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BACKGROUND: Despite progress in reducing industrial air pollution, rising wildfire frequency and intensity, driven in part by climate change, pose sig-
nificant health risks. Accurate estimates of wildfire-generated fine particulate matter with an aerodynamic diameter <2.5 um (PM;s) are needed for
advancing health research, policymaking, and environmental protection.

OBJECTIVE: This review evaluates existing methodologies and data sources for estimating wildfire-generated PM, s, aiming to improving accuracy
and accessibility for health research, policy development, and environmental management strategies.

METHODS: We conducted a systematic literature search across Medline, Scopus, Web of Science, Google Scholar, and Embase (January 2018 to
March 2024) using keywords such as “PM, 5 exposure,” and “wildfire PM,5.” Studies were included if they were publicly available, focused on
North America (primarily the US), and provided wildfire-attributable PM, s data. Of 2,757 articles identified, 418 full texts were screened, and 33
met inclusion criteria. Four studies offered wildfire-specific estimates of PM; s, and one dataset was excluded due to accessibility issues, leaving three
for analysis. We processed data using R (version R 4.3.1; R Development Core Team) at the ZIP code level for consistency and examined total and
wildfire-specific PM; 5 estimates for California in 2010 (low fire activity) and 2018 (high fire activity), focusing on Los Angeles (densely monitored)
and Modoc (no monitors) counties. Analyses included Pearson correlation, cross-correlation, and Granger causality to assess temporal relationships
and consistency.

RESULTS: From the 33 studies included, three main estimation approaches emerged: chemical extraction, thresholding, and integration of satellite and
fire-specific data (e.g., smoke plumes and fire perimeters). Most studies combined ground-based monitor data, satellite-derived aerosol optical depth,
and explanatory data like meteorology and land use. The three public datasets indicated that in California, wildfire-specific PM; s contributed 11.2%—
36.9% of total PM; 5 in 2010 and 13.7%-21.2% in 2018 with stronger agreement in 2018. Correlations were stronger in Modoc County (no monitors)
(0.44-0.51 in 2010; 0.79-0.88 in 2018) than in Los Angeles County (densely populated area, 20 EPA monitors, where correlations ranged from 0.19—
0.21 in 2010 and 0.54-0.79 in 2018). Overall, the datasets estimating total PM; s were more consistent than wildfire-specific PM, 5 estimates.

ConcLusIONs: We offer a review of current data sources used for wildfire-specific PM, 5 estimation and compare publicly available datasets. As
expected, the contribution of wildfire smoke to overall PM; s increased with wildfire activity. However, limited publicly available datasets hinder

comprehensive comparisons and generalizations for health research and outcomes. https://doi.org/10.1289/EHP15672

Introduction

Recent decades have seen a dramatic increase in wildfires in the
Western US,! both in frequency (+50%) and area affected
(+390%), exacerbating air pollution levels despite concurrent
reductions in emissions from industrial and traffic sources.?
While climate change creates warmer, drier conditions that
heighten wildfire risk, other factors also play a role. Expanded
development in the wildland—urban interface introduces more
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ignition sources, and historical fire suppression has led to dense
forests with high fuel loads, making fires harder to control.?
Migration into these vulnerable regions further increases risks to
health and property. Wind patterns carry wildfire smoke beyond
the immediate fire zones, increasing exposure in distant com-
munities.*® Extensive studies have unveiled a multitude of
adverse effects on human health, linking short-term exposure to
wildfire smoke with a range of acute health effects, including
heightened rates of cardiovascular mortality,”~'! adverse birth
outcomes,'?'2 mental health effects,' elevated instances of
asthma-related hospitalizations,® and an uptick in emergency
room visits.!*1> With climate change, wildfires are expected to
become more frequent, emphasizing the need to better under-
stand the short-term and long-term health implications of
wildfire-specific air pollution.'®

Decades of extensive research have focused on the adverse
health effects of air pollution, specifically on particulate matter
composed of tiny solid particles and liquid droplets suspended in
the air. Particulate matter remains a critical global environmental
health risk, linked to ~ 7 million premature deaths annually.!” In
the US, it has been estimated that total air pollution exposure con-
tributed to 230,000-300,000 deaths in 2012 alone.'® Accurate,
source-specific estimates of human exposure to inhaled air pollu-
tants are essential for assessing health impacts and devising mitiga-
tion strategies.

This review specifically focuses on fine particulate matter
with an aerodynamic diameter <2.5 pm (PM; s) due to its partic-
ularly harmful characteristics and the substantial body of evidence
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linking it to severe health outcomes. Although wildfire smoke
contains other pollutants, such as particulate matter with aero-
dynamic diameter <10 pm (PM,g), polycyclic aromatic hydro-
carbons (PAHs), and volatile organic compounds (VOCs),
PM, 5 is considered the most critical component for health risk
assessment. Its small size allows it to penetrate deep into the
respiratory system, reaching the lungs, and even entering the
bloodstream, leading to acute cardiovascular and pulmonary
issues, dementia,'®~2! and other longer-term conditions. In 1996,
the US Environmental Protection Agency (EPA) recognized
PM, 5 as a major pollutant contributing to smog, acid rain, and
various health issues under the US National Overall Air Quality
Standards (NAAQS).?2 The EPA air monitoring network meas-
ures PM, 5 nationwide for compliance with the recently revised
2024 primary annual mean standard set at 9 pug/m? (recently
reduced from 12 pug/m?) and a 35-pg/m® 24-h average.?® In
comparison, the World Health Organization has the annual
mean standard set at 5 pg/m?® and the 24-h average standard at
15 pg/m3. 2

The regulations within the US, established by the Clean Air Act
Amendments,?> do not account for chemical composition or speci-
ation differences in PM,s concentrations. Wildfire-generated
PM, 5 is often considered an “exceptional event” under EPA regu-
lations.?® As a result, PM, 5 emitted from wildfires is categorized
similarly to emissions from industrial and traffic sources despite
potentially distinct chemical composition and impacts on health.
For example, a study revealed that PM, 5 specific to wildfires was
ten times more detrimental to respiratory hospitalizations than
PM, 5 from other origins.?’ This generalization is partly due to the
challenges in pinpointing the specific components of PM; 5, espe-
cially those from wildfires, which involve complex measurement
techniques, the sporadic nature of fires, and varying seasonal and
atmospheric distribution patterns.?’~2° In addition, emerging stud-
ies now offer insights into the immunotoxic effects of wildfire-
derived PM; 5, suggesting that it may be significantly more harm-
ful than its overall counterpart.’>-3! Studies have shown that the
chemical composition of wildfire PM; 5 has a higher fraction of or-
ganic components than other PM.3233 [n vitro and in vivo studies
indicate that wildfire-specific PM; 5 can lead to disease-causing
inflammatory cascades through increased inflammation, oxidative
stress, and respiratory infection by impacting pulmonary macro-
phage functions.3%3* Further insight comes from human-based
research that found that increases in wildfire-specific PM; s
caused increases in respiratory hospitalizations and cardiovascu-
lar visits,7-35-36

Researchers and policymakers select from a variety of PM; s
exposure modeling strategies. Yet, there is limited clarity around the
tradeoffs in accuracy and accessibility between different approaches,
especially in the context of wildfire seasons. Implicitly, one of the
goals of these analyses is to better characterize exposure at locations
to understand the impacts of that exposure. For instance, studies have
been able to highlight the importance of accurate exposure assess-
ments in particular areas to better evaluate the health effects of
PM, 5 exposure during wildfire events.37-38 Here, we aim to clar-
ify the data sources, methodologies, and modeling techniques
employed in estimating wildfire-specific PM, s concentrations.
We start with an overview of the general methods and models for
compiling data on PM; s from all sources. This foundation allows
us to explore the specialized data and approaches for isolating
wildfire-derived PM; s (see Figure 1 for a roadmap). We then
introduce the publicly accessible wildfire-specific PM; 5 datasets
available for research and policymaking with a comparative anal-
ysis and summary statistics of select wildfire-specific PM, 5 data.
We conclude with an update on the challenges, progress, and
future directions for wildfire-specific PM; 5 estimation.
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Methods

Literature Search and Study Selection

We conducted literature searches in multiple databases, including
MEDLINE, Web of Science, Google Scholar, EMBASE, and
Scopus, to identify publicly available wildfire-specific PM; 5 expo-
sure datasets. We focused on publications published from January
2018 to March 2024, although data did not have to be within this
period. We chose this timeframe to build upon prior reviews and to
capture the most recent research, methods, and regulatory updates
about wildfire-specific PM; s exposure estimation (Table S1). Our
search strategy utilized a range of keywords and phrases specifi-
cally targeting wildfire-specific PM, 5 exposure estimates, includ-
ing terms such as “PM; s exposure estimates,” “wildfire-specific
PM, 5,” “Estimating PM, 5 exposure,” and “wildfire PM; 5.” These
terms were individually searched without quotation marks using
API queries, combined using the AND Boolean operator within
each database. These search terms were selected to ensure the
inclusion of all relevant studies addressing wildfire-specific PMj s.
Figure 2 outlines the specific methodology and search terms used.
Initially, our search yielded ~ 220,000 results. Due to extensive
indexing in databases such as Google Scholar and Scopus, initial
queries yielded very high numbers of results, including many irrel-
evant articles, such as those related to indoor air pollution, general
air quality studies not focused on wildfires, epidemiological stud-
ies unrelated to PM; s exposure from wildfires, and broader envi-
ronmental or climate studies that did not specifically address
wildfire emissions. Using Python scripts, we systematically filtered
out irrelevant articles as described above, along with reviews and
non-English articles, resulting in 2,757 studies; after the removal
of duplicates, we were left with 1,102 studies. Two authors (A.O.
and E.L.L.) independently screened these results based on prede-
fined inclusion criteria. Disagreements were resolved through dis-
cussion and consensus; if no consensus could be reached, a third
reviewer (C.L.) was consulted.

