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Abstract

This Office Note documents the configuration and performance of the aerosol data
assimilation component of the Global Chemistry and Aerosols Forecast System
(GCAFS), the Global Constituent Data Assimilation System (GCDAS). The primary
emphasis is on the specification and implementation of background error statistics,
covariance modeling, and observation assimilation within the Joint Effort for Data
assimilation Integration (JEDI) framework. A brief description of the forecast model
configuration is provided for context; however, the focus of this document is on the
aerosol data assimilation methodology rather than on the meteorological data
assimilation system or the model configuration and coupling.
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1. Introduction

As part of the Unified Forecast System (UFS) [Morgan et al. 2024], NOAA is building a coupled
Earth system modeling system across spatial and temporal scales which includes atmospheric
composition (initially aerosols) components within the atmospheric prediction system. The
Global Chemistry and Aerosols Forecast System (GCAFS) is NOAA's operational global aerosol
forecasting system developed at the National Weather Service’s (NWS) Environmental
Modeling Center (EMC). GCAFS provides global analyses and forecasts of atmospheric
aerosols in support of air quality monitoring, visibility assessment, and evaluation of aerosol
radiative impacts. A key component of GCAFS is the aerosol data assimilation (DA) system,
named the Global Constituent Data Assimilation System, or GCDAS, which integrates model
forecasts with satellite observations to produce gridded aerosol analyses.

The meteorological component of GCAFS is based on the Finite-Volume Cubed-Sphere (FV3)
[Lin and Rood, 1997] dynamical core and is coupled to the Goddard Chemistry Aerosol
Radiation and Transport (GOCART) model for tropospheric aerosols [Chin et al., 2002] through
the UFS . Due to the comparatively long computational cost of aerosol forecasts, GCAFS is
implemented as a separate system, allowing for different model configuration, forecast lead
times, and initialization cadences from the medium-range weather model guidance, in order to
best serve the needs of all users while balancing computational limitations.

Meteorological analyses are produced operationally using NOAA's Gridpoint Statistical
Interpolation (GSI) data assimilation algorithm as part of the Global Forecast System (GFS)’s
Global Data Assimilation System (GDAS) [Kleist et al., 2009]. Following completion of the
operational meteorological analysis, an offline analysis is performed for GCAFS by interpolating
the GDAS analysis to the GCAFS resolution, computing analysis increments as the difference
between the regridded analysis and the previous short-term forecast from the cycling GCDAS.
These increments are then applied to the next GCDAS and GCAFS forecasts to constrain the
meteorology consistently with the GDAS, albeit at a lower resolution.

The aerosol DA system in GCAFS is implemented using the Joint Effort for Data assimilation
Integration (JEDI) infrastructure. This is a multi-year effort between NOAA, other US agencies,
the UK MetOffice, and led by the Joint Center for Satellite Data Assimilation (JCSDA). The
Object-Oriented Prediction System (OOPS) provides the variational assimilation framework and
control variable formulation, the Unified Forward Operator (UFO) manages observation
operators and quality control, and the System Agnostic Background Error Representation
(SABER) supplies background error covariance modeling. The FV3-JEDI interface is used to
couple the aerosol forecast model to the DA system, and the Community Radiative Transfer
Model (CRTM) is employed to simulate aerosol optical depth (AOD) observations from satellite
instruments.

Background error specification is a critical element of aerosol data assimilation due to the strong
spatial and temporal variability, and species dependence of aerosol distributions. In GCAFS,



background error variances are derived from climatological diagnostics and partitioned by
aerosol species. Spatial error correlations are represented using diffusion-based operators with
configurable horizontal and vertical length scales. Additional tunable parameters control
standard deviations, smoothing, and localization to ensure physically realistic aerosol analysis
increments.

The objectives of this Office Note are to (1) document the aerosol data assimilation
configuration used in the GCAFS version 1 system, (2) describe the methodology used to
estimate and apply background error covariances, (3) summarize the observation datasets and
assimilation settings, and (4) evaluate aerosol analysis performance using independent
observations and external reanalyses. This documentation is intended to support system
evaluation, reproducibility, and future development of the operational global constituent data
assimilation capability.

