of surface reflectance [Engel-Cox
et al., 2004; Drury et al., 2008]. While Zhang and Reid [2006] introduced empirical corrections to raw MODIS
AOD values, and Saide et al. [2013] noted that assimilating these empirically corrected AOD observations
was beneficial, these corrections were not applied here, but AOD observations over deserts were not
assimilated. Furthermore, only AOD retrievals marked with the best MODIS quality control (QC) flag were
assimilated, and AOD values greater than 2.0 were not assimilated.

A meteorological data set identical to that of SL14 was assimilated (Table 3). Meteorological observations taken
within ±1.5 h of each analysis were assimilated, except that the time window was shortened to ±0.5 h for
Meteorological Aerodrome Report (METAR) and synoptic (SYNOP) observations. Initially specified observation
errors were similar to those of SL14, who discussed how the initial meteorological observation errors were
modified within GSI. Typical distributions of meteorological observations assimilated at 1800 and 0000 UTC are
shown in Figure 2, overlaid with assimilated MODIS AOD observations.

The meteorological observations were subject to various forms of QC and preprocessing as described by SL14.
All QC decisions, observation thinning, observation error assignments, and computation of forward operators for
both meteorological and aerosol observations were made within GSI for all experiments. For the EnSRF
experiment, observations, prior model-simulated observations for each ensemble member, and observation
errors were determined within GSI and ingested into the EnSRF as in Hamill et al. [2011a] and SL14.

This complete dependence on GSI for all observation-related issues ensured consistency between the hybrid,
3DVAR, and EnSRF systems, and all three experiments used an identical observational data set. These
considerations and the experimental design permit a very clean assessment of the merits of cycling 3DVAR,
hybrid, and EnSRF DA techniques for aerosol forecasts.

4. Emissions

Hourly varying anthropogenic emissions were based on the weekday U. S. EPA 2005 National Emissions
Inventory (NEI-2005) [U.S. Environmental Protection Agency, 2010] interpolated to the model grid. For

Table 3. Assimilated Meteorological Observations

Observing Platform Observation Type

Radiosonde surface pressure
temperature

specific humidity
wind

Aircraft temperature
wind

Wind profiler wind
Global positioning system
radio occultation

refractivity

Satellite-tracked winds wind
Ship and buoy surface pressure

temperature
specific humidity

wind
SYNOP and METAR surface pressure
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the EnSRF system, anthropogenic emissions were perturbed using a simple method. Specifically, the
perturbation for the pth emissions variable and the ith ensemble member (E *ip) was calculated at the ηth
grid point and the tth hour by

E� ip η; tð Þ ¼ Ep η; tð Þ þ WipσpE η; tð Þ; (9)

where Ep is the unperturbed emissions. The term σp
E is the standard deviation of all Ep values at and in the

horizontally adjacent points of grid box η at and within 2 h of t.W is a weight that was randomly drawn from a
standard Gaussian distribution and varied for each ensemble member and variable but was spatially and
temporally constant. No correlations between emissions variables were considered, which is a limitation of
this approach. However, this method produced the largest spread in areas of the highest emissions
concentrations (Figure 3) that physically seemed reasonable. This method is much simpler than that of PG12,
who used recursive filters to account for spatial autocorrelations. The 3DVAR and hybrid anthropogenic
emissions used the unperturbed NEI-2005 values (i.e., Ep).

Emissions of dust and sea salt were parameterized within the GOCART model [Chin et al., 2002] and were not
explicitly perturbed for the EnSRF system. Wildfire emissions were also unperturbed, and their inclusion in
WRF-Chem followed Grell et al. [2011]. However, within the ensemble system, varying meteorology across the
members implicitly perturbed dust, sea salt, and wildfire emissions.

5. Experimental Design

Four primary experiments employing limited area, continuously cycling 3DVAR, EnSRF, and hybrid aerosol DA
configurations were performed. One experiment (“control”) only assimilated meteorological observations
using 3DVAR while the other three experiments simultaneously assimilated meteorological, surface PM2.5,

Figure 2. Meteorological and MODIS AOD observations assimilated during the (a) 1800 UTC 22 June and (b) 0000 UTC 23
June analyses.
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and AOD observations. All experiments used identical WRF-Chem settings and physical parameterizations as
described in section 2.1.