Our review was conducted in two stages. First, we identified all
studies conducted in North America (US and Canada) that
attempted to distinguish a wildfire-specific PM; s component from
overall ambient PM, 5. This initial search resulted in 33 studies that
met these general criteria. Second, from among the 33 studies, we
applied a more specific inclusion criteria for comparison: studies
had to a) provide or reference publicly available (downloadable)
wildfire-specific PM; s datasets and ) include daily PM, 5 data cov-
ering California, due to its frequent and severe wildfire activity.

Of the 33 studies, 29 studies did not offer publicly available
datasets but are summarized in Table S1. These studies contributed
valuable insights into different methodological approaches used in
the field, highlighting the range of strategies for wildfire source
attribution. By including them, we aimed to provide a broader
understanding of how different research groups have attempted to
separate wildfire emissions from other PM; s sources, comple-
menting the direct dataset comparisons conducted in our analysis.
Four of the 33 studies provided publicly available wildfire-specific
PM, 5 datasets. However, after further evaluation, only three data-
sets (Aguilera et al.,>® Childs et al.,°® and Zhang et al.*°) were used
in the final analysis. One dataset was excluded (Reid et al.*') due to
spatial and temporal incompatibilities. Building on the insights
from the 29 studies, we focused on these three articles that pro-
vided both methodological detail and publicly available data.

Each of the three datasets had statewide California coverage,
enabling direct comparison across spatial and temporal scales.
The Aguilera et al.* dataset provided 1-km X 1-km PM, 5 esti-
mates across California, derived from satellite data and ground-
based sensors, focusing on wildfire smoke contributions. The
Childs et al.® dataset estimated PM, 5 exposure across the US at a
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Figure 1. A conceptual diagram to explain the data sources used in estimating spatial and temporal patterns of PM; s (the three basic data types of all-source
PM; 5 estimates) and additional data included for estimating spatiotemporal wildfire-specific PM, 5 (the three basic approaches for extracting wildfire-specific
PM, s estimates). Blue boxes (Ground-based PM; s monitoring data and Satellite data for PM; s estimates) provide the observational PM, s data, and gray
boxes (Chemical extraction, Thresholding for wildfire-specific PM, s) illustrate additional techniques applied to PM, s layers to extract the additional explana-
tory data and wildfire-specific data (green boxes and diamonds). Red boxes illustrate the PM predictions for all sources (the three basic data types of all-source
PM, s estimates) and wildfire-specific sources (the three basic approaches for extracting wildfire-specific PM, 5 estimates). Note: HAPS, Health and Air
Pollution Surveillance System; PM; s, fine particulate matter with an aerodynamic diameter <2.5 pm.

10-km x 10-km resolution. The Zhang et al.*® dataset used
satellite-derived smoke plumes and air quality modeling to pro-
duce 5-km wildfire-specific PM,s estimates. Dataset details,
including geographic scope, modeling methods, and sources, are
provided in Table 1.

By comparing these three datasets, we were able to directly
evaluate the consistency, strengths, and limitations of each
dataset in estimating wildfire-specific PM,s across different
regions and fire conditions. The emphasis on US studies was
practical because of the comparability of regulatory frameworks
(e.g., US EPA standards), monitoring networks (e.g., AirNow
and PurpleAir), and wildfire behavior patterns. Although re-
gional differences within the US (e.g., Pacific Northwest vs.
Southeast) exist, focusing within North America ensured
greater consistency across datasets compared to including stud-
ies from other continents with substantially different wildfire
dynamics and regulatory systems.
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Data Extraction from Identified Studies

We reviewed the 29 studies that did not provide downloadable or
directly usable datasets. These studies, summarized in Table S1,
played a critical role in shaping our understanding of the broader
methodological landscape for estimating wildfire-specific PMj; s.
From these articles, we systematically extracted key methodolog-
ical information to inform the review’s classification and synthe-
sis sections. Specifically, we recorded details about each study’s
geographic and temporal coverage, the modeling frameworks
employed (e.g., chemical transport models, machine learning
algorithms, or ensemble methods), and the types of input data
used, such as ground-based monitors, satellite-derived aerosol
optical depth, fire emission inventories, meteorological variables,
and land use data. We also noted the methods used to isolate
wildfire-related PM; s, including plume modeling, smoke sub-
traction approaches, use of fire perimeter data, and thresholding
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Figure 2. Flow diagram of study selection. Initially, 2,757 records were identified through our comprehensive database searches, which included MEDLINE,
Web of Science, Google Scholar, EMBASE, and Scopus. After duplicates were removed, 1,102 records were screened, leading to 684 being excluded after title
and abstract review based on predefined criteria. The search was conducted using an extensive list of keywords and phrases to ensure comprehensive coverage
of all pertinent studies on wildfire-specific PM; 5 exposure. These keywords included: “PM; s exposure estimates,” “Estimating PM; 5 exposure,” “PM; s pollu-
tion,” “PM, 5 estimates,” “wildfires,” “wildfire-specific PM,s,” “wildfire PM,s,” “wildfire air quality impacts,” “particulate matter from wildfires,” “smoke
pollution,” “wildfire pollution,” “airborne particulates from wildfires,” “wildfire smoke assessment,” “smoke exposure,” “wildfire particulate analysis,” “atmos-
pheric particulates from wildfires,” “fire-related air pollution,” and “forest fire pollution.” These terms were chosen to capture a broad spectrum of research
related to PM; 5 emissions from wildfires. Further assessment of 418 full-text articles resulted in 384 exclusions due to not being assessable (71), study cover-
ing North America (40), relevant to the study (273), leaving 33 studies included in the final review. Only 4 out of the 33 studies included in this review had
publicly available data. In the final dataset comparison analysis, we only include 3 of the 4 publicly available datasets due to accessibility issues; see methods
section for detailed inclusion and exclusion criteria. Note: PM; 5, fine particulate matter with an aerodynamic diameter <2.5 pum.
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” ”

techniques, as well as any reported model performance metrics Data Extraction from Datasets
like R? and root mean square error (RMSE). The information
gleaned from these 29 studies directly informed the typology
described in the three basic data types of all-source PM, s esti-
mates (three basic data types used in PM; 5 estimation: ground-

Data extraction from the selected datasets was conducted using R
(version 4.4.2; R Development Core Team). R was used to stand-
ardize the data (e.g., same time periods, same location) formats
across the three datasets and perform a comparative analysis of

based monitors, satellite data, and additional explanatory varia- PM, 5 exposure estimates. This analysis focused on comparing the
bles) and the categorization in the three basic approaches for extract-  consistency of PM, 5 estimates across different regions, with par-
ing wildfire-specific PM, s estimates (three major approaches to ticular emphasis on California, which was included in all three
extracting wildfire-specific PM 5: chemical extraction, threshold-  datasets. Data cleaning and harmonization were carried out to

ing, and wildfire-specific auxiliary data). While these studies didnot  ensure uniform temporal and spatial resolution, enabling direct
contribute raw datasets for side-by-side numerical comparison, their comparison of PM, 5 estimates across the studies. We processed all
methodological contributions were foundational for building the data at the ZIP code level. This approach was chosen because EPA
framework used to evaluate and contextualize the three core datasets monitoring data can be geolocated and assigned to specific ZIP
analyzed in this review. codes, allowing for a standardized spatial unit across all datasets.

Table 1. A summary of publicly available wildfire-specific PM, 5 datasets used in this comparative study.

Spatial Temporal Ground
Source of dataset Region  Time period  resolution  resolution monitor Model Satellite Other variables
Aguilera et al.?’ CA 2006-2020  ZIP code Daily EPA RF, ML AOD AB, H, P, SSR, T, TI,
WD, WP, WV
Childs et al.® CONUS  2006-2020  10x 10 km Daily EPA ML, HYSPLIT AOD, MODIS P,RH, SP, T, VPD, WS
Zhang et al.* CONUS  2007-2018  ZIP code Daily EPA, PurpleAir CMAQ, RF, AOD, MAIAC, LC,M,PO,RH, SP, T

SMOTE, ML MODIS

Note: The URLs of the datasets are listed as follows: Aguilera et al. dataset https:/github.com/benmarhnia-lab/Wildfire_ PM25_California_ZIP_and_census_tract, Childs et al. dataset
https://github.com/echolab-stanford/daily-10km-smokePM, and Zhang et al. dataset https://figshare.com/articles/dataset/Zip_code-level_wildfire_smoke_PM_sub_2_5_sub_data_for_
CONUS_2007-2018/25016510. Table 7 shows spatially continuous wildfire-specific PM, 5 datasets that are publicly available and free. AB, air basin; AOD, aerosol optical depth;
CMAQ, community multiscale air quality; EPA, Environmental Protection Agency; H, humidity; HYSPLIT, hybrid single-particle Lagrangian integrated trajectory; LC, land cover;
M, meteorological; MATAC, multi-angle implementation of atmospheric correction; ML, machine learning; MODIS, Moderate Resolution Imaging Spectroradiometer; P, precipitation;
PM, 5, fine particulate matter with an aerodynamic diameter <2.5 pm; PO, population; RF, random forest; RH, relative humidity; SMOTE, synthetic minority oversampling technique; SP,
smoke plumes; SSR, surface shortwave radiation; T, temperature; TI, thermal inversions; VPD, vapor pressure deficit; WD, wind direction; WP, wildfire perimeter; WV, wind velocity.
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Table 2. Summary of publicly available wildfire-specific and ambient PM, 5 datasets for California by ZIP code for 2010 and 2018.