2. Forecast Model

2.1 Model Components

The Unified Forecast System (UFS) [UFS Weather Model Users Guide], a years-long effort by
NOAA and its partners, aims to reduce redundancy and share components across applications
of various spatial and temporal scales. A fully coupled Earth system framework for prediction,
the UFS contains components for the atmosphere, ocean, sea-ice, waves, space weather,
atmospheric composition, and more, allowing for configurations of one or more of these
components combined together to create specific forecasting systems for a variety of
applications. The following subsection will provide an overview of the two UFS components
leveraged in GCAFSv1, the atmosphere and atmospheric composition.

The Finite-Volume Cubed-Sphere (FV3) dynamical core [Lin and Rood, 1997] is used as the
basis for the atmospheric component of GCAFS coupled to the rest of the UFS through the
Earth System Modeling Framework (ESMF) based National Unified Operational Prediction
Capability (NUOPC) layer. The Common Community Physics Package (CCPP) is used to
include the additional components to make up the atmospheric forecast model including
microphysics, gravity wave drag, and the land surface model, with the schemes used listed in
the following subsection.

Coupled to FV3 through the NUOPC layer is the second generation of the National Aeronautics
and Space Administration (NASA) Goddard Chemistry Aerosol and Radiation Transport
(GOCART) model [Collow et al., 2024], which simulates the evolution of atmospheric aerosols
through emissions, transport, and removal processes. The model represents multiple aerosol
species, including sulfate, black carbon, organic carbon, dust, and sea salt. Aerosol mass
mixing ratios are prognostic variables and are transported using the meteorological wind fields
provided through the coupling to FV3, ensuring consistency with the meteorological model



numerics. Removal processes include dry deposition and wet deposition, with the latter
parameterized using the supplied meteorological fields.

For emissions, the FENGSHA dust emissions scheme [Zhang et al., 2022] is used, which emits
dust based off of the meteorology and land model parameters in the coupled GCAFS system.
Smoke emissions are provided from the Blended Global Biomass Burning Emissions Product [
GBBEPXx, Zhang et al., 2014]. Anthropogenic emissions are provided through the 2024 release
of the Community Emissions Data System (CEDS).

Additional infrastructure leveraged includes the NOAA Emission and Exchange Unified System
(NEXUS) to preprocess input emissions prescribed from external datasets which are then
applied as source terms during the aerosol forecast integration, the Unified Post Processor
(UPP) to produce products for dissemination, and a comprehensive workflow (global-workflow)
to facilitate a self-cycled system. The components described above can be run in a number of
configurations as part of the global-workflow superstructure, with choices for resolution, physics
parameterizations, and more, left to the decision of the user. In the following subsection below,
the specific configuration for GCAFS/GCDASV1 is outlined to use as a reference.

2.2 Model Configuration

For the initial version of GCAFS and GCDAS, the model resolution was selected to be
C384L127 which is approximately 25 km resolution horizontally and 127 model layers with a
model top of around 80km. This matches the horizontal resolution of the previously operational
GEFS-Aerosol member and also matches the effective horizontal and vertical resolution of the
operational GDAS analysis. Through the CCPP, GCAFS and GCDASv1 use the same physics
configuration as targeted for version 17 of GFS and GDAS [Bengtsson and Han, 2024]. This
includes the Thompson Aerosol-Aware Cloud Microphysics Scheme, the NoahMP Land Surface
Model, and the RRTMG Radiation Scheme. For more information, please reference the
GFS_v17_p8 ugwpv1 CCPP suite here:

https://dtcenter.ucar.edu/GMTB/v7.0.0/sci_doc/ g f s v17 p8 ugwpvil page.html.

The GCDAS cycling system runs four times per day with a nine-hour forecast initialized from an
analysis valid at 00, 06, 12, and 18 UTC. This analysis includes a 3D-Variational with First
Guess at Appropriate Time (3DVarFGAT) for the aerosol fields (more information in the next
section) as well as an offline analysis for the atmospheric and surface fields. For this offline
analysis, the operational GDAS analysis valid at the appropriate time is regridded from the
C768L127 equivalent Gaussian grid to the C384L127 grid. Then the GCDAS six-hour forecast is
subtracted from the regridded GDAS analysis and is used to create an analysis increment which
is passed to the FV3 model after a warm start. An offline surface analysis is created leveraging
inputs preprocessed for the GDAS and includes sea surface temperatures analyzed through the
GDAS analysis. At 00 and 12 UTC a 120-hour forecast is initialized from the same analysis as
the appropriate GCDAS forecast to create the GCAFS free-forecast that is disseminated to
users. Figure 1 shows a schematic of the cycling system.
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Fig 1: Diagram of cycling configuration for GCDAS and GCAFS.