5.1. Initialization, Spin-up, and Boundary Conditions

An initial 50-member, 20 km ensemble was constructed at 0000 UTC 27 May 2010 by interpolating the 20 km
NCEP North American Mesoscale (NAM) [Rogers et al., 2009] model analysis onto the computational domain
and adding Gaussian random draws with zero mean and static BECs [Torn et al., 2006] to the temperature,
water vapor, velocity, geopotential height, and surface pressure fields. Aerosol fields were unperturbed, and
the initial aerosol fields for each ensemble member represented clean conditions as described by S12. Similar
to S12 and PG12, a 50-member ensemble of 5 day WRF-Chem forecasts (valid 0000 UTC 1 June) was then
produced using the randomly generated ensemble at 0000 UTC 27 May as ICs. Aerosol spread was achieved
through the varied meteorological fields and perturbed emissions.

To provide an overall synopsis of the spun-up aerosol concentration and spread, Figure 4 shows the ensemble
mean and standard deviation (spread) of column-integrated PM10 at 0000 UTC 1 June. The spread was largest
over the eastern half of the domain where aerosol mass was greatest, which is consistent with greater
anthropogenic emissions fluxes in eastern areas. Aerosol spread and concentrations were also locally higher

Figure 3. Ensemble (a) mean and (b) standard deviation of 1800 UTC unspeciated primary PM2.5 accumulation mode
emissions (μg/m2s).
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in the Southern California desert, primarily due to dust. This pattern of higher aerosol concentrations and
spread over eastern regions was similar at future times (not shown).

Lateral boundary conditions (LBCs) for meteorological fields were provided by NAM forecasts. Meteorological
LBCs for the ensemble system were perturbed similarly as the initial 0000 UTC 27 May fields. However,
following PG12, no aerosol LBC perturbations were introduced, and aerosol LBCs for all experiments
represented clean oceanic conditions as described by S12.

Figure 4. Ensemble (a) mean and (b) standard deviation (μg/m3) of column-integrated PM10 at 0000 UTC 1 June.
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5.2. Cycling Procedure

The procedure for the cycling hybrid systemwas identical to that of SL14 and is illustrated in Figure 5. Given a
background at an analysis time T, separate EnSRF and hybrid analyses were performed. The hybrid utilized
the ensemble valid at T to incorporate flow-dependent BECs into the variational framework. After each EnSRF
analysis, a 6 h ensemble forecast produced the background ensemble at T+ 6. Similarly, the deterministic
hybrid analysis at T initialized a 6 h forecast that served as the background for the next hybrid analysis at T+ 6.
There was no feedback from the hybrid to the ensemble system in this configuration. Alternatively, as in
Zhang et al. [2013], the analysis ensemble could be recentered about the hybrid analysis, which, while shifting
the ensemble mean, preserves the perturbations about the mean.

The cycling 3DVAR procedure was identical to the deterministic hybrid cycling (bottom circuit in Figure 5),
except that the BECs were purely static.

The first 3DVAR, hybrid, and EnSRF analyses occurred at 0000 UTC 1 June based on the spun-up
ensemble (section 5.1). However, before the first analyses, the ensemble mean meteorological fields were
replaced by the 0000 UTC 1 June NAM fields, and the ensemble was recentered about the NAM analysis. This
procedure did not modify the spun-up aerosol fields or meteorological perturbations about the mean. The
EnSRF experiment used the 0000 UTC 1 June ensemble as the background, while the deterministic 3DVAR and
hybrid backgrounds were the mean of the 0000 UTC 1 June ensemble. The 0000 UTC 1 June analyses initialized
6h WRF-Chem forecasts, and the second set of 3DVAR, hybrid, and EnSRF analyses occurred at 0600 UTC 1 June
using the previous 6 h forecasts as backgrounds. This cyclic analysis/forecast pattern with a 6h period continued
until 1800 UTC 14 July (inclusive). Hydrometeor and land surface fields evolved freely throughout the entire
~1.5month period, except that the sea surface temperature (SST) was updated each 0000 UTC analysis from
1/12° NCEP SST analyses (http://polar.ncep.noaa.gov/sst/rtg_high_res).

