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ABSTRACT: This study presents a new data set of hourly PM2.5
concentrations across California from 2018 to 2023 at a three-kilometer
resolution. This data set was developed by assimilating observations from
PurpleAir and the U.S. EPA Air Quality System monitors into wildfire smoke
forecasts from the High-Resolution Rapid Refresh Smoke (HRRR-Smoke)
model using the Gridpoint Statistical Interpolation (GSI) three-dimensional
variational data assimilation framework. Archived forecasts of modeled wildfire
smoke PM2.5 from HRRR-Smoke create the background field for assimilation,
which is then corrected using surface observations of total PM2.5. The resulting
reanalysis from GSI provides an estimate of total PM2.5 that minimizes error
from both the observational and the model data. Validation results indicate
strong performance, with monthly R2 values ranging from 0.73 to 0.91 across
the six-year data set, comparable to other PM2.5 data sets. Case studies are
presented for three major fire events, the 2018 Camp Fire, 2019 Kincade Fire, and 2020 Lightning Complex Fires to demonstrate the
data set’s fidelity in resolving plume dynamics and local exposure patterns. Root-mean-squared error averaged over each month
scales with average PM2.5 concentrations, resulting in a low error under typical conditions but higher absolute errors during extreme
smoke events. This is the first long-term, hourly PM2.5 data set of its kind for California and enables the generation of subdaily
exposure metrics, such as peak hourly concentrations, exceedance durations, and time-of-day exposure peaks. The novelty and strong
validation of this data set make it a compelling resource for future studies on the impact and significance of subdaily PM2.5 exposure.
KEYWORDS: air pollution, PM2.5, wildfire smoke, data assimilation, machine learning

■ INTRODUCTION
Fine particulate matter (PM2.5) poses a significant health risk
to all populations. PM2.5 can penetrate deep into the lungs,
leading to local injury as well as entering the bloodstream,
triggering inflammation, exacerbating chronic diseases, and
contributing to premature mortality.1,2 These impacts are
especially severe for children, older adults, and individuals
living in communities disproportionately burdened by air
pollution.3−7

While PM2.5 has historically been associated with combus-
tion sources such as vehicles and industrial emissions, wildfires
have become an increasingly dominant PM2.5 contributor in
the western United States, particularly in California.8,9 Climate
change has further intensified fire seasons,10,11 leading to more
frequent and severe smoke episodes, often affecting commun-
ities far from the fire source. Emerging evidence now suggests
that exposure to wildfire smoke PM2.5 may pose even greater
health impacts than other PM2.5 sources, especially in
communities already facing high rates of respiratory disease
and hospitalizations.12,13 This paper seeks to expand the data
available for health studies by creating an hourly PM2.5 data set
at a 3 km resolution across California from 2018 to 2023.
There have been significant efforts to estimate historical

daily PM2.5 levels in California for health exposure studies.

Generalized additive models using observational and land-use
data were successfully deployed by Li et al.,14 Gao et al.,15 and
Di et al.16 Other approaches include mixed-effect models,17

Bayesian maximum entropy methods combining modeled and
observational data,18 and machine learning methods such as
random forest,19−22 gradient boosted trees,23 neural net-
works,21 and combined ensemble models.24 The spatial scale
of these data sets varies from the one-kilometer grid of Lee,17

Zhang et al.,22 and Cleland et al.18 to the zip-code level of
Aguilera et al.24 While some studies, such as Park et al.,21 have
developed hourly PM2.5 data over shorter time windows, all of
the multiyear studies have focused on predicted daily averaged
PM2.5.

There is growing interest in using subdaily PM2.5 data to
better understand how acute exposure events affect health
outcomes. Hourly data enable additional exposure assessments,
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including time-of-exposure estimates and alternative metrics,
such as maximum concentrations over rolling windows. These
subdaily metrics can be combined with health data (typically
available on a daily scale) to determine the impact of acute
exposures (e.g., maximum daily concentration) on health
outcomes (e.g., daily emergency department visits). Hourly
data also allow investigations into the impact and efficacy of
public health awareness and response. Consider, for example,
analysis of acute health events or public response to changing
PM2.5 (e.g., event cancellation or keeping schoolchildren
indoors), which all occur on a subdaily scale.
The primary PM2.5 data available on subdaily time scales are

ground-level observational, numerical model, or satellite
(aerosol optical depth) data, all of which carry unique
strengths and weaknesses. Satellite data provide column-
integrated measurements and are limited in time or space
resolution. We therefore center our discussion on numerical
models and observational monitor data, which provide direct
estimates of ground-level PM2.5 concentrations.
The most accurate available observational network is the

Federal Reference Method and Federal Equivalent Method Air
Quality System, herein termed AQS, which is maintained by
the Environmental Protection Agency (EPA). While the AQS
network records hourly PM2.5 concentrations, the spatial
coverage of these monitoring sites is limited, making it difficult
to estimate PM2.5 concentrations in areas far from individual
monitoring sites. There is also a denser PM2.5 data set available
with the rise of the PurpleAir network in the past decade.25−28

PurpleAir monitors provide crowd-sourced, real-time air
quality monitoring at a two min resolution through a network
of low-cost devices that use laser particle counters to estimate
PM2.5 concentrations. These monitors provide PM2.5 data in
areas not covered by traditional monitoring networks such as
AQS. After data correction,29 PurpleAir data are quite
accurate; however, the locations of PurpleAir monitors in
California tend to be heavily linked to population density and
relative financial wealth, limiting data availability in rural and
less wealthy regions.30,31