Days above WHO Days above EPA
Dataset Type Year  Minimum  Mean  Median IQR Maximum Total 15 (ug/m?) standard 35 (ug/m?) standard
EPA#? Overall 2010 0.0 10.19 8.5 7.9 114.8 35,763 35.0 0.0
Aguileraetal.?’”  Overall 2010 0.0 8.81 7.7 5.82 97.15 649,335 6.0 0.0
Childs et al.® Overall 2010 NA NA NA NA NA NA NA NA
Zhang et al.* Overall 2010 1.02 10.16 9.26 7.0 54.58 605,900 11.0 0.0
Aguileraetal.”’  WF 2010 0.0 1.82 1.0 0.0 67.71 29,602 0.0 0.0
Childs et al.® WF 2010 0.0 1.98 1.63 2.14 28.53 20,716 0.0 0.0
Zhang et al.* WF 2010 0.0 1.68 1.4 0.0 44.61 140,323 0.0 0.0
EPA%? Overall 2018 0.0 11.38 8.5 7.8 417.0 51,482 54.0 8.0
Aguileraetal.’”  Overall 2018 0.0 10.29 8.08 6.36 285.1 649,333 43.0 5.0
Childs et al.® Overall 2018 NA NA NA NA NA NA NA NA
Zhang et al.* Overall 2018 1.15 12.26 10.27 7.27 279.47 605,900 60.0 7.0
Aguileraetal.?”  WF 2018 3.96 11.15 3.33 0.0 277.86 104,574 11.0 2.0
Childs et al.® WF 2018 0.0 14.16 4.68 11.87 294.48 94,215 28.0 8.0
Zhang et al.*0 WF 2018 3.29 5.27 2.26 2.42 257.31 322,777 14.0 2.0

Note: All values reported in pig/m?. Total is the aggregate PM, 5 concentration over all days. Overall includes all sources, while WF is PM, 5 specifically from wildfire smoke, based
on models. Days above WHO’s 15 pg/m?® guideline and EPA’s 35 pg/m?® standard are noted. Ambient PM, 5 data is from raw EPA monitoring, while WF PM, 5 values are modeled.
Information obtained from the Environmental Protection Agency (EPA)®?23%40 and World Health Organization (WHO). IQR, interquartile range; NA, data unavailable; PM, s, fine

particulate matter with an aerodynamic diameter <2.5 pm; WF, wildfire.

All datasets utilized in the analysis were supplied in CSV format,
containing daily mean estimates of extracted PM; s data at the ZIP
code level in California. By using ZIP code-level aggregation, we
were able to ensure a uniform spatial resolution across the datasets
for meaningful comparison. In our analysis, we aggregated EPA
data from all air quality monitoring stations in California over the
period 2010-2018. We extracted summary values of PM, s for
each ZIP code by mapping the geographic location of each ground
monitor to its corresponding ZIP code. This allowed us to directly
compare EPA observations*? with estimates from the Aguilera
et al.>* and Zhang et al.*° datasets. The comparison includes both
Modoc and Los Angeles counties to explore how PM; 5 estimates
from models and monitors align in areas with starkly different moni-
toring availability. Modoc County, located in the northeastern corner
of California, had no EPA ground monitors*?> and a relatively low
population of 9,686 (2010).*> In contrast, Los Angeles County in
southern California had the highest concentration of monitors (20)
and a dense population of ~ 9.8 million (2010).* Including both
counties allowed us to investigate how the model estimates compare
in a densely monitored, high-population region vs. a sparsely moni-
tored, low-population one. This setup helped assess the models’ abil-
ity to estimate PM, 5 across areas with varying population densities,
pollution sources, and monitoring availability. It is important to note
that the EPA monitors are not evenly distributed across all ZIP
Codes, and they are typically placed in areas with higher population
density or greater pollution levels.*? This means that EPA data, when
restricted to ZIP codes with monitors, may inherently reflect higher
PM, 5 levels compared to modeled estimates that cover broader areas,
including ZIP codes without monitors. When comparing Aguilera
et al. and Zhang et al.’s total PM 5 estimates to EPA values, we did
not restrict the comparison solely to ZIP codes with monitors. This
could explain why EPA data often showed higher PM; s concentra-
tions, as monitors tended to be in regions more prone to pollution.
The modeled datasets (Aguilera et al.*® and Zhang et al.*°) provided
estimates for all ZIP codes, offering a more comprehensive geo-
graphic coverage, which may have resulted in lower average PM; s
values when aggregated across the entire state.

Statistical analyses were conducted using R. We conducted tem-
poral comparisons by isolating the years 2010 and 2018 from the
identified datasets, representing years with low and high wildfire ac-
tivity, respectively. In 2010, California experienced relatively low
wildfire activity (6,554 wildfires that burned 109,529 acres),**
whereas 2018 was the deadliest and most destructive wildfire year
on record (8,527 wildfires that burned 1.8 million acres, resulting in
103 fatalities).*> These contrasting years allowed us to explore how
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different datasets estimate wildfire-specific and overall PM; s dur-
ing periods of varying fire intensity. Tables 2—4 provide a detailed
summary of all combinations of datasets (overall vs. wildfire-
specific PM; s) across years (2010 vs. 2018) and locations (state-
wide and two counties). To evaluate the relationships between data-
sets, we performed cross-correlation and Granger causality tests.
Cross-correlation was used to measure the strength and timing of
associations between PM, s estimates across different datasets,
helping identify potential time lags in agreement between modeled
and observed values. Pearson correlation coefficients assessed the
linear relationships between overall PM;s estimates (Aguilera
et al.,>® EPA,*? and Zhang et al.*°) and wildfire-specific PM., 5 esti-
mates (Aguilera et al.,> Childs et al.,® and Zhang et al.*°), providing
insight into the consistency of model predictions with EPA observa-
tions. Additionally, Granger causality tests were applied to examine
whether past values of one dataset could predict future values of
another.*® This test helps determine whether wildfire-specific PM, s
estimates from different models provide predictive value over time,
offering insights into how well different datasets capture wildfire
smoke trends.

Results and Discussion
Our initial literature search returned 2,757 articles, with duplicates
removed and titles and abstracts screened to refine the selection to
418 full-text articles for review. Application of exclusion/inclusion
criteria narrowed the field to 33 articles that met our specific crite-
ria for detailed examination. From these, we initially identified
four publicly available datasets meeting our inclusion criteria.
However, the Reid et al.*! dataset was subsequently excluded due
to challenges in accessibility and format standardization, leaving
three datasets for detailed analysis: Aguilera et al.,>® Childs et al.,°
and Zhang et al.*® These three datasets were used in our compara-
tive analysis to assess consistency and variability in PM; s esti-
mates across different geographic and environmental contexts
(publicly available wildfire-specific PM, 5 datasets, comparisons,
and discussion). The details of each dataset’s geographic scope,
data sources, and specific PM; 5 estimation methods are provided
in Table 1. Additionally, the other 29 articles that were not part of
this comparative dataset analysis are summarized in Table S1,
offering a broader overview of the research landscape and support-
ing data on wildfire-specific PM; 5 exposure (the three basic data
types of all-source PM; s estimates and the three basic approaches
for extracting wildfire-specific PM; 5 estimates).

The Aguilera et al. dataset provided 1-km X 1-km PM; s esti-
mates across California, derived from satellite data and ground-
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Table 3. Summary of publicly available wildfire-specific and ambient PM, 5 datasets for Modoc, USA by ZIP code for 2010 and 2018.