Each 1800 UTC analysis initialized a 48 hWRF-Chem forecast. EnSRF-based 48 h forecasts were initialized from
ensemble mean analyses. The 48 h WRF-Chem forecasts used the unperturbed anthropogenic emissions and
LBCs. We only produced 48 h forecasts from 1800 UTC analyses because AOD observations were primarily
assimilated at this time, and thus, we expected the forecast impacts of aerosol DA to be greatest at 1800 UTC.

Figure 5. Flow chart describing the cycling hybrid and EnSRF DA systems.
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We note that our experimental design and configurations resemble both S12 and PG12, who examined
this same period and region, but there are important differences. For example, S12 solely assimilated AOD
and PM2.5 observations with 3DVAR DA at 20 km horizontal grid spacing and updated meteorological fields
from NAM analyses every 6 h, while here the meteorological fields were continuously cycled and updated
via DA. Furthermore, while PG12 employed the same 3DVAR and EnSRF systems to assimilate meteorological
and surface PM2.5 observations, their configuration was at 60 km grid spacing, they did not assimilate
AOD, and they only produced 6 h forecasts. Lastly, neither S12 nor PG12 used a hybrid DA technique.

6. Results

PM2.5 and AOD analyses and forecasts are now analyzed. Although forecasts were produced every 6 h, we
focus on evaluating the 1800 UTC analyses and subsequent 48 h forecasts (44 total). PM2.5 forecasts were
compared to AIRNow observations, and AOD forecasts were compared to AERONETAODmeasurements. The
AERONET observations were not assimilated and represent independent measurements.

6.1. Ensemble Performance

Since the hybrid algorithm incorporated flow-dependent BECs produced by the cycling WRF-Chem/EnSRF
system, it is important to assess the ensemble performance. In a well-calibrated system, when compared to
the observations, the prior ensemble mean root-mean-square error (RMSE) will equal the prior “total spread,”
defined as the square root of the sum of the observation error variance and ensemble variance of the
simulated observations [Houtekamer et al., 2005].

A time series of 1800 UTC prior ensemble mean RMSE and total spread is shown for surface PM2.5 and AOD
aggregated over all observations assimilated west (Figures 6a and 6c) and east (Figures 6b and 6d) of 95°W. Over
both regions, themagnitude of total spread was fairly constant throughout the ~45day period indicating that the
EnSRF systemwas stable. However, there was clearly insufficient PM2.5 spread throughout the domain. While AOD
spread also typically lacked over the western half of the domain, AOD spread was often comparable to the mean
RMSEs east of 95°W, which is consistent with greater aerosol spread over this region (Figure 4). Thus, AOD
observations were more likely to have an impact in the EnSRF over the eastern half of the domain. The lack of
explicit wildfire and dust emissions perturbationsmay have contributed to lesser spread in the western CONUS.

6.2. Analysis Fields

The spatial distribution of the average 1800 UTC PM2.5 analysis increments at the lowest model level (Figure 7)
reveals differences between the DA systems. Mean increments were mainly positive for all experiments,

2.5 west 2.5 east (a) PM (b) PM

(c) AOD west (d) AOD east 

Figure 6. Time series of prior 1800 UTC ensemble total spread andmean RMSE for (a and b) PM2.5 and (c and d) AOD aggregated
over all observations (a and c) west and (b and d) east of 95°W. Values on the x axis denote month, day, and hour (e.g., 060118
represents 1800 UTC 1 June).
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Figure 7. Average 1800 UTC PM2.5 analysis increments (μg/kg) at the lowest model level for the (a) 3DVAR, (b) EnSRF, and (c)
hybrid experiments. The thick white line indicates the zero contour.
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Figure 8. As in Figure 7 except that the increments are for total column-integrated 550nm AOD.
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which suggests a low WRF-Chem aerosol mass bias. The 3DVAR increments (Figure 7a) were smooth and
concentrated around the AIRNow sites, while more complex structures were evident in the EnSRF and
hybrid increments (Figures 7b and 7c). The EnSRF surface PM2.5 increments were smallest, indicating less
adjustment of the prior fields. The 3DVAR increments were largest over Southern California and the
eastern half of the domain. The magnitudes of the mean 1800 UTC hybrid PM2.5 increments were generally
between those of the 3DVAR and EnSRF.