Numerical weather prediction models can also provide
hourly estimates of PM2.5; however, there are limited archives
of modeled PM2.5 available at both high spatial and temporal
resolutions. We focus our discussion on the National Oceanic
and Atmospheric Administration’s High-Resolution Rapid
Refresh Smoke model (herein, HRRR-Smoke), which is the
highest-resolution operational wildfire smoke model in the
United States.32−34 HRRR-Smoke predicts wildfire smoke
PM2.5 transport over the U.S. at a 3 km resolution and hourly
time scale. NOAA has maintained an archive of modeled
wildfire smoke PM2.5 since 2018. To the authors’ knowledge,
there are no other archives that predict total or wildfire smoke
PM2.5 at a similar spatial and temporal resolution across our
domain of study (specifically California, from 2018 to 2023).
High-fidelity estimates of PM2.5 exposure require the

benefits of both methods: the accuracy of observational data,
in addition to the spatial resolution and coverage of numerical
model results. Machine learning presents one methodology for
leveraging both observational and model data to predict PM2.5;
however, many machine learning methods lack the ability to
explicitly consider both measurement and model error
covariance in their prediction. By contrast, data assimilation
methods have been used successfully for decades in weather
prediction to merge observational and model data with explicit

consideration of both measurement error and systematic
model bias.

Thus, to produce high-resolution, subdaily estimates of total
historical PM2.5, we apply three-dimensional variational data
assimilation to merge numerical model estimates of wildfire
smoke PM2.5 from HRRR-Smoke with ground-level observa-
tions of total PM2.5 from PurpleAir and AQS monitors.
Though HRRR-Smoke predicts only wildfire smoke PM2.5, it
provides a first-order prediction of PM2.5 during wildfire
events, especially in areas not covered by surface monitors.
This estimate is critical given wildfire smoke’s large
contribution to total PM2.5.

22 When there are no active
wildfires, the HRRR-Smoke model fields predict zero wildfire
smoke PM2.5; however, the assimilation of observed data into
the numerical model field produces a nonzero estimate of total
PM2.5. In this sense, the assimilated total PM2.5 during periods
with no wildfire smoke represents a weighted interpolation of
observational data across the state, while the assimilated total
PM2.5 during periods with wildfire smoke incorporates HRRR-
Smoke predictions. The resulting data set presents a best-case,
or lowest error, fusion of both observational and model data.

This is, to the authors’ knowledge, the first multiyear
estimate of total PM2.5 across California that spans both a high
spatial (three km) and temporal (hourly) resolution for long-
term exposure estimates. Nevada and parts of other
neighboring states are included in the data set, but because
of sparse observational data in those areas, we focus on
California. The data set covers a six-year period (from 2018 to
2023) and will enable ongoing health studies to investigate the
impact of PM2.5 exposure in California at a variety of temporal
and spatial scales.

■ METHODS
Variational data assimilation integrates the observed data into
numerical model predictions to create an improved estimate. To
accommodate data availability for both PurpleAir and archived
HRRR-Smoke data, our data set spans from January 1, 2018 through
December 31, 2023 for a domain including all of California and
Nevada. This six-year data set encompasses several major wildfire
events in California, such as the Camp Fire in November 2018, the
Kincade Fire in October 2019, and the severe fire seasons of 2020 and
2021.

Modeled and Observational Data
HRRR-Smoke. HRRR-Smoke is a three-dimensional weather

model that provides hourly forecasts of wildfire smoke concentrations
at a three-kilometer spatial resolution.32 The model was developed by
NOAA’s Global Systems Laboratory in collaboration with the
Cooperative Institute for Research in Environmental Sciences
(CIRES) and Cooperative Institute for Research in the Atmosphere
and is an extension of the HRRR weather forecast system.33

A smoke tracer was added to the HRRR framework in 2016. Data
from instruments on polar-orbiting satellites (VIIRS and MODIS) are
used to detect fires and estimate the fire radiative power.35 Estimates
of smoke emissions are then derived from fire radiative power, and a
plume-rise algorithm predicts the vertical penetration of the estimated
smoke plume.36,37 Once injected, smoke acts primarily as a passive
tracer in the model, with the exception of feedback with the model’s
atmospheric radiation scheme and wet and dry deposition. It is
important to note that HRRR-Smoke does not assimilate any air
quality observations, although there is advanced assimilation of
meteorological observations during each hourly refresh. While this
maintains accurate meteorology, the lack of operational air quality
assimilation allows errors in the smoke field to persist during wildfire
events.
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The HRRR-Smoke model has been operational since December
2020, and forecast products are accessible through NOAA, as well as
several sources outlined on the HRRR webpage. Like many numerical
weather prediction models, errors in the surface PM2.5 estimates are
introduced by errors in observational forcing data such as satellite-
predicted fire radiative power. Additional errors arise from model
parametrizations, such as for plume rise.38,39

This work uses six years of hourly HRRR-Smoke forecasts (2018−
2023) from the NOAA archives. The lowest-available forecast hour
was used to represent each time, meaning that the zero forecast hour
was used whenever available, followed by the 1 h forecast, or 2 h
forecast, etc., up to 24 h. Higher forecast hours are associated with
higher error, including potential errors from latency due to infrequent
fire detection, which at some latitudes may occur only twice per day.
For example, a 12 h forecast that starts at midnight (00:00) may not
account for a fire that starts at 8AM (08:00). Meteorological fields are
also generally more accurate for shorter forecast lengths.