2.3 Aerosol State Variables

The aerosol data assimilation system operates on aerosol mass mixing ratio fields for each
simulated species. These variables are defined on the same horizontal and vertical grid as the
meteorological forcing fields. No direct coupling between aerosol and meteorological prognostic
variables is applied within the aerosol DA system; meteorological fields are treated as externally
specified and are not updated by aerosol fields.

The separation of aerosol and meteorological state variables simplifies the aerosol DA
formulation and allows the background error covariance model to be tailored specifically to
aerosol processes. This design choice is consistent with the current GCAFS version 1
configuration and provides a flexible framework for future updates.

2.4 Relevance to Data Assimilation

The forecast model configuration described above directly influences the design of the aerosol
data assimilation system. The offline meteorological forcing constrains the temporal evolution of
aerosols and limits the role of DA increments to modifying aerosol mass fields only. The use of a
bulk aerosol model motivates species-dependent background error variances, while the
smoothness of the transport operator informs the choice of spatial correlation length scales.



These considerations are reflected in the background error covariance modeling and
assimilation configuration described in Sections 3 and 4.

3. Aerosol Data Assimilation Framework

3.1 Overview

The aerosol data assimilation system in GCAFS is implemented using the Joint Effort for Data
assimilation Integration (JEDI) framework. JEDI provides a modular, community-developed
infrastructure for variational data assimilation, enabling flexible specification of control variables,
observation operators, and background error covariance models [Huang et al. 2022]. In GCAFS,
JEDI is configured to perform variational aerosol data assimilation using a static background
error covariance formulation tailored to aerosol processes.

The aerosol DA system operates independently of the operational meteorological data
assimilation, which is performed using NOAA's Gridpoint Statistical Interpolation (GSI) system.
Meteorological fields are externally analyzed and are not modified by aerosol analysis
increments. The aerosol DA system updates only aerosol mass mixing ratio fields for each
simulated species.

3.2 Variational Formulation

Aerosol data assimilation in GCAFS uses the 3-Dimensional Variational-First Guess at
AppropriateTime (3DVar-FGAT) DA algorithm. This improves the assimilation accuracy because
O-Fs are computed at the correct time through the interpolation of the model variables to the
correct observation time. The analysis is obtained by minimizing a cost function of the form

J(x)=1/2 (x = xb)TB™" (x — xb) + 1/2 (y — H(x))T R™ (y — H(x))

where x is the aerosol state vector, xb is the background (forecast) state, y is the observation
vector, H is the nonlinear observation operator, B is the background error covariance matrix,
and R is the observation error covariance matrix.

The control variables consist of aerosol mass mixing ratio increments for each species. The
analysis increment is applied to the background aerosol fields to produce the analyzed aerosol
state used to initialize the subsequent forecast.



3.3 JEDI Components

The aerosol DA system in GCAFS uses several core JEDI components:

e Object-Oriented Prediction System (OOPS):
Provides the variational minimization algorithm, state vector definition, and incremental
formulation.

e Interface for Observation Data Access (IODA):
Provides the infrastructure for input and output of observation space data, metadata,
and diagnostics.

e Unified Forward Operator (UFO):
Implements aerosol observation operators, quality control, and observation
preprocessing.

e System Agnostic Background Error Representation (SABER):
Supplies the background error covariance model, including variance specification and
spatial correlation operators.

e FV3-JEDI Interface:
Connects the aerosol forecast model state to the JEDI framework and handles state
transformations and grid mappings.

e Community Radiative Transfer Model (CRTM):
Simulates aerosol optical depth (AOD) from model aerosol fields for comparison with
satellite retrievals.

This modular structure allows aerosol-specific configurations to be developed independently of
the meteorological DA system.