Mean 1800 UTC column-integrated 550 nm total AOD increments were also computed (Figure 8). The largest
positive AOD increments in the 3DVAR experiment (Figure 8a) were produced over the Gulf of Mexico and

(a) (b) (c)

(f)(e)(d)

(g) (h) (i)

(l)(k)(j)

(m) (n) (o)

Figure 9. Domain average background error standard deviations for 3DVAR (solid) and 1800 UTC EnSRF (dashed) analyses.
The 3DVAR statistics were generated via the NMCmethodwhile the EnSRF statistics were computed from all 1800 UTC prior
ensembles. Note: the x axis scales differ for each species.
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Figure 10. Aerosol mass mixing ratio (μg/kg) for the 15 GOCART species (Table 1) at each vertical level before (solid lines) and
after (dashed lines) DA averaged over the entire domain and all 1800 UTC analyses.
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near Los Angeles, California, while negative increments
were noted over the southern Appalachians. However,
the mean EnSRF increments (Figure 8b) had a different
character, with maximum values over northeastern
areas. Generally, the EnSRF AOD increments were
largest east of 95°W, coincident with regions of
greatest AOD ensemble spread (Figures 4b and 6d).
Average hybrid AOD increments (Figure 8c) had
characteristics of both the 3DVAR and EnSRF
increments but also unique features. For example,
hybrid AOD increments resembled 3DVAR increments
over the Gulf of Mexico and coastal Southern
California but were similar to the EnSRF increments
off the mid-Atlantic coast. Additionally, the hybrid
increments retained the 3DVAR negative increments
over the Appalachians but were more negative, and

the negative increments extended farther west than in 3DVAR.

Clearly, the 3DVAR and EnSRF increments differed substantially. However, these differences do not suggest
inconsistencies between the two systems, but rather illustrate fundamental differences between ensemble-
based and 3DVAR DA systems. Since MODIS AOD and PM2.5 observations provide no information regarding
speciation, the increments were primarily driven by the different experiments’ BECs (therefore, we do not
expect these DA systems to be skillful at improving forecasts of individual aerosol species). In 3DVAR, the
BECs were fixed climatologies, while the EnSRF used flow-dependent BECs that represented errors of the day.
Thus, large differences were expected between the 3DVAR and EnSRF experiments.

To document the very different BEC structures between the EnSRF and 3DVAR systems, Figure 9 shows the
actual domain average background error standard deviations used in the 3DVAR and EnSRF experiments
for each aerosol control variable. The 3DVAR standard deviations were computed from the NMC method
(section 2.2.1), while the EnSRF standard deviations were computed from all 1800 UTC prior ensembles. We
expect the largest increments for each species to occur at those levels where the background error standard
deviations were largest, which was confirmed by examining the prior and posterior mass mixing ratios of the
15 aerosol control variables domain and temporally averaged over all 1800 UTC analyses (Figure 10).
Unspeciated fine aerosols and sulfate were the dominant aerosol types over the domain, and all forms of DA
increased sulfate (Figure 10a) throughout the column. The 3DVAR experiment increased sea salt in the three
smallest size bins (Figures 10k–10m) substantially below the 15th model level, while the EnSRF changed sea
salt concentrations little. Changes to hybrid sea salt mixing ratios were between those of the 3DVAR and the
EnSRF. Additionally, differences between the experiments were noted in hydrophilic black carbon (BC2),
hydrophobic organic carbon (OC1), and hydrophilic organic carbon (OC2) (Figures 10c–10e), where the EnSRF
increased concentrations but 3DVAR DA did not, and the magnitudes of the hybrid mean increments and
concentrations were between those of 3DVAR and EnSRF. Moreover, while 3DVAR dust mixing ratios in the four
smallest size bins (Figures 10f–10i) increased substantially near the tropopause, EnSRF dust increments were
primarily below model level 20, and the hybrid increments again had features of both the 3DVAR and hybrid.