Days above WHO Days above EPA
Dataset Type Year  Minimum  Mean  Median IQR Maximum Total 15 (ug/m?) standard 35 (ug/m?) standard
EPA#? Overall 2010 0.0 10.19 8.5 7.9 114.8 35,763 35.0 0.0
Aguileraetal.?’”  Overall 2010 0.0 8.81 7.7 5.82 97.15 649,335 6.0 0.0
Childs et al.® Overall 2010 NA NA NA NA NA NA NA NA
Zhang et al.* Overall 2010 1.02 10.16 9.26 7.0 54.58 605,900 11.0 0.0
Aguileraetal.”’  WF 2010 0.0 1.82 1.0 0.0 67.71 29,602 0.0 0.0
Childs et al.® WF 2010 0.0 1.98 1.63 2.14 28.53 20,716 0.0 0.0
Zhang et al.* WF 2010 0.0 1.68 1.4 0.0 44.61 140,323 0.0 0.0
EPA%? Overall 2018 0.0 11.38 8.5 7.8 417.0 51,482 54.0 8.0
Aguileraetal.’”  Overall 2018 0.0 10.29 8.08 6.36 285.1 649,333 43.0 5.0
Childs et al.® Overall 2018 NA NA NA NA NA NA NA NA
Zhang et al.* Overall 2018 1.15 12.26 10.27 7.27 279.47 605,900 60.0 7.0
Aguileraetal.?”  WF 2018 3.96 11.15 3.33 0.0 277.86 104,574 11.0 2.0
Childs et al.® WF 2018 0.0 14.16 4.68 11.87 294.48 94,215 28.0 8.0
Zhang et al.*0 WF 2018 3.29 5.27 2.26 2.42 257.31 322,777 14.0 2.0

Note: All values reported in pig/m?. Total is the aggregate PM, 5 concentration over all days. Overall includes all sources, while WF is PM, 5 specifically from wildfire smoke, based
on models. Days above WHO’s 15 pg/m?® guideline and EPA’s 35 pg/m?® standard are noted. Ambient PM, 5 data is from raw EPA monitoring, while WF PM, 5 values are modeled.
Information obtained from the Environmental Protection Agency (EPA)®?23%40 and World Health Organization (WHO). IQR, interquartile range; NA, data unavailable; PM, s, fine

particulate matter with an aerodynamic diameter <2.5 pm; WF, wildfire.

based sensors, with a focus on wildfire smoke contributions. The
ensemble model in Aguilera’s study achieved an R? of 0.78 for
the hold-out test dataset, with a RMSE of 3.51 pg/m?, reflecting
strong predictive performance in estimating PM; s concentrations
at the ZIP code level across California over a 15-year period.*®
The Childs et al. dataset covered PM, 5 exposure estimates across
the US at a 10-km X 10-km resolution, incorporating wildfire-
specific data, particularly in the western US. Childs et al.
reported an R? of 0.67 and did not report an RMSE. The Zhang
et al. dataset focused on PM, 5 estimates attributed to wildfires
using satellite-derived smoke plume data and air quality models,
covering key wildfire regions in the US, including California at a
5-km resolution. The model’s overall R?> was 0.75 with a RMSE
of 4.59 ug/m34° for smoke-impacted regions.® The no-smoke
regions yielded an overall R? of 0.68 and RMSE of 3.35 ug/m?3.4°
The details of each dataset, including their geographic scope, data
sources, and specific PM; 5 estimation methods, are provided in
Table 1.

The Three Basic Data Types of All-Source PM, 5 Estimates

The goal of this review was to assess methodologies for estimat-
ing wildfire-specific PM,5 by first establishing a foundation
in all-source PM,s data. Understanding how baseline PM; s

estimates are generated is essential for identifying the strengths
and limitations of different approaches in isolating wildfire smoke
contributions. Based on our synthesis of the 33 studies identified
through the literature search, we categorized these data sources
into three key types, ground-based monitor data, satellite data,
and other explanatory data, each offering distinct advantages and
constraints for air quality estimation. These 33 studies were not
only used to identify candidate datasets for comparative analysis
but also served as the basis for characterizing the broader meth-
odological landscape of wildfire-specific PM, 5 estimation. We
used these studies to develop a classification framework for both
all-source PM, 5 data inputs and the approaches used to isolate
wildfire-specific contributions.

Ground-based PM, 5 monitoring data. Ground-based moni-
toring data play a crucial role in air quality assessment and regu-
latory compliance in the US, as mandated by the Clean Air Act.?’
State, local, and tribal monitoring agencies are required to assess
overall PM, 5 levels across the continental US for adherence to
the PM, s National Ambient Air Quality Standards (NAAQS)
and support policy research to protect public health and the envi-
ronment. The EPA officially recognizes these data collected using
Federal Reference Methods (FRM), Federal Equivalent Methods
(FEM), or non-FRM techniques (e.g., PurpleAir), ensuring that
the data meet air quality standards for PM, 5 and other pollutants.

Table 4. Summary of publicly available wildfire-specific and ambient PM, 5 datasets for Los Angeles, California by ZIP code for 2010 and 2018.

Days above WHO Days above EPA

Dataset Type Year Minimum Mean Median IQR Maximum Total 15 (ug/m?) standard 35 (ug/m?) standard
EPA#? Overall 2010 32 12.87 12.42 6.46 31.28 4,326 109.0 0.0
Aguileraetal.?”  Overall 2010 3.54 11.97 12.13 4.13 25.31 105,120 51.0 0.0
Childs et al.® Overall 2010 NA NA NA NA NA NA NA NA
Zhang et al.*0 Overall 2010 4.99 13.8 13.88 3.02 26.31 105,485 97.0 0.0
Aguileraetal.’”’”  WF 2010 0.0 0.03 0.0 0.0 1.62 3,231 0.0 0.0
Childs et al.® WF 2010 0.0 1.38 1.3 1.63 3.8 972 0.0 0.0
Zhang et al.* WF 2010 0.0 0.1 0.0 0.0 2.24 8,818 0.0 0.0
EPA#? Overall 2018 0.0 12.24 10.8 8.2 111.0 4,646 92.0 2.0
Aguilera et al.?? Overall 2018 0.0 11.87 11.35 6.14 96.57 105,120 69.0 0.0
Childs et al.® Overall 2018 NA NA NA NA NA NA NA NA
Zhang et al.*° Overall 2018 1.99 13.51 13.62 5.62 80.65 105,485 106.0 1.0
Aguileraetal.’”’”  WF 2018 0.0 2.72 1.21 0.0 86.42 11,094 0.0 0.0
Childs et al.® WF 2018 0.0 4.74 32 3.16 131.68 7,605 2.0 0.0
Zhang et al.*0 WF 2018 1.8 2.34 1.65 1.48 66.33 47,488 2.0 0.0

Note: All values reported in pig/m?. Total is the aggregate PM, 5 concentration over all days. Overall includes all sources, while WF is PM, 5 specifically from wildfire smoke, based
on models. Days above WHO’s 15 pg/m?® guideline and EPA’s 35 pg/m? standard are noted. Ambient PM, 5 data is from raw EPA monitoring, while WF PM, 5 values are modeled.
Information obtained from the Environmental Protection Agency (EPA)®?23%40 and World Health Organization (WHO). IQR, interquartile range; NA, data unavailable; PM, s, fine

particulate matter with an aerodynamic diameter <2.5 um; WF, wildfire.
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The data collected by these networks are categorized into contin-
uous (hourly averages) and intermittent (3- or 24-h samples)
measurements that provide near-surface concentration estimates
of PM; 5. For environmental health studies, researchers will use
these PM; s observations that are closest to or aggregated to the
spatial unit of reference (residence-, census block group—, ZIP
code—level, etc.) and/or through spatial weighting or interpolation
(e.g., Dockery and Pope*).

However, these stations can be unevenly distributed, espe-
cially in remote, rural, or economically disadvantaged areas,
leading to significant spatial gaps in data accuracy.*® Efforts to
expand monitoring, such as temporary monitoring, auxiliary net-
works, and grassroots initiatives (e.g., PurpleAir Network), have
begun to address these gaps over time (see Table S3). The avail-
ability of low-cost sensors that can be deployed and operated
with little technical expertise has fostered expanded PM, 5 moni-
toring in rural states in recent years (see the AirNow Fire and
Smoke Map online for a map of low-cost sensor location). While
independent monitoring networks are growing, EPA FRM-
approved monitors have also expanded (as illustrated in Figure
S1), indicating a growing capability to monitor air quality across
diverse geographic areas. Additionally, to address the impact of
wildfire smoke, federal, state, and tribal agencies have started
programs to deploy temporary PM; 5 monitors as part of wildfire
incident response.*® While these auxiliary networks utilize non-
FRM/non-FEM methods and do not conform to EPA-approved
monitoring standards, they can provide valuable insights for sci-
entific studies and air quality assessments when properly cali-
brated.’%->2

Satellite data for PM; 5 estimates. Despite adding these auxil-
iary ground-based monitors described previously, gaps persist.
Researchers and environmental agencies utilize satellite data as a
supplementary PM, 5 source to achieve more comprehensive spa-
tial coverage. Satellite remote sensing offers a broad view of the
Earth’s surface and atmosphere, capturing data from the “top-
down” on particulate matter that can be used to estimate PM, s
levels within the atmosphere (see Table S4 for examples of satel-
lite data sources). Satellite-derived aerosol optical depth (AOD)
observations measure how much light is absorbed or scattered by
aerosol particles in the atmosphere.>® Higher AOD values indi-
cate more particles in the air, which can be due to various sour-
ces, such as pollution, dust storms, volcanic dust, and wildfires.>*
Integrating ground-based PM,s measurements with satellite-
derived AOD observations has enhanced air quality monitoring
for several reasons.>? Firstly, in the absence of interfering clouds
or snow features, AOD provides a broad, spatially continuous
view of aerosol distribution over the Earth’s surface, such as in
remote areas with sparse ground-based air quality monitoring sta-
tions. Secondly, when AOD data are calibrated and correlated
with ground-based PM; s measurements, it can help estimate
PM, s concentrations with higher spatial resolution than either
data source used alone (Figure S2).>> This is particularly valuable
for tracking the spatial extent of wildfire smoke plumes, which
surface monitoring stations may not capture.>®