For more information on the JEDI components and details on how to use JEDI, please see their
online documentation at:
https://jointcenterforsatellitedataassimilation-jedi-docs.readthedocs-hosted.com/en/latest/

3.4 VIIRS Observations

The observations assimilated in GCDASv1 are satellite-derived aerosol optical depth (AOD)
retrievals from the Visible Infrared Imaging Radiometer Suite (VIIRS) from three polar orbiting
satellites (Suomp-NPP, NOAA-20 and NOAA-21) [ Zhang et al. 2016]. VIIRS has 16 moderate
resolution bands (M1-16), of which M1, 2, 3, 5 and 11 are used for retrieving AOD over land and
ocean at 550 nm with a resolution of 750x750 m at nadir and a swath of about 3040 km. These
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observations provide column-integrated information on aerosol loading and are sensitive to the
vertically integrated aerosol mass distribution. VIIRS AOD observation retrievals are provided
with uncertainties obtained by comparisons with AERONET observations.

3.4.1 Observation operator

Aerosol lookup tables (LUTs) in the Community Radiative Transfer Model (CRTM) are
pre-calculated datasets that store aerosol optical properties—such as extinction coefficients and
single scattering albedo, used for efficient radiative transfer simulations. These tables allow the
CRTM to simulate the impact of aerosols on satellite radiance measurements by looking up
optical properties based on particle size and concentration. This aerosol LUTs approach with the
CRTM is exercised in the UFO which connects the GOCART aerosol variables to the CRTM
LUTs bins (see more in subsequent sections).

A key part of the UFO is a number of generic quality control (QC) procedures that can be
implemented through YAML configuration. For details on all QC filters available, please see the
JCSDA JEDI online documentation for UFO Quality Control
(https://jointcenterforsatellitedataassimilation-jedi-docs.readthedocs-hosted.com/en/latest/inside/
jedi-components/ufo/qgcfilters/index.html).

Quality control procedures include screening based on observation uncertainty, spatial
representativeness, and consistency with the background state. Observation errors are
assumed to be uncorrelated, resulting in a diagonal observation error covariance matrix R.

Because AOD observations do not directly constrain the vertical distribution of aerosols, the
vertical structure of analysis increments is determined primarily by the background error
covariance model. This does lead to an ill-posed problem in the minimization, as a single 2D
observation type is used to adjust over a dozen 3D control variables.

3.5 Aerosol control vector

While the O-Fs are computed from the total AOD, the control vector is the individual aerosol
species, with units of kg/kg. The GOCART sea salt bins are

Bin 1: (radius 0.03 - 0.1 um)
Bin 2: (0.1-0.5)

Bin 3 (0.5-1.5)

Bin4 (1.5-2.0)

Bin 5 (5.0 - 10.0)
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and bins 2-5 correspond most closely to CRTM bins 1-4. The 5 CRTM dust bins match
the corresponding gocart dust bins.

The 14 CRTM bins are

hydrophobic black carbon
hydrophilic black carbon
hydrophobic organic carbon
hydrophilic organic carbon
sulfate

dust 001 (radius 0.1 - 1.0 um)
dust 002 (1.0-1.8)

dust 003 (1.8 - 3.0)

dust 004 (3.0-6.0)

dust 005 (6.0 - 10.0)

sea salt 001 (radius 0.1 — 0.5 um)
sea salt 002 (0.5-1.5)
sea salt 003 (1.5 - 5.0)
sea salt 004 (5.0 — 10.0 um)

This means that GOCART sea salt Bin 1 is not included in the assimilation. Its contribution to the
total AOD is negligible so this has little or no impact on the aerosol forecast.

3.6 Background Error Variance Estimation using local grid points

A good flow dependent error variance estimate is essential to getting the spatial distribution of
the aerosol analysis increments. Computational constraints don’t allow for the use of an
ensemble of aerosol forecasts, so we are using a scheme that estimates the variance from
nearby grid points, which is based on the Space Adaptive Forecast error Estimation (SAFE)
[Keppene et al., 2014], method to estimate uncertainty from a single aerosol forecast. This
approach uses aerosol values at nearby grid points (both vertically and horizontally) to compute
variance for each species (Figure 2). We use horizontal and vertical smoothing of the variance
so as to avoid small scale variations that could lead to a growing instability in one or more of the
aerosol species.