Figure 11 summarizes the changes to total aerosol mass (sum of the 15 aerosol control variables), computed
similarly as in Figure 10. The prior 3DVAR (EnSRF) mass concentrations were lowest (highest), with the prior
hybrid concentrations in the middle. All forms of DA increased aerosol mass throughout the column,
consistent with predominantly positive increments. Changes to surface mass were greatest in the 3DVAR
experiment and smallest in the EnSRF, but in the upper troposphere, the EnSRF increased mass
concentrations most. Again, hybrid adjustments to aerosol mass were usually between the 3DVAR and
EnSRF changes.

The EnSRF and 3DVAR systems clearly behaved differently, which was expected due to their different
treatment of forecast error (e.g., Figure 9). Hybrid analyses typically displayed a combination of 3DVAR and
EnSRF patterns but sometimes featured unique characteristics. The changes to aerosol ICs due to DA
manifested themselves in the forecasts, which are now discussed.

Figure 11. As in Figure 10 except for the total aerosol
mass mixing ratio (μg/kg). The approximate pressure
(hPa) at each model level is shown on the right axis.
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6.3. Aerosol Forecast Verification

WRF-Chem aerosol forecasts were verified using bias,
RMSE, bias-removed RMSE, and linear correlation
coefficient, as described by S12. Additionally, to
evaluate the experiments’ ability to discriminate
between events, with the assistance of a 2 × 2
contingency table (Table 4), the equitable threat score
(ETS) was calculated for model forecasts of PM2.5 at the

AIRNow sites. By selecting PM2.5 thresholds for the forecasts (qf ) and observations (qo) to define an event, the
mth site was placed into the proper quadrant of Table 4 based on the correspondence between the forecast
(Fm) and observations (Om) at its location. Specifically, the mth site fell into category a if the event was
correctly predicted (Fm≥ qf and Om≥ qo), b if the event was forecast but did not occur (Fm≥ qf and Om< qo), c
if an event occurred but was not forecast (Fm< qf and Om≥ qo), and d if a nonevent was correctly predicted
(Fm< qf and Om< qo). Using the elements of Table 4, ETS is defined as ETS = (a� e)/(a+ b+ c� e), where
e= (a+ b)(a+ c)/(a+ b + c + d) and is the number of “hits” (elements in quadrant “a” of Table 4) due to random
chance. ETS ranges from �1/3 to 1, with a perfect forecast achieving a score of 1 and a forecast worse
than random chance scoring less than 0. In many applications, qf= qo, but equality of the two thresholds
is not required.

Table 4. Standard 2× 2 Contingency Table for
Dichotomous Events

Observed

Yes No

Forecast Yes a b a+ b
No c d c+ d

a+ c b+ d

Figure 12. Average bias (μg/m3) at AIRNow sites computed from averaging hourly 0–24h forecasts and comparing them to the corresponding 24h average observations,
aggregated over the experimental period for the (a) control, (b) 3DVAR, (c) EnSRF, and (d) hybrid experiments.
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6.3.1. Verification of Surface PM2.5 Forecasts
Model forecasts of PM2.5 were verified against AIRNow observations across the domain (Figure 1). Model
output at the lowest vertical level was assumed to correspond with the surface AIRNow measurements, and
the model PM2.5 fields were interpolated to locations of the AIRNow sites for verification.

There were important geographic differences regarding forecast performance. Figure 12 shows the
mean bias at selected sites computed from averaging hourly 0–24 h surface PM2.5 forecasts and
comparing them to the corresponding 24 h average AIRNow values and aggregating over all 1800 UTC
forecasts. The control experiment (Figure 12a) had primarily negative biases, confirming WRF-Chem
underpredicted surface PM2.5. All DA systems improved the bias little on the west coast, except in
Southern California. Elsewhere, 3DVAR and hybrid DA (Figures 12b and 12d) often reduced the biases
compared to the control. However, over the southern Appalachians, Ohio Valley, and mid-Atlantic, the
EnSRF experiment (Figure 12c) had the highest (and usually poorest) PM2.5 biases. Overall, the hybrid-
initialized surface PM2.5 forecast biases were smallest at most sites.