Satellite observations are not without their limitations. As illus-
trated in Figure S2, not all ground-based PM; 5 monitoring stations
correlate well with AOD. This is particularly true in regions with fre-
quent cloud cover, extensive and/or persistent snow cover, bright
land surfaces, or less than optimal viewing angles, which can result
in data gaps®” (see Figure S3 for an example of missingness). In
addressing the challenge of missing data and ensuring the reliability
of satellite-derived information, researchers have devised correction
techniques to refine the precision of their analyses. This includes
strategies for gap-filling missing pixels, such as when AOD values
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are obscured by heavy clouds or snow cover and for filtering out er-
roneous pixels where the provided AOD values may be unreliable.
For example, Swanson et al.>® employed a combination of methods
to tackle both issues, including quality screening processes, a
high-resolution Moderate Resolution Imaging Spectroradiometer
(MODIS) normalized difference vegetation index (NDVI) filter,
and applying a static mask. The careful selection of these correc-
tion methods significantly influences the accuracy of the results,
especially when confronted with contamination from factors like
snow, clouds, or other impurities.58 Another constraint to consider
is that AOD integrates aerosol concentrations throughout the entire
atmospheric column,> not just at the ground level where human
exposure occurs. This becomes particularly relevant for wildfire
smoke, as PM; s from wildfires often remains suspended at high
altitudes, especially during transport over long distances. In such
cases, the relationship between AOD and surface-level PM; 5 can
be weaker, as AOD may overestimate surface concentrations
when most of the wildfire smoke is aloft. Understanding the verti-
cal distribution of PM often relies on data from chemical transport
models, as PM composition can significantly influence AOD.
Since PM composition can vary both spatially and temporally,
relating AOD to surface PM concentrations frequently depends on
insights gleaned from these models.

Using other explanatory data for predicting PM; 5. Ground-
based monitor data and satellite observations form the backbone
of most PM; 5 air quality observations and predictions. To effec-
tively estimate PM; 5 levels, researchers typically combine these
data sources along with additional explanatory data. For example,
the complexity of atmospheric conditions and the multitude of
factors affecting air pollution levels necessitate incorporating
additional explanatory data to enhance the accuracy and reliabil-
ity of PM; 5 estimates. Meteorological variables, such as temper-
ature, humidity,’ and wind speed, significantly influence the
atmosphere’s dispersion, formation, and PM lifetime.°® For
instance, high temperatures can increase the rate of chemical
reactions in the atmosphere, leading to secondary PM—particu-
late matter formed through atmospheric chemical reactions from
precursor gases emitted by human activities or natural sources.®!
Similarly, wind speed and direction can disperse or accumulate
pollutants in specific areas. At the same time, humidity levels
affect the hygroscopic growth of PM, altering its concentration
and impact on human health.>*%® Beyond these, variables like
human population density, industrial activity, traffic volume,®?
land use patterns, and vegetation® cover also play critical roles
in determining the spatial and temporal distribution of PM; s con-
centrations. For examples of explanatory variables that have been
shown to improve PM, 5 model fitting, see Table S5.

The Three Basic Approaches for Extracting Wildfire-
Specific PM; 5 Estimates

Extracting wildfire-specific PM; 5 datasets from the overall PM; s
presents unique challenges. The unique and variable chemical com-
position of wildfire smoke, which is subject to changes based on the
fuel source, geographic location, distance traveled, and combustion
conditions, significantly differs from other PM; s sources, such as
vehicle emissions or industrial activities.>” Atmospheric mixing and
the chemical transformation of smoke particles further obscure the
origins of PM, 5, as aging processes alter the smoke’s properties,
making it chemically resemble other particulates.®* The spatial and
temporal variability of wildfire events, coupled with the often-
limited coverage of air quality monitoring networks, especially in
rural or remote areas, adds another layer of difficulty. Using the data
sources and modeling techniques described in the three basic data
types of all-source PM; s estimates, researchers have turned to
many different methodologies to address the complexities of
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extracting wildfire-specific PM; 5 and isolating the impact of wild-
fire smoke on air quality and health effects. Building on our past
research and patterns that we have observed in the literature search,
we discuss three different approaches for isolating wildfire-specific
PMj, 5: chemical extraction, thresholding techniques, and additional
wildfire-specific data.

Chemical extraction. In the three basic data types of all-source
PM, 5 estimates, it is noted that ground-based monitors, like the
EPA stations in the US, are commonly relied upon for measuring
PM, 5 levels during wildfire occurrences. However, a significant li-
mitation of these monitors is their inability to inherently distinguish
between PM; s originating from wildfires and that from other sour-
ces, as they only measure the total PM; 5 mass concentrations. The
chemical composition of fresh wildfire PM; s is mostly organic (or-
ganic aerosol; >85%) but also includes soot (black carbon) and
other inorganic particles (sulfate, nitrate, ammonium, and chlo-
ride).5>%¢ The variability in emission composition and concentra-
tion is influenced by factors like vegetation type, combustion stage,
distance traveled and age, and atmospheric conditions. To tackle the
challenge of discerning wildfire contributions, scientists typically
resort to a method called chemical speciation®’ to distinguish
wildfire-specific PM; 5 from other particulate matter. This is done
by deploying specialized air sampling equipment, such as high-
volume or low-volume samplers, or passive samplers, strategically
positioned to collect air samples. These samplers draw air through
filters designed to capture particulate matter without altering its
chemical makeup. Subsequently, the collected PM, s particles
undergo extraction using techniques like solvent extraction, ultra-
sonic extraction, or digestion with strong acids or bases, depending
on the analytical approach employed. Following extraction, various
analytical methods, including gravimetric analysis, chromatogra-
phy, mass spectrometry, and microscopic analysis, are used to char-
acterize the composition and morphology of the collected PM; 5
samples. By utilizing chemical speciation techniques, scientists can
pinpoint and quantify specific chemical species within PM; 5 emis-
sions, distinguishing them from those originating from alternate
combustion sources, such as vehicular emissions or industrial activ-
ities. Chemical speciation allows for the distinction between organic
compounds originating from plant material combustion and inor-
ganic compounds associated with soil and ash particles. For exam-
ple, a study identified levoglucosan as a promising biomarker of
biomass smoke exposure.®® One can measure hundreds of organic
compounds in smoke plumes, but the significant variability in fuel
composition, combustion conditions, and atmospheric aging makes
it challenging to isolate a single or small set of wildfire smoke
markers. Isotopic analysis and molecular markers provide further
insights into the unique chemical profiles of wildfire smoke. In Italy,
researchers successfully utilized the isotopic carbon analysis to
detect “wildfire smoke signatures” within the broader PM; s mix-
ture, enabling a more accurate assessment of wildfire-induced air
quality impacts.®® While this approach is considered by the EPA*?
to be one of the best ways to measure the “true” concentration of
wildfire smoke in PM; s, its accuracy depends on characterizing
each fire individually due to the substantial variation between fires
in terms of fuel composition and other factors. Moreover, this
approach is resource intensive, and its applicability to large spatio-
temporal datasets remains limited. Additionally, as discussed in
ground-based PM; s monitoring data on ground-based monitoring,
sparse data issues pose challenges to this method.

Thresholding for wildfire-specific PM 5. Thresholding tech-
niques rely upon the episodic and acute nature of wildfire events
to estimate wildfire-specific PM, 5.7 Thresholding involves set-
ting a certain concentration level of PM,s, above which the
PM, 5 is deemed to be predominantly from wildfires. By estab-
lishing this threshold, researchers can differentiate between
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baseline PM, 5 levels and those attributed to wildfire events. This
method enables the identification and quantification of the spe-
cific impact of wildfires on air quality, aiding in developing strat-
egies for mitigation and adaptation. We note co-measured PM s
and CO, and their ratios are often used to indicate wildfire smoke
in cities (i.e., Jaffe et al.”!). However, we do not include that
approach in the review due to, in part, the required high data
quality and the scarcity of CO monitoring sites compared to
PM, 5. Below are some of the most common methods used for
thresholding.

Air quality index values identifying wildfire periods. The
air quality index (AQI) is a widely used simplified method for com-
municating air quality conditions to the public, transforming com-
plex air quality data into a color-coded scale that indicates whether
air quality is considered “healthy” or “unhealthy,” based on con-
centrations of regulated air pollutants, including PM, 5 (Table S6).
However, it’s important to note that the AQI is not uniform across
countries and does not always exhibit a linear association with
PM, 5 levels because AQI also comprises PMjo, ozone, sulfur
dioxide, nitrogen dioxide, and carbon monoxide, each with its own
weighting and thresholds.”? This inclusion of other pollutants can
sometimes obscure the specific contribution of wildfire-generated
PM, 5 to AQI values, especially when carbon monoxide and other
components are elevated due to nearby fires. This blending effect
reduces AQI’s precision as a tool for assessing wildfire-specific
smoke impacts and makes it less suitable for research purposes.
For public health communications during wildfire events, using
AQI values above a threshold is common because it provides a
straightforward way to inform the public about overall air quality
conditions and associated health risks. For example, AQI levels
may rise dramatically in regions affected by or downwind of wild-
fires, triggering public health alerts. For instance, in Seeley Lake,
Montana, researchers utilized AQI values alongside EPA ground
monitor data to establish a correlation between poor air quality and
decreased lung function in adults.”> While the AQI is a valuable
tool and effectively conveys general air quality conditions, it has
limitations in accurately determining wildfire-specific PM; 5 levels
due to its lack of specificity, inability to capture spatial and tempo-
ral variability, influence of background pollution, and difficulty in
interpretation. In contrast, PM, 5 concentrations over a threshold
offer a more precise method for measuring the impact of wildfire
smoke on air quality, especially in research and regulatory con-
texts. PM, 5 measurements focus directly on the fine particulate
matter from smoke, providing clearer insights into exposure and
health risks. Therefore, while the AQI is useful for public health
advisories, PM,s concentration thresholds are preferred for
detailed assessments of wildfire smoke impacts.”?