The variance for each aerosol species at node (i,j,k) is computed using

var, = <X - <x>)>

Where <> represents the ensemble mean of neighboring grid points and X is an aerosol mass
mixing ratio. Note that we are only computing this at the center of the analysis window without
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incorporating any time varying information in the estimation. Future work may include extending
the variance from 3D to 4D to incorporate variability throughout the assimilation window.

Figure 2: 3D Computational Grid. A representation of the 3D mesh mesh used for error
estimation, highlighting the central gridpoint (red) and its neighboring nodes (green)
utilized for calculating the local error variance.

The smoothing procedure includes configurable parameters such as:

e Number of neighboring grid points used in averaging
e Horizontal smoothing length scale

e Treatment of grid boundaries and halo points

These parameters are selected to balance noise reduction with preservation of physically
meaningful spatial gradients. Excessive smoothing can lead to overly diffuse analysis
increments, while insufficient smoothing can introduce unrealistic small-scale variability.

4. Rescaling of Background Error Standard Deviations
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As with the ensemble Kalman filter, SAFE estimates of background errors might need to be
rescaled (inflated). Reasons for rescaling possibly include increments that are too small (leading
to little DA impact) or too large (adding too much noise to the analysis).

These scaling factors can be adjusted by constants globally for each aerosol species by editing
the yaml:

global-workflow/parm/gdas/jcb-gdas/algorithm/aero/aero_gen_bmatrix_rescale_default.yaml.j2
And they can be varied spatially by uncommenting the lines:

{% set rescaling_factor_file = aero_rescaling_factor_file|default(aero_gen_bmatrix_rescale_default) %}
{% include rescaling_factor_file %}

In

global-workflow/parm/gdas/jcb-gdas/algorithm/aero/aero _gen bmatrix diagb.yaml.j2

And then the tile files of the form:
global-workflow/parm/gdas/jcb-gdas/algorithm/aero/aero _gen bmatrix_diagb.yaml.j2

rescale.fv_tracer.res.tile1.nc, etc need to be changed, which are stored in
global-workflow/fix/gdas/aero/clim_b.

Testing of the forecast system has shown that rescaling values of 1.0, or no rescaling, is close
to optimal for all of the species. This may change as the model and assimilation system are
refined in the future.

5. Spatial Error Correlation Modeling Using Diffusion
Operators

5.1 Overview

In the GCAFS aerosol data assimilation system, spatial correlations in background error are
modeled using diffusion operators implemented within the SABER component of the JEDI
system. This approach provides a flexible method for representing horizontal and vertical error
correlations for aerosol variables, while avoiding the explicit construction of large covariance
matrices.
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The diffusion method defines spatial correlations implicitly by applying smoothing operators to
the background aerosol fields. When combined with the background error standard deviation
fields described in Section 4, the diffusion operators determine the spatial extent and structure
of the aerosol analysis increments.

5.2 Diffusion-Based Correlation Formulation

The diffusion-based correlation model represents spatial correlations by solving a discrete
diffusion equation applied to the control variable increments [Derber and Rosati, 1989], [Egbert,
et. al., 1994], . Repeated application of the diffusion operator results in spatial spreading of
information from observation locations, with the effective correlation length determined by
user-specified diffusion parameters.

In this formulation, the background error covariance matrix is factorized into an amplitude
component, provided by the standard deviation fields, and a correlation component, represented
by the diffusion operator. The resulting covariance model is positive definite by construction and
is well suited for large-scale operational applications.

5.3 Horizontal and Vertical Correlations

Separate diffusion operators are applied in the horizontal and vertical directions. Horizontal
diffusion controls the lateral spreading of analysis increments and is characterized by
user-defined horizontal length scales. These length scales represent the typical spatial extent
over which aerosol forecast errors are correlated and are chosen based on physical
considerations such as aerosol lifetime and transport characteristics.

Vertical diffusion controls the coupling of analysis increments between model levels. Because
aerosol optical depth observations provide primarily column-integrated information, error
correlations in the vertical play a critical role in distributing analysis increments throughout the
column. These diffusion parameters are selected to produce smooth, physically realistic
structures in height without introducing excessive spreading.