The availability of the archived HRRR-Smoke data is shown in
Figure 1. Continuous historical PM2.5 data sets�especially at high

temporal resolution�are rare, whether observed or modeled. HRRR-
Smoke represents a unique archive of historical PM2.5 estimates, with
comparatively low data gaps compared to other data sets (such as
remotely sensed PM2.5 concentrations) and 24 h coverage. On
average, 2019, 2020, 2022, and 2023 had the best data availability,
with a low average forecast hour. There was relatively good coverage
from 2019 onward, with over 96% of hours per year represented from
2019 to 2023. HRRR-Smoke was still under development until 2020.
2018 has both the lowest coverage (89% of hours in a year
represented) and highest average forecast hour (six), indicating
potentially higher error in the HRRR-Smoke estimates for that time
period due to outages in the experimental forecasting system prior to
operational implementation. In contrast, 2022 and 2023 have the
highest data coverage, at 99%, with an average forecast hour close to
zero.

To prepare HRRR-Smoke data for assimilation, the archived GRIB
files were converted to netcdf using the WRF Preprocessing System
(consisting of ungrib, geogrid, and metgrid). The archived data were
cropped to the domain shown in Figure 2, which centers on
California.
Air Quality System (AQS) Data. The AQS from the EPA is a

comprehensive repository of ambient air pollution data collected from
hundreds of monitoring stations across the United States. These
stations are managed by the EPA in combination with state, local, and
tribal air pollution control agencies and provide data on pollutant

concentrations and meteorological conditions. The data are subject to
rigorous quality assurance and control measures to ensure high
reliability.

AQS data were obtained from the Air Quality System Data Mart,40

which contains yearly files of hourly PM2.5 data from all official
monitoring sites across the US. Because a data quality procedure is in
place for all AQS monitoring sites, no additional quality assurance
steps are taken here. The data were limited to the spatial domain of
interest before being used in data assimilation. AQS data covered
January 1, 2018 through December 31, 2023.
PurpleAir Data. Hourly data were obtained from outdoor

PurpleAir monitors from January 1, 2018 through December 31,
2023. These data were used for both data assimilation and data
validation. The PM2.5 CF1 and humidity data outputs from channels
A and B were used in this study.

The sensors housed within a PurpleAir monitor are sensitive to
fluctuations in ambient PM2.5 pollution and humidity; therefore,
quality assurance measures and correction factors need to be
applied.41−44 Following methods from Barkjohn et al., we
implemented a quality assurance protocol to evaluate monitor
consistency and ensure accurate data performance by the PurpleAir
monitors. Note that our data are at an hourly time scale, whereas
Barkjohn et al. used daily averaged data. The quality assurance
protocol starts with evaluating the absolute and percent differences
between dual-channel PM2.5 CF1 measurements (channels A and B)
for each monitor and hourly time point. We removed data if both
channels were missing CF1 data or if the absolute difference between
the channels exceeded 5 μg/m3 and the percent difference exceeded
70% (slightly higher than Barkjohn’s 61% threshold). Our approach
also included a monthly check, in which we averaged the hourly
channel A and B CF1 values over a month and excluded any data with
an average difference greater than 25%. For the correction, all
PurpleAir data were adjusted using the U.S.-wide and wildfire smoke
calibration methods from Barkjohn et al.,29,42 which adjusts the
average CF1 PM2.5 value with the relative humidity levels. Lastly,

Figure 1. Average forecast hour of the HRRR-Smoke data used in the
assimilation process (bar graph). Lower forecast hours are preferred.
The percent of overall data availability is listed in the legend as a
fraction of hours with data over the total available hours in a given
year.

Figure 2. Map of monitoring sites from AQS (green circles) and
PurpleAir (pink squares) that fall within the spatial domain of this
study. State (gray) and California air basin boundaries (blue) are
shown.
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corrected PurpleAir data were removed if they lacked at least six
consecutive hours of data in a given month.

To benchmark PurpleAir monitor performance, for each month,
every monitor was matched with its nearest AQS PM2.5 monitor based
on location. We used correlation coefficients (R2) between the
matched PurpleAir and AQS monitors to flag monitors if their mean
monthly values substantially deviated (more than 50%) from the
nearest AQS and the mean of all PurpleAir monitors matched to the
same AQS monitor. Data were excluded if a flagged monitor also had
an R2 ≤ 0.2 when compared to the nearest AQS monitor. Because
some PurpleAir monitors may be a substantial distance from the
nearest AQS monitor, data were excluded only if the values both
deviated from the nearby PurpleAir monitors and if there was a low R2

(≤0.2). After following this quality assurance and data correction
procedure, the hourly PurpleAir and AQS data have a high R2 (0.81)
with a slope of 1.02 for matched monitoring sites within 1 km of each
other.
Validation Data and Nomenclature. To clearly differentiate

data sets in the following discussion, we present the nomenclature for
our validation in Table 1.

Corrected PurpleAir observations are used for validation to ensure
high spatial coverage in both the assimilation and validation data sets.
Using AQS monitors for validation would limit both the number of
validation sites (<30) and the spatial coverage of the data available for
assimilation in an already sparse AQS network. Therefore, corrected
PurpleAir sites are used. Each month, a random 5% of PurpleAir data
was withheld from the assimilation process. On average, this ranged
from 60 to 300 monitors depending on the time frame. Because the
number of installed PurpleAir monitors has increased over time, later
years in our study have more validation sites per month than in earlier
years.
Gridpoint Statistical Interpolation (GSI)
We applied three-dimensional variational data assimilation (3D-Var)
using Gridpoint Statistical Interpolation (GSI) program. GSI was
deployed by the NOAA in 2006 as an operational tool. Originally
designed to assimilate weather variables such as wind speed, humidity,
and surface temperature, GSI has since been expanded to assimilate a
host of other variables and observation data types, including surface
measurements of PM2.5 and PM10 for WRF-Chem.45 In this work, GSI
was used to assimilate surface PM2.5 observations from AQS and
PurpleAir into smoke fields simulated by HRRR-Smoke, following the
approach set forth by Pagowski et al.45