Figure 13 shows the corresponding linear correlation coefficients. All forms of aerosol DA (Figures 13b–13d)
realized forecast improvements at many sites compared to when no aerosol assimilation occurred
(Figure 13a), particularly east of ~105°W. Correlations were also improved in the hybrid and 3DVAR at several
California andWashington state sites. The 3DVAR and EnSRF correlations were comparable at many sites over
the eastern half of the domain, while the hybrid had the highest overall correlations, especially over
northeastern regions and portions of the southeast CONUS.

Figure 13. As in Figure 12 except linear correlation coefficients.
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Temporal evolution of PM2.5 forecasts was also verified. As the AIRNow values represent hourly averages
with effective times of 30min past each hour, hourly WRF-Chem PM2.5 forecasts at consecutive top-
of-the-hours were averaged for comparison with observations. In Figures 14 and 15, values on the x axis
denote ending periods of the 1 h averages (e.g., a value of 9 means the average between the 8 and
9 h forecasts).

The bias, RMSE, bias-removed RMSE, and correlation coefficient were calculated for PM2.5 forecasts
aggregated over all 1800 UTC forecasts and AIRNow sites (Figure 14). The control experiment had a low PM2.5

bias for all times (Figure 14a). All aerosol DA methods led to increased aerosol concentrations. The biases for
the hybrid experiment were closer to zero than the 3DVAR biases throughout the period. The EnSRF
experiment had the greatest PM2.5 mixing ratios and overpredicted aerosol mass concentration during
several periods, but, despite high biases in parts of the domain (Figure 12c), had the best overall bias for many
periods. Also, the EnSRF had the most—but still insufficient—aerosol mass at the initial time, which may have
led to its small PM2.5 increments (the small PM2.5 ensemble spread (e.g., Figure 6) may also have contributed
to the small increments). The differences between the experiments decreased with time, likely due to model
processes and emissions dominating at later periods [Kahnert, 2008].

The hybrid RMSEs (Figure 14b) were lowest for the first ~30 h, and both the hybrid and 3DVAR
experiments were better than the control for all times. The EnSRF experiment had higher RMSEs than
the 3DVAR and hybrid but usually lower RMSEs than the control before ~33 h. However, when the bias
was removed from the RMSE (Figure 14c), the EnSRF experiment performed worse than the control

Figure 14. (a) Bias (μg/m3), (b) RMSE (μg/m3), (c) debiased RMSE (μg/m3), and (d) linear correlation coefficient of surface
PM2.5 forecasts as a function of forecast hour, aggregated over all AIRNow locations and 1800 UTC forecasts. Model values
are hourly averages between consecutive top-of-the-hours. Labels on the x axis refer to ending times of the averaging periods
(e.g., “18” means the average of the model PM2.5 forecast between the 17th and 18th forecast hours).
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after ~6 h, revealing that the large negative bias contributed to the control experiment’s high
RMSEs. Otherwise, the qualitative relationship between the 3DVAR, hybrid, and control bias-removed
RMSEs was generally similar to that of the RMSEs, although differences between the 3DVAR and
hybrid errors were smaller.

All aerosol DA experiments had higher correlations throughout the forecast period (Figure 14d) than the
control. The hybrid correlations were highest for the first ~30 h, and the EnSRF correlations were higher
than 3DVAR’s after ~12 h. Similar to biases, the correlations of the four experiments became closer
with time.

To evaluate forecast skill, percentile-based ETSs were computed as described by S12 (Figure 15). Using
percentile thresholds, rather than absolute thresholds, removes the impact of bias when calculating skill
scores and permits a clear assessment of spatial skill [e.g., Lean et al., 2008; Roberts and Lean, 2008;Mittermaier
and Roberts, 2010; S12; SL14]. For example, to compute the ETS for the 90th percentile, qo= 22.4μg/m3, while
qf varied depending on the experiment between 17.34 and 23.01μg/m3. The ETSs were calculated
considering all AIRNow sites and aggregated over all 1800 UTC forecasts.