The error correlation is computed from the solution to the diffusion equation on the cubed
sphere grid so that the covariance can be modeled as the solution C to

(I-£v3)c=X

Where { is the imposed correlation length scale, X' is the three dimensional aerosol field (minus
the mean) and n is a generated white noise field.

5.4 Species-Dependent Configuration

Diffusion-based error correlations are configured independently for each aerosol species. This
allows the spatial correlation length scales to differ among species, reflecting differences in
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source mechanisms, transport behavior, and atmospheric residence times. For example,
coarse-mode aerosols such as dust and sea salt typically exhibit larger horizontal correlation
scales than fine-mode aerosols such as sulfate.

No explicit cross-species error correlations are included in the current GCAFS configuration.
Correlations are applied only within each aerosol species. Future work may include not only
cross-species correlations between aerosol fields but also correlations with meteorological
variables.

5.5 Numerical Implementation and Parameters

The diffusion operators are implemented on the same grid as the aerosol forecast model and
use configurable numerical parameters, including:

e Number of diffusion iterations (200)
e Horizontal and vertical diffusion coefficients

e Treatment of domain boundaries and halo points

These parameters are specified through external YAML configuration files, including the
aero_diffusionparm.yaml.j2 template. This design allows correlation length scales and numerical
behavior to be adjusted without modifying source code and facilitates sensitivity testing during
system development.

5.6 Hybrid Covariance

GCAFS currently has the ability to make use of a static error variance estimate, but this is
currently turned off by setting its weight to zero. Further work, including constructing an
improved static background covariance model, is needed to make this feature fully functional.
The static B matrix that was initially evaluated was constructed using the Background error on
Unstructured Mesh Package (BUMP), which is a part of SABER, one of the components of the
JEDI data assimilation system [Jung, et al. 2024].

5.7 Practical Considerations
The choice of diffusion parameters represents a balance between physical realism and

computational efficiency. Excessively large correlation length scales can lead to overly smooth
analysis increments and reduced sensitivity to localized observations, while overly short length
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scales can result in noisy analyses. In addition, longer correlation lengths increase the
computational time needed for the diffusion operator. Parameter values used in GCAFS v.1
were selected based on empirical testing and evaluation against independent observations.

6 Generating background errors for aerosol DA

Task gcdas_aeroanlgenb contains:

aero_interpbkg Interpolate background to analysis resolution (skipped in GCAFSv1 because
the resolutions are equal).
global-workflow/sorc/gdas.cd/sorc/da-utils/src/regridStates

aero_diagbh Compute background error variance using the SAFE algorithm:
global-workflow/sorc/gdas.cd/utils/chem

aero_diffusion Compute background error correlation by solving diffusion equation:
global-workflow/sorc/gdas.cd/sorc/saber/src/saber/diffusion

The tasks are found in

global-workflow/ush/python/pygfs/task/aero_bmatrix.py

6.1 Configure Files for variance and diffusion correlation settings

The file config.aeroanlgenb contains the values of:

Aero_diagb_n_neighbors: Number of neighbors used in calculating stddev from the background

Aero_diagb_n_halo: Number of halo points (grid points outside the processor grid points) used
in the stddev calculation.

Aero_diagb_smooth_horiz_iter: Number of horizontal smoothing iterations

Aero_diagb_smooth_vert_iter: Number of vertical smoothing iterations

17



Aero_diffusion_iter: number of diffusion iterations. A larger number results in max correlation

closer to 1.0, but requires more computational time.

Aero_diffusion_horiz_len: horizontal correlation length scale in km.

Aero_diffusion_fixed_val: vertical correlation length scale in number of model levels.

Aero_diagb_weight: A hybrid approach (not currently used) is possible when this is less than

1.0.

Aero_staticb_rescaling_factor: Scaling factor for the staticb background values. Only used when

Aero_diagb_weight is less than 1.0.