3D-Var consists of solving for the “analysis field” (herein referred to
as x) that minimizes a cost function (J(x)) by comparing a model
result (often referred to as the “background field”) with observational
data, which include both PurpleAir and AQS data. The relevant terms
involved in this process are summarized in Table 2. The cost function,
J(x), is given by

= +J x x x B x x H x y R

H x y

( )
1
2

(( ) ( ) ( ( ) )

( ( ) ))

T T
b

1
b 0

1

0 (1)

More details on the cost function, including alternative forms, can
be found in Wu et al.46 and Huang et al.47 eq 1 can be interpreted as a
weighted average between the difference of the analysis field to model
estimate and the difference of the analysis field to observations. The
first term in eq 1 is the weighted background error, which is the
difference between the analysis field x and the background state xb
(HRRR-Smoke model field). The second term is the weighted
observation error, which contains the difference between the set of
observations y0 and the converted analysis field H(x). H represents
the operator that projects the analysis field x into the observation
space, which describes the associated units, location, and time of an
observation. For single-point measurements, this involves interpolat-
ing model results in time and space to the location of an
instantaneous monitor measurements. These analysis-to-background
and analysis-to-observations costs are then weighted by the relative
uncertainty in the observations and background field. GSI minimizes
the cost function using a preconditioned conjugate gradient
algorithm, which iterates until a convergence threshold or the
maximum number of iterations is reached.48

The observational error covariance matrix R is a diagonal matrix as
observation errors are assumed to be uncorrelated. The background
error covariance matrix B, meanwhile, carries more complexity. This
matrix represents the degree to which errors in the model are
correlated. One key simplification made in this study is the use of a
static, constant background error, following work by Wang et al.;49

reasons for this are discussed below.
Case Studies for Calibration and Validation
To calibrate several key parameters in the assimilation process as well
as characterize behavior in the resulting assimilated PM2.5 field, we
selected three distinct months with active wildfire events that
occurred during the study period: November 2018 (the Camp
Fire), October 2019 (the Kincade Fire), and September 2020 (the
Creek, Bobcat, Slater, and Devil Fires). These fire months contained
significant smoke plumes that affected communities across California.
The fire perimeters,50 PurpleAir monthly validation monitors, and
NOAA’s Hazard Mapping System (HMS) (herein referred to as
HMS51) smoke plumes for each case study month are shown in
Figure 3.
November 2018. The Camp Fire started on November 8, 2018 in

Butte County and lasted 17 days. It was the most destructive fire in
California history, destroying over 20,000 homes and structures52 and
resulting in 95 fatalities, with the vast majority of damage affecting the
community of Paradise, CA. The smoke plume from the Camp Fire
traveled across northern California, causing the San Francisco Bay
Area and Central Valley to experience nearly 2 weeks of high PM2.5
concentrations (averaging over 50 μg/m3, with highs over 200 μg/
m3). During a similar time frame (November 8−16, 2018), the
Woolsey Fire in Los Angeles and Ventura53 produced smoke that
affected nearby communities in Southern California.
October 2019. October 2019 was marked by the Kincade Fire,

which was the largest fire of the 2019 California wildfire season. The
Kincade Fire burned approximately 78,000 acres in Sonoma County
in Northern California, including 374 structures, from October 23 to
November 6, 2019. Smoke from the Kincade fire spurred a number of
air quality warnings throughout the San Francisco Bay Area, from
Sonoma to Santa Clara county.54,55

Table 1. Nomenclature Used in the Validation Process

observed PM2.5
(PurpleAir)

observational corrected PurpleAir data. 95% of available
PurpleAir data were included in the assimilation process

Observed PM2.5
(AQS)

Observational EPA AQS data. All available data were
included in the assimilation process

HRRR-Smoke Modeled wildfire smoke PM2.5 concentrations from the
HRRR-Smoke model. All available data were included in
the assimilation process

Assimilated
PM2.5

Estimated total PM2.5. Produced by assimilating observed
PM2.5 from PurpleAir and AQS into HRRR-Smoke data

Validation data The random 5% of corrected PurpleAir data withheld from
the assimilation process. Each month has a different 5%
withheld

Table 2. Definition of Terms Used in the 3D-Var Cost
Function

term definition

x Analysis field (the output of the assimilation)
xb Background field (HRRR-Smoke model field)
H(x) Analysis field projected into observation space
y0 Observational data (PurpleAir and AQS)
B Background error covariance matrix (symmetric)
R Observation error covariance matrix (symmetric)
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September 2020. September 2020 was the largest wildfire year in
California’s recorded history and consisted of several major wildfire
events that occurred simultaneously across the state. Among these
were the Creek Fire (September 4 to December 24 in Fresno and
Madera Counties in Central California), the Bobcat Fire (September
6 to November 27 in Los Angeles County), and the Slater and Devil
Fires (September 7 to November 16 in Siskiyou and Del Norte
Counties in Northern California). Collectively, these events burned
approximately 661,000 acres across the state and caused over $653
million in damage.56,57 The lingering air quality concerns about the
health impact of the prolonged smoke exposure, which for some
communities lasted nearly two months, prompted air quality
management districts throughout the state to revisit air quality
education and outreach.58