Wildfire qualifier codes within monitoring networks. The
EPA assigns wildfire-specific qualifier codes to air quality data in
its Air Quality System (AQS) based on a combination of multiple
data sources and analytical methods.”* The codes are used to
identify when elevated PM, s levels are influenced by wildfire
smoke, distinguishing these events from other pollution sources.
The process begins with real-time data from ground-based air
quality monitoring stations, where sudden spikes in PM, 5 con-
centrations can indicate a potential wildfire-related event.
However, the EPA does not rely solely on this data; it also inte-
grates meteorological information, including wind patterns, tem-
perature, and humidity, which help determine how wildfire
smoke is transported and dispersed across regions. In addition to
ground-level data, the EPA uses satellite imagery, such as AOD
measurements, to track smoke plumes from a broader perspec-
tive. These remote sensing data allow for the detection of smoke
even in areas with few or no ground monitors. Fire emission
inventories further assist by providing detailed records of known
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wildfire events, including the location, intensity, and duration of
fires. This information helps confirm whether elevated PM; s lev-
els correspond with specific fire events. Air quality models are
also utilized to simulate the transport and dispersion of smoke
particles. These models integrate data on fire emissions and mete-
orological conditions to predict where wildfire smoke will likely
impact air quality, further informing the decision to assign
wildfire-related qualifier codes. The EPA uses these combined
data sources to apply specific qualifier codes to indicate when
and where air quality data might have been affected by smoke,
enabling researchers and policymakers to distinguish between
PM, 5 pollution caused by wildfires and other sources.”* Some
examples include the following: “W” - Wildfires: elevated PM
levels are primarily attributed to wildfires in the area. “FW” -
Fire/Wildfires: specifies the presence of PM originating from
both structural fires and wildfires. “F” - Fire: while not exclu-
sively for wildfires, denotes the presence of PM from fires,
including controlled burns and wildfires. “WF” - Windblown
Fugitive Dust/Fire: indicates PM originating from windblown fu-
gitive dust and fires, including wildfires. By leveraging these
qualifier codes, analysts can more accurately filter and analyze
air quality data to isolate the impacts of wildfire smoke. For
example, air quality monitors may detect elevated PM, 5 levels
during a wildfire event. Qualifier codes help confirm that these
spikes are related to wildfire smoke rather than other pollution
sources, such as industrial emissions. However, limitations exist
within the AQS, data tagging, and qualifier codes. These limita-
tions, as demonstrated in previous work, encompass a potential
lack of specificity in accurately distinguishing PM, s sources
and the ineffective capture of spatial and temporal variability,
given that wildfire impacts can fluctuate rapidly and locally.
Additionally, interpretation challenges may arise due to the
complexity of tagging and coding systems, potentially leading
to data misinterpretation. Notably, the absence of a wildfire/
fire-related qualifier code does not confirm the absence of smoke
impact at the site. Marginal impacts may not be reflected by a quali-
fier code, mainly if the total PM; 5 level was not sufficiently high to
trigger a NAAQS exceedance and/or if the potential smoke contri-
bution was relatively minor. Table S7 shows a case use example
where AQS qualifier codes were used to determine wildfire win-
dows for six Western US states.”®

Smoke wave days. “Smoke wave days,” as first introduced
by Liu et al.,”> is a method that uses time series analysis of air
quality monitoring data to spot spikes or unusual patterns in
PM, 5 levels that align with known wildfire incidents, utilizing
daily or hourly data resolutions. This approach differentiates
wildfire smoke from other PM; 5 sources by identifying patterns
and seasonal variations that are characteristic of wildfire emis-
sions, often aligning with wildfire incident records such as loca-
tion, duration, and intensity. For instance, “smoke wave days”
are recognized when PM, 5 levels exceed a baseline by a prede-
termined threshold, indicating a significant rise likely due to
wildfire smoke. A common threshold example is setting smoke
wave days at levels where PM; 5 concentrations surpass the base-
line by 10 pg/m? for at least two consecutive days, highlighting
extended periods of elevated air pollution due to wildfire
smoke.” These thresholds allow researchers to focus on periods
with substantial deviations from typical air quality. Statistical
models and time-series analysis techniques assess air quality data
over time, identifying specific periods that meet the criteria for
smoke wave days. However, while valuable, the reliance on fixed
thresholds and durations may not capture the nuances of each
wildfire event, especially given the potential for smoke to impact
regions far from the original fire source. Additionally, short-term
fluctuations in PM; 5 during dynamic fire conditions might be
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overlooked, emphasizing the need for flexible thresholding in
future assessments.

Additional wildfire data. Satellite observations specific for
wildfire screening. As described in the three basic types of all-
source PM; 5 estimates, satellite observations significantly contrib-
ute to the enhancement of PM; 5 estimation efforts. In addition, sat-
ellite observations are used specifically to map on-the-ground
wildfire detection and monitoring [i.e., active fire detection
(AFD)]. Notable examples of these satellite systems (sees Table S4
and S5 for more examples) include Moderate Resolution Imaging
Spectroradiometer (MODIS)’® and Visible Infrared Imaging
Radiometer Suite (VIIRS).”” MODIS excels in identifying active
fires and tracking smoke plumes. Similarly, VIIRS detects wild-
fires and monitors their evolution by observing thermal anomalies
and reflected radiation from smoke plumes. Sensors like the Sea
and Land Surface Temperature Radiometer (SLSTR)’® and the
Ocean and Land Color Instrument (OLCI)”® contribute to wildfire
detection by identifying thermal anomalies and assessing smoke
plume spatial extents. Landsat satellites, primarily dedicated to
land imaging, also play a vital role in wildfire monitoring, offering
detailed analysis of burn scars and fire-affected areas. On the posi-
tive side, these observations excel in identifying active fire loca-
tions in real-time, aiding in early detection and rapid response
efforts.3° However, interpreting satellite data for PM; 5 estimation
poses significant challenges with limitations in spatial resolution
and geostatistical considerations, including cloud cover and sensor
characteristics, impacting data quality and reliability.3!

Hazard mapping system. Another satellite-based tool is the
Hazard Mapping System (HMS)3? Smoke Plumes product devel-
oped by the National Oceanic and Atmospheric Administration
(NOAA), which employs satellite imagery to monitor and trace the
pathways of smoke plumes. By aggregating satellite images, HMS
Smoke Plumes provide an expansive overview of how smoke dis-
perses over large areas. Although HMS Smoke Plumes do not
directly quantify ground-level PM; 5 levels, they offer insight into
the trajectory and extent of wildfire smoke, information that is im-
portant for evaluating the potential impact of smoke on communities
located downwind. When integrated with other satellite-derived
data, such as AOD values and trace gas detections, HMS Smoke
Plumes’ insights substantially improve the assessment of wildfires’
impact on air quality.®®> However, limitations exist, including the
potential for inaccuracies in capturing ground-level PM; 5 concen-
trations due to variations in smoke composition, atmospheric condi-
tions, and other aerosols.®? Furthermore, cloud cover can obstruct
visibility and hinder the accurate detection of smoke plumes.?3 At
the same time, coarse spatial resolutions may limit the ability to cap-
ture localized variations in PM, s concentrations near wildfire-
affected areas. One example of a methodology paper employing
HMS comes from Vargo et al.3* They employed HMS smoke plume
data in combination with air quality and meteorological datasets to
estimate the contribution of wildfire smoke to PM, 5 concentrations.
Vargo et al. focused on understanding the temporal and spatial pat-
terns of wildfire smoke exposure and its effects on PM; s levels
across various regions. Their methodology highlighted how inte-
grating satellite-derived smoke data could improve spatial coverage
and provide more accurate estimations of PM; 5 exposure, espe-
cially in areas lacking ground-based monitoring stations. Another
example of a study that used HMS smoke plumes with health results
is Aguilera et al.?” This study utilized HMS smoke plumes to evalu-
ate the impact of wildfire smoke on respiratory health in Southern
California, focusing on the years 1999-2012. This research innova-
tively combined HMS data with other environmental and health
datasets to pinpoint how wildfire-related PM, 5 affects respiratory
hospital admissions. By identifying smoke plume days within a
160 km radius of wildfires, the study distinguished between
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wildfire-specific and other PM; s sources, ultimately demonstrating
the heightened health risks posed by wildfire smoke.?’