The species specific rescaling values are stored in netcdf files:

{{ BERROR_DATA_DIR }}/rescale.fv_tracer.res.tile1.nc, etc

6.2 Examples of aerosol background error standard deviations

Some of the aerosol species generated by gcdas_aeroanlgenbbe gcdas_aeroanigenb are
shown in Figure 3, for the lowest layer of the atmosphere.

so04 surface stddev

1 2 3 a 5 6

504 stddev

seas5 surface stddev

2 4 6 8 10

seas5 stddev

bcl surface stddev

0.2 0.4 06 038

bcl stddev

bc2 surface stddev
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bc2 stddev
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Figure 3. Examples of background Stddev for several aerosol species, starting with top left
(S04, Seas2, BC1, BC2, OC1, OC2, Dust2 and Dust4) at the lowest layer of the atmosphere.

7 Running Aerosol DA

7.1 DA settings

Observations:

- High-quality obs within [-3h, +3h ] time window thinned or superobbed approximately to
C384 resolution.

- Domain check: Limit obs to 60°S—60°N latitude range.

- Bounds Checks: obs values are within [0, 5].

- Background Checks: Inflate observation error by 3 times if the departure between
observation and background guess is larger than 3 times the size observation error.

Minimization:

- nouter =1 (one outer loop).

- ninner = 35 (35 inner loops)

7.2 Prep, initialize, run and finalize aerosol 3dvar

Tasks:
e (gcdas_prep gets obs from obsforge
e gcdas_aeroanlinit prepares aeroanl rundir and copies files
e gcdas_aeroanlvar runs aero DA
e gcdas_aeroanlfinal  copies analysis files from rundir after adding increment to restart.



8. Cycling and Validation

8.1 Operational parameters and settings

Model resolution is C384 with 127 vertical levels. VIIRS AOD retrievals from NOAA-NPP, N20
and N21 are assimilated every 6 hours into GCDAS to produce the aerosol analysis at 00, 06,
12 and 18Z.

The GCAFS 5-day forecasts are launched at 00 and 12Z, as shown in Figure 1.

8.2 Cycling and Tuning Experiments

Cycling and tuning experiments involve comparisons with reanalyses (Copernicus Atmosphere
Monitoring Service or CAMS [Blake et al., 2025] and the Modern Era Retrospective Reanalysis
2 or MERRAZ2 [Buchard et al., 2017], satellite obs (VIIRS, MODIS) and ground based data
(AERONET [Holben, 1998]). A cycling experiment with a cold start on 15 December 2023 is
running through 31 December 2024 for analysis. While the comparisons with observation are
more important for validation, only the reanalyses contain information on individual aerosol
species and therefore are critical to understand the sources of error in the total AOD forecasts.

8.2.1 Tuning of background errors using comparisons with CAMS and
MERRA2.

Tuning of the background error covariances is done for individual species. And since only
CAMS and MERRAZ have global estimates of aerosol species, they are the best data sets for
comparing with the aerosol forecasts. Reanalyses contain information from both the model and
observations, weighted by their relative uncertainty. The tuning is therefore not a substitute for
validation using independent observations.

The CAMS aerosol reanalysis is produced by the European Centre for Medium Range Weather
Forecasts (ECMWF). It provides global, multi-decadal atmospheric composition fields (aerosols
+ reactive gases) using a coupled chemistry-aerosol forecast + data assimilation system.

The CAMS reanalysis is based on the ECMWF Integrated Forecast System (IFS) with
interactive chemistry and aerosol modules. It uses harmonized global emissions inventories
using consistent and comparable methodologies. These are Anthropogenic (e.g., EDGAR-type
inventories), Biomass burning (GFAS fire emissions), Biogenic emissions, Sea salt (wind
driven), Dust (wind + soil source parameterizations). CAMS assimilates AOD observations from
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MODIS (Moderate Resolution Imaging Spectroradiometer) on Terra/Aqua, PMAp (Metop-B) and
VIIRS (NPP, N20 and N21).

The following plots show the weekly averaged RMS differences between 6-hour GCDAS
aerosol forecasts and CAMS and MERRAZ reanalyses to demonstrate how the tuning process
is done. Figure 4 shows two experiments in which the background error rescaling coefficients
are rs=1 for all species except for sulfate which uses either rs=1 or rs=0.1.