Parameter Selection for GSI
Four parameters were adjusted in GSI while the assimilation process
was developed: the gross error, the maximum error (ermax), the
minimum error (ermin), and the horizontal length scale (Lc),
described below. The gross, maximum, and minimum errors are all
used to evaluate whether or not an observation is included in the
assimilation or withheld. GSI evaluates the ratio of the difference
between the observed and background PM2.5 values to the standard
deviation of observation error as

=R
(PM PM )

max(ermin, min(ermax, observed error))
obs bkg

(2)

If this ratio R is greater than the gross error, then the observation is
withheld from the data assimilation process. Higher gross errors and
higher maximum errors allow GSI to assimilate observational data
with large differences from the background field, which may be critical
to accurately adjust PM2.5 predictions during wildfire smoke events.
Note that the gross error for assimilating PM2.5 is several orders of
magnitude higher than the gross error for standard meteorological
variables (such as wind and temperature). This is because errors in
chemical transport models are not Gaussian and instead may be on
the same order of magnitude as the predicted value itself.

GSI uses three recursive filters to model the horizontal scale of the
background error covariance. These horizontal correlation length
scales (Lc) are weighted to allow users to mimic non-Gaussian length
scale behavior while retaining computational efficiency.59 The
resulting structure is incorporated into the background model error
covariance matrix B (shown in eq 1). Larger values of Lc result in a
larger radius for increments or adjustments to the background field.

We selected values of Lc that provided a horizontal correlation of
about 30 km, consistent with work from Wang et al.49

The first round of calibration focused on selecting the gross error,
ermax, and ermin parameters. After testing a range of parameters,
those that minimized RMSE for the November 2018, October 2019,
and September 2020 study periods were selected. To distinguish
performance between the two highest performing parameter sets, a
10-fold cross-validation was conducted across these three case study
periods. The full PurpleAir observational data set was randomly split
into 10 different segments, and GSI was run 10 times, withholding
one data segment at a time for model validation. This process ensured
that the chosen parameter set was not biased toward a specific set of
calibration data. The assimilated PM2.5 field was compared to
validation data by bilinearly interpolating the assimilated PM2.5 field
to the coordinates of each PurpleAir validation site. Both the RMSE
and correlation coefficients (R2) were used to assess the assimilation
performance. The resulting best-case parameter set (lowest RMSE
and highest R2) is shown in Table 3.

Sensitivity to Observational Data Coverage. Using PurpleAir
data in the assimilation process in addition to AQS data increases the
spatial coverage of observational data in California significantly. Only
2% of the geographical area of California is within 5 km of an AQS
monitor, but over 27% of California is within 5 km of a PurpleAir
monitor. To further explore the additional information content
provided by the PurpleAir network, we compared assimilation results
using just AQS data with results that also included PurpleAir for the
November 2018 case study. This exercise demonstrates that the
PurpleAir data (in addition to AQS data) are critical to accurately
estimating PM2.5 in California (shown in the Supporting Information,
Figure S1). All other analyses in this study are for results using both
PurpleAir and AQS data.
Assimilation Validation
We evaluated the performance of our assimilated PM2.5 field using
PurpleAir monitor validation data (which were excluded from the
assimilation process). PM2.5 data with values of over 500 μg/m3 were
withheld from error calculations to exclude outlying events. Events
with PM2.5 > 500 μg/m3 represent less than 0.03% of the data, but
concentrations during high PM2.5 events (usually wildfire smoke

Figure 3. Map of validation PurpleAir monitors, wildfire fire perimeters, and heavy smoke polygons from NOAA’s HMS for each of the three case
studies months. The number of validation PurpleAir monitors is listed, which represents the 5% of available PurpleAir monitors that were withheld
from the data assimilation that given month. The HMS smoke polygons represent “heavy” smoke events as determined by NOAA. The smoke
polygons are shown for each day of each case study month.

Table 3. Final Parameter Set Used in GSI

gross error ermin ermax Lc

900 1.5 0.75 (0.05, 0.2, 0.2)
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events) can vary by orders of magnitude over narrow stretches of both
time and space, biasing statistics. RMSE and R2 values were calculated
for all remaining validation PurpleAir PM2.5 data, and model
performance was determined over the entire spatial domain per
month and per year. In addition, we assessed the performance of the
assimilated PM2.5 data during and outside of wildfire smoke events to
see if our estimates of total PM2.5 are consistently accurate. Smoke
plumes from NOAA’s HMS were used to determine if validation data
fell within a smoke event in space and time. While HMS data are a
commonly used proxy for determining the presence of smoke,24,60 it
can carry errors when categorizing an hourly data set, both from its
coarser temporal frequency (daily) and the possibility that observed
smoke is in fact aloft, and not at ground level.61 Once validation data
were delineated as “inside” or “outside” a smoke event period,
performance statistics were calculated across the entire spatial
domain.

■ RESULTS AND DISCUSSION
We used GSI to assimilate six years (2018−2023) of HRRR-
Smoke, AQS, and corrected PurpleAir PM2.5 data. GSI was
adjusted using the finalized parameter set shown in Table 3.
This effort used 32 CPUs on UC Berkeley’s Savio high-
performance computing cluster, with two CPUs assigned to
each MPI task. The assimilation process for each time step
required about 50 s of wall-clock time for a total computational
cost of 19,456 CPU hours.

The validation of the resulting assimilated data set is
discussed below. Given the size and scale of this hourly data
set, we focus on performance during the three case study
months, with performance statistics discussed broadly across
all six years.

Figure 4. Spatial concentrations of (a) HRRR-Smoke PM2.5, (b) assimilated PM2.5, and (c) the respective difference on September 7, 2020 at
midnight (00:00 UTC).