Wildfire permitter mapping and biomass burning emis-
sion inventories. Geospatial techniques, particularly wildfire pe-
rimeter mapping, provide additional data sources specific to
wildfires, such as proximity measures, intensity of fires, area, and
type of vegetation burned. These data can then be used as addi-
tional explanatory variables in estimating the contribution of
wildfire to overall PM, 5. By understanding the extent and loca-
tion of the fire, researchers and air quality managers can more
accurately estimate the amount of particulate matter generated
and its potential impact on air quality in surrounding areas. As
with all techniques, limitations arise due to variations in fire
behavior and environmental conditions, which can affect smoke
emissions, complicating PM; s estimation. Additionally, perime-
ter mapping alone struggles to differentiate between PM; s from
wildfires and other sources, thus requiring other data to be used
alongside.>® The resolution of mapping data may also limit cap-
turing fine-scale PM, 5 variations. Finally, wildfire mapping has
led to wildfire smoke emission inventories (Table S8) that have
been used in health studies.®> It should be noted that most of the
inventories listed in Table S8 include, or are based on, satellite-
mapped burned areas and/or active fire detections. However, the
selection of emission inventories could lead to drastically differ-
ent outcomes for estimated wildfire-induced PM, 5 concentra-
tions, with disparities of up to 20-fold for specific fires/cases.5¢
Another study found that different fire emissions inventories can
yield significantly varying outcomes, largely due to differences in
methods for calculating factors like burned area, emissions, and
fuel loading.” In addition, recent aircraft observations provided
top-down constraints, suggesting these inventories could underes-
timate regional fire emissions by a factor of 2 or more.38-8

Publicly Available Wildfire-Specific PM; 5 Datasets,
Comparisons, and Discussion

Publicly and easily accessible PM, 5 datasets offer invaluable
resources for researchers, policymakers, and the public to enhance
our understanding of air quality, evaluate health risks, and support
informed decision-making. Next, we used the three papers men-
tioned above, Aguilera et al.,>® Childs et al..’ and Zhang et al.,** in
our comparative analysis to assess consistency and variability in
PM, s estimates across different geographic and environmental
contexts. We used the smallest common spatial scale—referred to
as the least common spatial denominator—for California and in
2010 and 2018, years with low and high fire activity, respectively.
Our goal was to explore how different datasets vary in estimating
wildfire-specific PM, 5 exposure.

Description of the three wildlife-specific PM, 5 datasets from
the literature. The Aguilera et al.>* model used an ensemble-based
statistical approach that combined multiple machine learning algo-
rithms to estimate daily wildfire-specific PM; s in California. The
model integrated a comprehensive set of explanatory variables,
including satellite-derived AOD, meteorological data like temper-
ature, and land-use variables. It also utilized geographical informa-
tion, such as basin delineations, to refine its predictions based on
local topography and meteorological conditions. The approach
of Childs et al.® focused on a broader geographic scale, provid-
ing 10-km resolution estimates across the contiguous United
States. This model used satellite data to track smoke plumes and
employed hybrid single-particle Lagrangian integrated trajec-
tory (HYSPLIT) simulations from identified fire locations,
coupled with machine learning techniques to predict daily PM; 5
concentrations. While this approach also incorporates meteoro-
logical data and AOD from satellites, it does not utilize local geo-
graphic features such as basins, focusing instead on a broader
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application suitable for a national scale. The Zhang et al.*
method incorporated both remote sensing and ground-based
monitoring data to estimate PM; 5 concentrations from wildfires
and other sources. This model also differentiated between
smoke-derived PM; 5 and other types of particulate matter. Each
of these models illustrates the critical role of explanatory varia-
bles in shaping the estimates of wildfire-specific PM; 5. Aguilera
et al.’s model was particularly detailed in its use of local data,
such as temperature and basin information, to enhance accuracy
in a specific region. In contrast, Childs et al. and Zhang et al.
expand the geographical focus but vary in their use of data, with
Childs et al. leveraging HYSPLIT trajectory data for a nation-
wide application and Zhang et al. emphasizing the differentiation
of smoke impacts from other pollutants for comprehensive air
quality modeling.

Processing comparative datasets. We processed all data at the
ZIP code level to compare EPA observations*? with estimates from
the Aguilera et al.,> Childs et al.,® and Zhang et al.** datasets. The
comparison focused on Modoc and Los Angeles counties represent-
ing areas with stark differences in monitoring availability but both
experiencing wildfire activity during the study years. Modoc
County, located in the northeastern corner of California, has no EPA
ground monitors*? and a low population of 9,686 (2010).%* In con-
trast, Los Angeles County in southern California has the highest
concentration of monitors (20) and a dense population of
~ 9.8 million (2010).** Since Los Angeles had multiple monitors,
we averaged PM, s values across the 20 EPA monitors to create a
single county-level estimate for comparison with modeled datasets.
This aggregation allowed us to focus on broader patterns rather than
site-specific variability within the county. This setup allowed us to
assess how model estimates perform in regions with no ground-
based PM; 5 monitoring compared to regions with abundant moni-
toring, an important question for assessing model generalizability to
data-sparse areas. We chose this comparison deliberately to explore
how models estimate wildfire-specific PM, 5 under contrasting con-
ditions of data availability. Although wildfire behavior, urbaniza-
tion, and background PM sources may differ between the two
counties, both experienced wildfire smoke exposure, and this com-
parison highlights the potential strengths and weaknesses of each
model across varying infrastructure and population density settings.
EPA monitors are typically placed in higher-population or high-
pollution areas,*? meaning their data may inherently reflect higher
PM, 5 levels. We acknowledge that differences in local wildfire
characteristics and background pollution may introduce some con-
founding, which represents a limitation of this analysis. To examine
differences across wildfire activity levels, we selected two contrast-
ing years. We analyzed California in 2010 (low wildfire activity:
6,554 wildfires that burned 109,529 acres)** and 2018 (high wildfire
activity: 8,527 wildfires that burned 1.8 million acres, resulting in
103 fatalities).*> These contrasting years allowed us to explore how
different datasets estimate wildfire-specific and overall PM; s dur-
ing periods of varying fire intensity. Tables 2—4 provide a detailed
summary of all combinations of datasets (overall vs. wildfire-
specific PM; s) across years (2010 vs. 2018) and locations (state-
wide and two counties).

Summary statistics of wildfire-specific PM s data for the
state of California, USA. Figure 3 shows the mapped annual
mean PM, 5 values across California for the three modeled wildfire-
specific PM, s datasets for years 2010 and 2018, including the
observed overall PM, 5 values from the EPA. Tables 2—4 describe the
summary statistics for all combinations of year, region, and overall
vs. wildfire-specific PM; 5. In general, the statistics for 2010 were
lower than 2018, with the modeled results generally underestimating
EPA’s measured values. When comparing the wildfire-specific
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Figure 3. Predicted wildfire-specific PM; 5 datasets for California during the years of 2010 (low wildfire year, left column) and 2018 (one of the highest wildfire years, right
column). The top row shows the EPA monitoring stations aggregated to the mean for each ZIP code and reflects all-source PM, 5 levels as a reference dataset. All wildfire-
specific PM, 5 estimates are summarized to the mean values for each ZIP code. Note: Each dataset, EPA,*?> Aguilera et al.,>’ Childs et al.,® and Zhang et al.,*" is presented at
its obtained scales with white values for missing ZIP code data. Graphs created using python.”® PM, s, fine particulate matter with an aerodynamic diameter <2.5 pm.
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Figure 4. Graphical representation of ambient and wildfire-specific PM, s estimates for the year 2010 comparing an area with (Los Angeles) and without a
ground monitor (Modoc). Solid lines represent the ambient estimates, and dashed lines show the wildfire-specific estimates. Los Angeles County also shows
the EPA monitoring sites average within that county. No EPA data exist for Modoc County. Data sources: EPA,*? Aguilera et al.,”” Childs et al.,’ and Zhang
et al.** Graph generated using python matplotlib.®® Note: PM, s, fine particulate matter with an aerodynamic diameter <2.5 pm.

PM, 5 contribution to overall PM; 5 in 2010 and 2018, the median
values showed that wildfire-specific PM;s comprised between
11.2% and 36.9% per Aguilera et al. and between 13.7% and 21.2%
per Zhang et al. of the total annual PM; 5. As expected, PM, 5 esti-
mates for all datasets were higher in 2018, a year marked by signifi-
cant wildfire activity in northern California (Ranch Fire, 410,203
acres; Carr Fire, 229,651 acres; Camp Fire, 153,336 acres), aligning
with the highest concentrations shown in northern California®!
(Figure 3). Additionally, more days exceeding recommended PMj 5
standards were recorded in 2018 across all datasets, especially in Los
Angeles County (see Table 4).

Comparative analysis for wildfire-specific PM, s data for
two counties in California, USA. The next comparison focused on
two counties: Modoc, situated in the northeastern corner of
California, devoid of EPA ground monitors,*> with a population of
9,686 in 2010** and 538 miles away (measured from the edge of
counties) from southern Los Angeles County, which boasts the high-
est concentration of monitors (20)*? as well as a population of
9.8 million in 2010.*3 Tables 2—4 show the summary statistics for
each dataset scenario, and Figures 4 and 5 plot their time series. In
general, the trends observed for the entire state of California, such as
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differences in overall PM, 5 and wildfire-specific PM, 5 estimates,
are also reflected in these two more local regions; however, some
spatial differences were seen between these counties. First and not
surprisingly, Los Angeles County showed the highest levels of over-
all PM; 5 as compared to Modoc County, most likely a reflection of
the higher concentration of people and mobile and industrial sour-
ces. Second, Modoc County observed higher ratios of wildfire-
specific to overall PM; s, further pointing to the influence of the
human population in PM; 5 makeup. Next, we discuss the results
from the cross-correlation and Granger causality tests that compared
the relationships between datasets, including overall PM; 5 levels
(Aguilera et al., EPA, and Zhang et al.) and wildfire-specific PM; s
levels (Aguilera et al., Zhang et al., and Childs et al.) (see Table 5;
Table S2).