The plots below for sulfate, black carbon (hydrophilic + hydrophobic), organic carbon
(hydrophilic + hydrophobic) , dust (bins 1-5), sea salt (bins 1-5) and total AOD demonstrate how
the species interact through the background errors. In each plot the blue lines are the RMS
differences between the 6-hr forecast and CAMS (solid line) for sulfate rs=1, and MERRA2
(dashed line). The red lines are the differences when sulfate rs=0.1. The sulfate differences
with the reanalyses are somewhat higher when sulfate rs=1 compared to rs=0.1. The change in
sulfate rs also affects the OC comparisons, and the sulfate rs=1 is slightly lower than rs=0.1
towards the end of the experiment. This is because sulfate and organic carbon have similar
sources from biomass burning and tend to overlap more than other species. On the other hand,
the dust and sea salt comparisons with reanalyses are largely unaffected by the change in
sulfate rescaling, due to the different origin and location of these aerosol species. The total AOD
is also affected, and we see a slight reduction in the RMS differences with sulfate rs=1.

Data assimilation traditionally cannot improve forecast bias since one of the basic assumptions
in all DA schemes is that forecasts are unbiased. This can be seen here as well in the mean
differences with CAMS and MERRAZ2 in Figure 5. Generally the biases are much smaller than
the RMS differences, and while not all of the species show mean differences that are reduced
by the DA, the total AOD bias is reduced.

Both the background errors from SAFE and the observation errors tend to assign higher
uncertainty to larger AOD values. This means that smaller AOD values carry greater weight in
the data assimilation and therefore larger increments when the observed AOD is smaller than
forecast AOD. This makes low bias harder to overcome and ultimately a somewhat low bias in
the analysis fields. This could be overcome by carefully imposing a floor on background error,
though it can create its own complications.
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Figure 4 Weekly mean RMS differences between 6-hour GCAFS forecasts and CAMS (solid
line) and MERRAZ2 (dashed line) for no DA (blue), DA with Sulf rescaling rs=0.1 (red) and rs=1.0
(green) for each of the aggregated species and total AOD.
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Figure 5 GCAFS forecast weekly mean differences with CAMS (solid line) and MERRA2

(dashed line), for no DA (blue), DA with Sulf rescaling rs=0.1 (red) and DA with Sulf rescaling
rs=1.0 (blue).

8.2.2 Comparisons with observations

Extensive validation through comparisons with observational data has been done, including
AERONET and MODIS, in addition to the VIIRS O-F statistics. The details of these are included
in a manuscript (Wang et al) to be submitted.

8.3 Variational bias correction

The GCAFS framework supports Variational Bias Correction (VarBC), a standard method for
mitigating systematic observation errors. Given the mild positive bias observed in VIIRS NPP
data relative to VIIRS N20 and N21, we evaluated the impact of VarBC with several bias
predictors—including a land/sea sensitive constant term, surface wind speed, and their
combinations. After implementing the VarBC procedure to the NPP observations, results
indicate a neutral impact on total AOD and individual aerosol species at the global scale (Figure
6). An exception was observed for sulfate, which showed a 5% error reduction. Due to these
subtle impacts, and the non-trivial effort needed to support updating the coefficients in the
operational workflow, VarBC is not enabled by default in the current version of GCAFS.
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Figure 6. Global mean bias and mean absolute error (MAE) of 6-hour total AOD and individual
aerosol species forecasts. The MAE is expressed as a relative change between the VarBC and
noVarBC experiments. Results are validated against MERRA-2 reanalysis data.

9. Future Plans

GCAFS v.1 is the first step in building a general air quality forecast system at NOAA. The initial
implementation here focuses on just aerosols but the longer term plans include a
comprehensive aerosol and chemistry model with assimilation of a number of observations. The
next steps include developing medium-complexity gas-phase chemistry and assimilation of in
situ particulate matter, geostationary AOD, and trace gas retrievals from polar orbiting satellites.
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Eventually, the high-resolution regional Air Quality Model (AQM) will be merged with GCAFS
and a multi-scale, varying-complexity constituent prediction system will be made operational. .

The minimization currently uses a single outer loop, as existing limitations within JEDI do not
properly update the backgrounds for subsequent loops when using 3DVar-FGAT. Once this
capability is incorporated, using multiple outer loops should enable further improvements to the
analysis.

While the varBC scheme showed little impact in the current version of GCAFS, it's possible that
this could change with some of the improvements proposed in this section. We will revisit this
scheme in the future.
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