Figure 5. Smoke concentrations at 00:00, 3:00, 6:00, 9:00, 12:00, 15:00, 17:00, 19:00, 20:00, and 23:00 UTC on September 7, 2020 in panels (a−
j), respectively. The daily average is shown in panel (k), and the standard deviation for that day is shown in (l).
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Assimilated PM2.5 Output

A representative illustration of the spatial differences between
the HRRR-Smoke model and the assimilated PM2.5 field is
shown in Figure 4. The map depicts September 7, 2020 at
00:00 UTC when several wildfires were burning across the
state. An additional map of relative (or percentage) difference
for this date is shown in Figure S4, and similar maps for
November 15, 2018 are in Figures S2 and S3. Recall that while
HRRR-Smoke predicts wildfire smoke PM2.5, the assimilation
process corrects this using observation data to produce an
estimate of total PM2.5. In Figure 4, the difference between
panels (a) and (b) is shown in panel (c), highlighting the
spatially heterogeneous changes to the background PM2.5 field.
Many of the positive increments are because HRRR-Smoke
only predicts wildfire smoke concentrations, while our
observational data captures total PM2.5, including nonwildfire
anthropogenic sources and secondary aerosol production.
Thus, in areas with ambient nonwildfire PM2.5 levels, the
assimilation process results in a net increase of PM2.5 compared
to the HRRR-Smoke result, as the assimilated PM2.5 represents
total PM2.5. For example, this occurs with industrial- or
transportation-related air pollution in Southern California. On
September 7, 2020, 00:00 (Figure 4), the assimilated PM2.5 has
corrected for HRRR-Smoke’s overestimation of wildfire smoke
concentrations in Northern California and for underestimation

of PM2.5 concentrations in the Bay Area and Los Angeles area,
with most increments on the order of 0−20 μg/m3.
Meanwhile, the shift between HRRR-Smoke and the
assimilated PM2.5 on November 15, 2018 (Figure S2) includes
large absolute (∼20 μg/m3) increments within the smoke
plume in Northern California.

We show the evolution of total PM2.5 across the Los Angeles
basin during a representative high pollution day on September
7, 2020. The greater basin includes both major urban areas as
well as wildland−urban interface communities. There is clear
time variability in the PM2.5 concentration field across the
entire basin, and the hourly data retain sharper spatial
gradients and structure than the daily average. At 00:00
UTC, there are low PM2.5 concentrations across the region.
However, by 9:00, a heavy smoke plume moved in from the
west. Pollution levels peak around 17:00−19:00. By 23:00, the
smoke has partially cleared, though some regions still
experience high PM2.5 levels. The daily standard deviation is
high throughout the Los Angeles basin (>50 μg/m3) with the
exception of several coastal communities (such as Long Beach
and Anaheim), and the daily average looks significantly
different from the hourly PM2.5 levels. Figure 5 demonstrates
that a daily average often cannot reflect the hourly scale
variations in PM2.5 concentrations, which depending on the
time of day can be much higher or much lower than a daily

Figure 6. Time series of observational (both PA and AQS), HRRR-Smoke, assimilated, and validation PM2.5 data at a location in Richmond, CA,
for (a) November 2018, (b) October 2019, and (c) September 2020. The observational AQS and validation PA monitors are within 5 km of the
observational PA monitor. The observational data were used by GSI to produce the assimilated PM2.5 field. Note that there are some periods with
missing data.
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average. This high variability is common during wildfire smoke
events and across wildland−urban interfaces, since smoke
plumes can shift rapidly as a function of meteorology, swinging
air quality from relatively good to highly polluted conditions
over the course of a few hours. Figure 5 also demonstrates the
extent to which local topography and meteorology can affect
PM2.5 levels over short spatial and temporal scales. Additional
plots are shown in the Supporting Information, showing
rapidly changing PM2.5 levels in the greater Bay Area during
representative days during the case study months (Figures S5
and S6).
Validation

Across the Case Studies. Assimilated PM2.5 concen-
trations are first validated during the three case study periods.
We present a time series of HRRR-Smoke, observational
(PurpleAir and AQS), assimilated, and validation (PurpleAir)
PM2.5 data in Figure 6. These data come from a site in
Richmond, CA, with a PurpleAir monitor that was active
across all three case study time periods and used in the
assimilation. This location was within 5 km of both an AQS
monitor (also used in the assimilation) and a validation
PurpleAir monitor (not used in the assimilation). Note that
while the specific validation PurpleAir monitor varied month
to month (due to the random selection of validation sites),
there was consistently a validation site available within 5 km
(see Figure S8).
As seen in Figure 6a, during November 2018, the assimilated

PM2.5 output diverges from the original HRRR-Smoke signal
and has largely collapsed onto the observed data, capturing
both the magnitude and temporal pattern of the observed and
the validation PM2.5 signal. The assimilated signal (purple line)
tracks with the validation data (gray line), indicating excellent

GSI model performance. October 2019, shown in Figure 6b,
shows the assimilated PM2.5 largely tracking both the observed
and validation PM2.5 signals, with a notable divergence during a
high smoke event on October 28. The third case study, Figure
6c, September 2020, behaves similarly to that of November
2018, panel (a). Here, there is a strong validation performance,
with the assimilated PM2.5 closely tracking the validation signal.
From September 14 to 15, the AQS monitor logs an increase
in PM2.5, while the other PurpleAir monitors (observational
and validation) stay relatively constant. The assimilated
product, which has been interpolated to the site of the
PurpleAir validation monitor, does not follow this increase
shown in AQS data and instead closely aligns with the
observational PurpleAir data from that time period, indicating
that local variations in PM2.5 are important even over shorter
(5 km) scales and that these variations are captured by the data
assimilation process. In all three case studies, the assimilated
PM2.5 field has high agreement with validation data, especially
compared to the original HRRR-Smoke fields, which can differ
from observed PM2.5 by hundreds of μg/m3 values during
heavy smoke events.