As the event became rarer and the forecast length increased, ETSs decreased (Figure 15). At the 50th and 75th
percentiles (Figures 15a and 15b), all forms of DA improved forecasts compared to the control through ~30 h.
At the 50th percentile, the 3DVAR and hybrid ETSs were quite similar, but at the 75th percentile, the hybrid
ETSs were highest through ~12–18 h. EnSRF ETSs were typically less than or comparable to those of 3DVAR at
these thresholds. For the 90th and 98th percentiles (Figures 15c and 15d), all experiments assimilating
aerosols produced better forecasts than the control for most times. At the 90th percentile, the hybrid ETSs
were highest through ~33 h, and the 3DVAR and EnSRF ETSs were comparable. The hybrid ETSs were also
higher than the 3DVAR ETSs at the 98th percentile, and the EnSRF performed comparably to the hybrid after
~24 h and better than 3DVAR at most times.

Figure 15. As in Figure 14 except ETSs computed using climatological thresholds of (a) 50%, (b) 75%, (c) 90%, and (d) 98%.
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6.3.2. Verification of AOD Forecasts
AOD forecasts were verified at AERONETsites (Figure 1). Statistical patterns were consistent with those from PM2.5

verification. Figure 16 shows model predictions of total 500nm AOD at several sites and the corresponding
AERONET observations. Model values represent output every hour beginning at the initial time and ending at the
23rd hour of integration patched together for each 1800 UTC forecast, and the AERONET values are hourly
averaged. At all sites, DA increased AOD values compared to the control and usually agreed better with
observations. In some cases, the increase due to DA still was insufficient (Figure 16a). The hybrid and 3DVAR often
were similar and closest to the observations, although the EnSRF was sometimes comparable. Occasionally, the
hybrid agreed very well with observations, such as at the University of Maryland, Baltimore County (UMBC)
AERONET site (Figure 16c) around 27 June and 6–7 July and Bratts Lake (Figure 16f) near 21–22 June.

To synthesize the time series data, the average biases computed from all 1800 UTC 0–23 h model forecasts
and AERONET observations over the experimental period are shown in Figure 17. All forms of DA reduced the
biases compared to the control. The hybrid and 3DVAR biases were similar at most sites, but the EnSRF had
the smallest biases at most sites east of 100°W, which is consistent with its greatest aerosol mass.

Aggregate RMSE, bias-removed RMSE, and correlation coefficients were also computed at each AERONET site
(Figure 18). The hybrid and 3DVAR RMSEs and bias-removed RMSEs (Figures 18a and 18b) were typically the
lowest and smallest. In particular, the hybrid performed quite well at the sites clustered around Baltimore,
Maryland. EnSRF RMSEs were lower than the control biases at most sites, but similar to PM2.5 verification,
control bias-removed RMSEs were lower than the EnSRF’s. AOD correlations (Figure 18c) were typically
highest in the hybrid experiment, followed by 3DVAR and the EnSRF, although correlations were rarely above
0.3, indicating poor forecast skill.

7. A Word About Meteorology

Since all the experiments performed cycling DA, after the first analysis at 0000 UTC 1 June, the experiments’
fields diverged. Whereas Pagowski et al. [2010], LIU11, S12, PG12, and Jiang et al. [2013] all forced their

Figure 16. Hourly time series of total column-integrated 500 nm AOD from 0000 UTC 1 June to 1700 UTC 15 July at the (a) Caltech, (b) Railroad Valley, (c) UMBC, (d)
University of Houston, (e) Key Biscayne, and (f) Bratts Lake AERONET sites. Model values represent output every hour beginning at the initial time and ending at the
23rd hour of integration patched together for each 1800 UTC forecast. AERONET observations (black dots) represent hourly averages.
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experiments to identical meteorology, here each experiment’s meteorology differed. Therefore,
it is interesting to consider how the varying meteorological fields may have impacted the aerosol forecasts.

To assess the effects of meteorology, an additional “control-like” experiment was performed where only
meteorological observations were assimilated, but hybrid DA, rather than 3DVAR DA, was employed. This
auxiliary experiment produced better wind and moisture forecasts than the 3DVAR-based control
(not shown), which is consistent with many findings noting that hybrid DA typically initializes better
meteorological forecasts than 3DVAR. However, the aerosol forecasts from this new control-like experiment
did not differ substantially from those initialized from the original control. This finding suggests both that
meteorology did not engender major differences in aerosol forecasts and hybrid meteorological-aerosol
cross-correlations were not detrimental.