Cross-correlation tests. As shown in Table 5, the correlation
between the datasets improved markedly from 2010 to 2018,
reflecting an increase in alignment between model estimates and
EPA observations over time. In 2018, Los Angeles County, with
its dense population and numerous EPA ground monitors, exhib-
ited stronger correlations between the EPA PM,s data and
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Figure 5. Graphical representation of ambient and wildfire-specific PM, s estimates for the year 2018 comparing an area with (Los Angeles) and without a
ground monitor (Modoc). Solid lines represent the ambient estimates, and dashed lines show the wildfire-specific estimates. Los Angeles County also shows
the EPA monitoring sites average within that county. No EPA data exist for Modoc County. Data sources: EPA,*> Aguilera et al.,”” Childs et al.,’ and Zhang
et al.*0 Graph generated using python matplotlib.®® Note: PM, s, fine particulate matter with an aerodynamic diameter <2.5 pm.

wildfire-specific PM, 5 datasets (Aguilera et al. and Zhang et al.)
compared to 2010. The highest correlations were seen in compar-
isons between EPA and Zhang et al. PM, 5 data (0.80), as well as
between Aguilera et al. wildfire-specific PM, s and Childs et al.
wildfire-specific PM, 5 (0.69). This improvement in correlations
suggests that the models became more accurate in predicting both
overall and wildfire-specific PM, 5 levels as data quality and
modeling techniques improved. Conversely, Modoc County, a

rural and sparsely monitored region, showed different trends.
While there was no EPA data available for direct comparison, the
correlations between modeled datasets were notably high in
2018. For example, the correlation between Aguilera et al. and
Zhang et al. PM; s datasets in Modoc increased from 0.35 in
2010 to 0.87 in 2018. Similarly, the correlation between Aguilera
et al. wildfire-specific PM; s and Childs et al. wildfire-specific
PM, 5 rose to 0.79. This suggests that despite the absence of

Table 5. Pearson correlation tests between datasets compared in this study for years 2010 and 2018.

EPA PM, 5% vs. EPA PM, 52 vs. Aguilera et al. Aguilera et al. WF Aguilera et al. WF?? Childs et al. WF

Aguilera et al. Zhang et al. PM; 527 vs. Zhang PM,; 5?7 vs. Zhang PM, 527 vs. Childs PM,5° vs. Zhang

PM2_527 PM2_540 et al. PM2_540 et al. WF PM2_540 et al. WF PM2_56 et al. WF PM2_54O
California 2010 0.76 0.68 0.70 0.29 0.46 0.51
California 2018 0.89 0.87 0.88 0.89 0.90 0.91
Los Angeles 2010 0.74 0.64 0.74 0.19 0.31 0.28
Los Angeles 2018 0.79 0.80 0.79 0.54 0.69 0.79
Modoc 2010 NA NA 0.35 0.45 0.44 0.51
Modoc 2018 NA NA 0.87 0.86 0.79 0.88

Note: Results displayed statewide for California and for the two counties of Los Angeles and Modoc. Gray boxes assess association between the ambient PM,; 5 datasets, including the
EPA ground monitors, and white boxes assess the wildfire-specific (WF) PM, 5 datasets. Information obtained from the Environmental Protection Agency (EPA)®223940 and World
Health Organization (WHO). IQR, interquartile range; NA, data unavailable; PM, s, fine particulate matter with an aerodynamic diameter <2.5 pum; WF, wildfire.
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ground-based monitoring, the models in Modoc were more con-
sistent with each other in predicting wildfire-specific PM, s in
2018. Overall, the data show that correlations between PM; 5
datasets, especially wildfire-specific estimates, were stronger in
2018 than in 2010 across both urban (Los Angeles) and rural
(Modoc) areas. This suggests that model improvements and
increased wildfire activity in 2018 led to better agreement across
datasets.

Granger causality tests (Table S2). The Granger (causality)
test is an alternative time-series correlation tool that determines
whether one time series can predict future values of another time
series rather than simply assessing their correlation at the same
point in time as shown in Table 5. Unlike simple correlation,
which only measures the strength of the relationship between two
variables, Granger causality tells us if one dataset (the predictor)
contains information that helps forecast another dataset (the
response variable). This is particularly useful in the context of
wildfire-specific PM, 5 and general PM; s estimates, where time-
lagged effects might exist due to the delayed transport and disper-
sion of wildfire smoke. Table S2 shows Granger causality results
for California and two counties (Los Angeles and Modoc) in
2010 and 2018. The tests reveal stronger predictive power in
2018 compared to 2010. For instance, Aguilera et al. wildfire-
specific PM; s data significantly predicted Zhang et al. wildfire-
specific PM, s in California, with F-statistics increasing from
6,999.67 (p <0.0001) in 2010 to 36,771.30 (p <0.0001) in 2018,
reflecting improvements in data accuracy during a more active
wildfire year. In Los Angeles, Aguilera et al. PM; 5 data showed
strong predictive capability for EPA PM,s, with F-statistics
ranging from 46.56 (p <0.0001) in 2010 to 17.63 (p <0.0001) in
2018. In Modoc County, where no EPA monitors exist, the pre-
dictive power between modeled datasets also strengthened, with
Aguilera et al. PM;, 5 predicting Zhang et al. PM;,s in 2018
(F=560.42; p<0.0001) compared to 2010 (F=226.03; p<
0.0001). Though most pairings showed significant Granger cau-
sality, some exceptions occurred, such as Aguilera et al. not con-
sistently predicting Childs et al. wildfire-specific PM, 5 in Modoc
in 2010. Overall, Granger causality tests highlight improved pre-
dictive power in 2018, especially for wildfire-specific datasets,
reflecting how increased wildfire activity and better modeling
enhanced the dataset’s forecasting ability. This is crucial for
understanding the evolving impact of wildfire smoke on air
quality.

Conclusions

As the prevalence of wildfires continues to rise, impacting broader
regions across the US and other parts of the world, the development
of wildfire-specific PM; s modeling has become an area of keen
research interest. Our comprehensive literature review reveals that,
although the availability of publicly accessible wildfire-specific
PM, 5 datasets are limited, significant strides have been made in
the field. Despite the abundance of wildfire-specific PM; 5 expo-
sure modeling studies, very few of these data are made publicly ac-
cessible. Only 4 out of the 33 studies included in this review had
publicly available data. We found this to be surprising given the
large body of literature on the principles of data sharing and repro-
ducibility. For example, in 2016, “The FAIR guiding principles for
scientific data management and stewardship” were published in
Scientific Data.®® The authors intended to provide guidelines to
improve the findability, accessibility, interoperability, and reuse of
digital assets. Indeed, open-sourced data are vital for advancing
research, driving innovation and enhancing transparency across
scientific fields. They allow for the replication of studies, valida-
tion of findings, and exploration of new hypotheses without the
limitations of proprietary datasets. Open-sourced datasets are
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indispensable, particularly in environmental research, such as stud-
ies on air quality and wildfire impacts on PM; s levels. In our study,
we prioritized datasets that were readily accessible (CSV format)
and easily standardized. However, due to inaccessibility or incom-
patibility, we could only include three datasets. Proprietary or
restricted-access data, though potentially valuable, were not uti-
lized due to the complexities of extracting and harmonizing them
with other sources. Relying on open-sourced data is crucial for
ensuring equity and sustainability in research practices. Moving
forward, cultivating an environment of freely shared data is
essential for effectively addressing global environmental issues.
Additionally, it’s important to note that while MODIS data has
been a significant source for wildfire-related studies, its discon-
tinuation by NASA in February 2023 poses a new challenge, as
this data is no longer available, emphasizing the urgency of tran-
sitioning to alternative data sources and promoting open data
initiatives to sustain research efforts in this critical area.

Overall, in the comparison analyses, wildfire-specific data-
sets were most similar when more and large wildfires were pres-
ent, suggesting better model agreement and fitting with more
wildfire data or possibly improvement in monitoring over time.
We also observed lower dataset agreement in a highly urban area
with many monitoring sites. This might suggest that urban com-
plexity, including diverse pollution sources and potential PM; s
variability, may introduce challenges in achieving dataset con-
cordance at high resolution. Because essential model features
and simplifying assumptions will vary from study to study, it
would not be surprising that the available wildfire-specific PM; s
exposure models focus on different processes and represent envi-
ronmental heterogeneity in different ways. However, as wildfire-
specific PM, s models and datasets begin to proliferate, health
researchers have a unique opportunity to explore intermodal
comparisons, which allows further insights and possibly more ro-
bust conclusions. It is quite possible that two different wildfire-
specific PM; s datasets will lead to complementary answers about
certain research questions (e.g., health outcome risk estimates®?),
thus allowing insights about the influences of model structure,
parameters, or other assumptions. We, therefore, emphasize the
importance of continuous methodological advancements and the
adoption of a multifaceted approach to air quality assessment, as
well as intermodal comparisons for environmental health assess-
ments. This is crucial for improving our understanding of envi-
ronmental health impacts and developing robust public health
strategies to mitigate the effects of wildfire smoke.
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