We show a spatial plot of the RMSE at the validation sites
for each case study in Figure 7. The areas with high RMSE
differ across the three case studies, demonstrating that the
specific characteristics of each smoke event (such as plume
location and intensity) influence error behavior more than
distance from assimilated observational data. Instead of seeing
higher RMSE in areas far from population centers, where
observational data are limited, error is instead highest closer to
wildfire boundaries, where the smoke is most intense. For
example, during November 2018 (Figure 7a), the highest
RMSE is close to the Camp Fire itself (recall Figure 3, which
depicts the fire perimeter). Similarly, in October 2019 (Figure

Figure 7. Root-mean-squared error (RMSE) for all validation sites during the three case studies. RMSE was calculated using the hourly data and
then averaged over each month. RMSE is in units of μg/m3.

Table 4. Root-Mean-Squared Error (RMSE) and R2 Values for HRRR-Smoke and Assimilated PM2.5 for Each Case Study
(November 2018, October 2019, September 2020)a

Case Study RMSE (HRRR-Smoke) RMSE (Assimilated PM2.5) R2 (HRRR-Smoke) R2 (Assimilated PM2.5)

Nov-2018 35.7 10.7 0.17 0.90
Oct-2019 11.8 6.24 0.10 0.55
Sep-2020 37.5 9.22 0.25 0.94

aRMSE is in units of μg/m3.
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7b), error is highest in Sonoma County and generally low (<5
μg/m3) throughout the rest of the state. These patterns
highlight the challenge of estimating PM2.5 in areas
experiencing sharp, rapidly evolving gradients and large
PM2.5 values associated with wildfire smoke.
We present error statistics in Table 4 and a scatter plot of

model performance for both HRRR-Smoke and assimilated
PM2.5 in Figure 8. The assimilated output yields an overall
improvement in RMSE and coefficient of determination R2

when compared to the original PM2.5 concentrations estimated
from HRRR-Smoke. As seen in Figure 8, the correlation
between validation PM2.5 and the assimilated estimate is much
stronger at lower PM2.5 concentrations than at higher values.
RMSE in November 2018 and September 2020 was reduced
approximately 70−75%, while the RMSE reduction is lower for
October 2019 at about 50%. The R2 also increases significantly
for all three case studies, with November 2018 and September
2020 having R2 ≥ 0.90, indicating excellent agreement.
PurpleAir data are critical to this validation performance due
to the high spatial coverage across California (as seen in Figure
S1). The lower values for October 2019 are likely because
wildfire smoke PM2.5 contributed much less than ambient

PM2.5 to values seen across California, producing a weaker
PM2.5 signal (Figure 3).
Fire vs Nonfire. We evaluate fire and nonfire seasons

separately over the six year analysis period. In the absence of
wildfire smoke, ambient PM2.5 values are typically far lower
(e.g., 0−15 μg/m3) than when wildfire smoke plumes are
present, which can produce PM2.5 values ranging from 50 to
over 500 μg/m3. Validation statistics for the assimilated PM2.5
during both fire and nonfire periods are presented in Table 5.

The improvement in the assimilated PM2.5 field compared to
that in HRRR-Smoke during both fire and nonfire events is
very similar, with about a 70% reduction in RMSE and a
resulting correlation R2 of approximately 0.75 for both periods.
The RMSE is higher during the fire season than during the
nonfire season (3.6 μg/m3 compared to 2.5 μg/m3,
respectively).

Error in the assimilated PM2.5 is highest during wildfire
events. As seen in Table 5 and Figure 9, RMSE is smaller
during nonfire time periods compared to time periods
dominated by wildfire smoke. This difference can be attributed
to several factors. The first is the simplest: RMSE tends to be
smaller when PM2.5 concentrations are lower, because the
absolute differences between observed and modeled values are

Figure 8. Scatter plots of HRRR-Smoke (red) and assimilated (blue) PM2.5 estimates vs validation PM2.5 from PurpleAir monitors for the three
case studies: (a) November 2018, (b) October 2019, and (c) September 2020. The black dashed line represents the 1:1.

Table 5. Root-Mean-Squared Error (RMSE) and R2 for HRRR-Smoke and Assimilated PM2.5 During Fire and Nonfire Periodsa

Event RMSE (HRRR-Smoke) RMSE (Assimilated PM2.5) R2 (HRRR-Smoke) R2 (Assimilated PM2.5)

Fire 12.2 3.6 0.21 0.76
Nonfire 8.1 2.5 0.10 0.75

aRMSE is in units of μg/m3.

Figure 9. Time series of monthly RMSE (left-hand axis) compared to average PM2.5 from the validation data set (right-hand axis).
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typically smaller. Wildfire smoke events are harder to model,
and model errors can persist during the assimilation process.
During wildfire smoke events, errors in HRRR-Smoke may
result in plumes of high PM2.5 that advect slightly off in time or
space compared to true events,39 resulting in observational
monitors capturing high PM2.5 in areas where HRRR-Smoke
concentrations may be low or even zero. While the assimilation
process effectively corrects for the phasing of these smoke
events, it tends to underestimate the magnitude. The use of a
static background error covariance field compounds these
model errors. Future studies focusing on just wildfire events
could reduce the error by generating case-dependent back-
ground error covariances. When considering events like the
historic fire season of 2020, a case-dependent field could
account for the high variance in PM2.5 concentration across
time and space. However, generating case-specific error
covariances is impractical for a six year period with hundreds
of different wildfire events, as it would require rerunning the
HRRR smoke model62 in order to customize the error
covariance field to a daily resolution. This would significantly
increase the computational cost of our approach.
Overall, high-PM2.5 events tend to carry a higher RMSE in