Furthermore, 3DVAR and hybrid experiments were performed where only PM2.5 and AOD observations were
assimilated, and the meteorology was forced to NAM analyses every 6 h, as in S12, such that these two
experiments used identical initial meteorology. Using this approach yielded results similar to the original
experiments; the hybrid-initialized aerosol forecasts were better than those initialized by 3DVAR. Again, this
finding suggests that the assimilation of aerosol observations within a hybrid framework, and not the improved
meteorological fields in the hybrid, was responsible for the better hybrid-initialized aerosol forecasts.

Lastly, these auxiliary experiments suggest only small aerosol-meteorology feedback in WRF-Chem/GOCART.
A rigorous discussion of aerosol-meteorology feedback is well beyond the scope of this paper. However,
only direct and semidirect radiative aerosol effects were simulated with WRF-Chem/GOCART, and the
use of an aerosol scheme that also includes indirect effects may produce more pronounced aerosol-
meteorology feedback that may further be augmented by DA.

8. Summary and Conclusion

MODIS 550 nm total AOD retrievals, meteorological observations, and surface PM2.5 observations from
the AIRNow network were assimilated every 6 h using 3DVAR, EnSRF, and hybrid DA techniques between

Figure 17. Mean total column-integrated 500 nm AOD biases computed from hourly 0–23 h forecasts from all 1800 UTC initializations and the corresponding hourly
averaged AERONET observations at 27 AERONET sites for the (a) control, (b) 3DVAR, (c) EnSRF, and (d) hybrid experiments. In the legend, “x” refers to the bias.
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1 June and 14 July 2010. These three DA systems primarily differed by specification of their BECs, which reflect
model structures. Each 1800 UTC analysis initialized a 48h WRF-Chem forecast over a domain spanning the
CONUS. A 3DVAR-based control experiment that did not employ aerosol DA was also performed.

The 1800 UTC forecasts were validated against AERONET and AIRNow observations. All forms of DA
improved a low WRF-Chem aerosol mass bias. Overall, 3DVAR and hybrid aerosol DA improved aerosol
forecasts for at least 24 h, particularly over the eastern half of the domain, consistent with the findings of
S12. The hybrid correlations, RMSEs, and ETSs were typically the best. EnSRF-initialized forecasts produced
the most aerosol mass and were typically worse than the 3DVAR and hybrid forecasts but often better
than the control.

Figure 18. Aggregate total column-integrated 500 nm AOD (a) RMSE, (b) bias-removed RMSE, and (c) correlation coeffi-
cient computed from hourly 0–23 h forecasts from all 1800 UTC initializations and the corresponding hourly averaged
AERONET observations for each AERONET site (Figure 1).
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The primary limitation of this work was the small ensemble spread, which was almost certainly responsible
for the poor EnSRF performance compared to 3DVAR. It is possible that a more sophisticated anthropogenic
emissions perturbation scheme may increase ensemble spread. However, PG12 used recursive filters to
introduce spatial correlations in the emissions perturbations, but they also reported insufficient ensemble
spread. Thus, introduction of perturbed aerosol LBCs, explicitly perturbed wildfire and dust emissions, use of
perturbed observation EnKFs, multiphysics ensembles, or use of stochastic kinetic energy backscatter [e.g.,
Shutts, 2005] approaches are worth exploring to increase ensemble spread and more appropriately
parameterize forecast error. We believe that future ensemble development for aerosol applications should
focus on achieving more appropriate ensemble spread/skill relationships and better characterizing the
cross-correlations between meteorological and aerosol variables and correlations between different
aerosol species.

The hybrid is considerably more expensive than 3DVAR due to the hybrid’s requirement of running an
ensemble, and future operational aerosol modeling systems will need to carefully weigh computational
constraints versus the benefits of employing a hybrid algorithm. However, despite ingesting ensemble
perturbations with suboptimal spread, the hybrid system performed very well. This finding is encouraging,
and we expect that improvements in aerosol ensemble construction will improve future hybrid aerosol
DA systems.
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