the assimilated PM2.5, even if other performance metrics are
strong. For example, note the relatively high RMSE in the
assimilated PM2.5 during November 2018 (10.7 μg/m3)
despite the excellent R2 value (0.90). Lower performance at
high PM2.5 concentrations was also observed in the data set
developed by Aguilera et al.24 and demonstrates the difficulty
in capturing both low-level and extreme PM2.5 concentrations
with the same method.
Summary across All Years. Finally, we review validation

performance across the full six year data set spanning 2018−
2023. Yearly performance statistics are provided in Table 6.

Note that additional tables with detailed yearly statistics, as
well as scatter plots comparing the HRRR-Smoke and
assimilated PM2.5 estimates to validation data, are provided
as Supporting Information.
A monthly time series of the RMSE is shown in Figure 9.

The RMSE of the assimilated PM2.5 data set is nearly entirely
in phase with the average monthly PM2.5 signal from the
observed PurpleAir data across California. RMSE is lowest
when PM2.5 concentrations are low and rises during fire
seasons when there are high PM2.5 concentrations with strong
spatial and temporal gradients. For 94% of the six year period,
the RMSE remains below 10 μg/m3. The highest RMSE occurs
during the fire seasons in 2018, 2020, 2021, and 2022. The
assimilation process substantially improves performance
compared to HRRR-Smoke across all three case studies and
the six year period. Compared to the original HRRR-Smoke
model, which frequently misses the location or timing of high
PM2.5 during heavy smoke events, the assimilated product

tends to capture both the magnitude and the phasing of
observed pollution peaks. This improvement is quantified by a
61% reduction of average RMSE.

With hourly statistics, it is generally harder to get better
agreement because of the need to capture temporal variability
in the PM2.5 signal. Nonetheless, across the six year data set,
the average hourly RMSE is 4.13 μg/m3 and the R2 is 0.82 (see
Table 6 for a yearly breakdown). This performance compares
well to other PM2.5 data sets from the literature, shown in
Table 7. Some years within the assimilated PM2.5 data set, such

as 2020, exceed the R2 values shown in Table 7. This is
especially noteworthy given that our statistics are at hourly
time resolution compared to daily data used by most other
studies. Statistics from the hourly data set of Park et al.21 also
compare well.

Our approach has several limitations. First, due to the low
density of regulatory monitors, we relied on low-cost PurpleAir
data for validation. As a result, our validation is biased toward
urban, higher-income areas, where PurpleAir monitors tend to
be concentrated. Furthermore, the quality control and
correction algorithms used here constrain, but do not fully
eliminate, observational errors. There are also clear oppor-
tunities to improve the data assimilation process. In particular,
fine-scale adjustments to the estimated background error
covariance would strengthen the variational data assimilation
performance during wildfire events. There is also promise in
experimenting with appropriate observational error covariances
for both AQS and PurpleAir monitors.

Nonetheless, the strong performance of the assimilated data
set, with an average R2 value of 0.82 across the six year period
and an average RMSE of 4.13 μg/m3, demonstrates that 3D-
Var can produce analysis fields with reasonable accuracy across
not only wildfire smoke events but also nonfire-related
pollution periods. In combination with its coverage of six
years of hourly PM2.5 levels across California, this data set
provides a valuable opportunity for health studies to examine
the effects of subdaily PM2.5 exposure on a range of outcomes.
One area to explore further would be quantifying how much
PurpleAir monitor data are required to adequately improve
PM2.5 estimates. Specifically, it would be useful to identify a
subset of the monitoring network that maximizes the
information value for GSI while minimizing the cost required
to purchase PurpleAir data. Lastly, using this data set, future
studies could investigate the efficacy of subdaily metrics for
exposure estimates, as well as explore how local meteorology

Table 6. Model Performance across 2018−2023a

Year RMSE R2

2018 5.41 0.89
2019 3.08 0.83
2020 5.65 0.91
2021 6.07 0.79
2022 3.36 0.89
2023 4.52 0.73

aRMSE is in units of μg/m3.

Table 7. Model Statistics for Datasets of PM2.5 in
Californiaa

Data set Frequency Time span RMSE R2

Assimilated PM2.5 Hourly 2018−2023 4.13 0.82
Di et al.16 Daily 2000−2015 4.04 0.80
Aguilera et al.24 Daily 2006−2020 4.37 0.83
Cleland et al.18 Daily October 2017 n/a 0.71
Li et al.14 Daily 1990−2013 n/a 0.79
Reid et al.63 Daily 2008−2018 4.03 0.76
Park et al.21 Hourly 2023 6.14 0.80

aValues were calculated by the respective authors and span different
time periods. RMSE and R2 values are included when available for the
portions of datasets spanning California. Statistics for our study’s
dataset are shown in bold.
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and climate variability affect the range of PM2.5 that individuals
may be exposed to on a subdaily scale.

■ ASSOCIATED CONTENT
Data Availability Statement

This study utilized the Gridpoint Statistical Interpolation
(GSI) data assimilation system developed by NOAA, which is
publicly available at: https://dtcenter.org/community-code/
gridpoint-statistical-interpolation-gsi. The HRRR-Smoke
model outputs used in this study are publicly available from
the National Oceanic and Atmospheric Administration
(NOAA) and can be accessed at https://rapidrefresh.noaa.
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