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Abstract 

 Inhaling smoke PM2.5 can cause adverse health effects ranging from acute (e.g., lung 

irritation) to chronic (e.g., lung cancer). Acute health effects have immediate implications for 

public health, requiring rapid response to minimize harm during an exposure window. Estimating 

acute health effects requires short-term (e.g., daily) estimates of fire-specific smoke PM2.5 

concentrations at ground level. Any temporal discrepancy (e.g., missing fire emissions 

information) may result in underestimated smoke exposure in an epidemiology study. This 

paper introduces a method to estimate daily fire-specific PM2.5 smoke concentration at ground 

level in the western US from 2007-2019 to provide smoke characterizations (i.e., exposure 

estimates) for time-series studies investigating acute health effects. The smoke exposure model 

incorporates data on fire characteristics, such as fuel type, fire size, and fire distance, enabling 

a more detailed analysis of health impacts. This method utilizes updated fire emissions 

information as inputs to an atmospheric dispersion model, which determines the concentration 



and location of wildfire smoke after transport. These results are combined with a Bayesian time-

series model to determine the smoke-specific portion of PM2.5 measured from nine ground-

based EPA monitors in the western US. The Bayesian model includes meteorology and season 

to estimate the background PM2.5 concentrations. Using this data set with retained fire 

characteristics provides valuable insight into the differences between PM2.5 concentrations at 

different locations. We found that fires with the largest burned area during the study period 

(1,753-1,850 km2) affected six of our nine stations, showing how widespread smoke impacts 

from large fires can be. The Lindon, UT station was impacted by the greatest number of fires 

over the period (398), but the average smoke PM2.5 concentration per fire was ~2 µg	m!"and the 

highest smoke PM2.5 concentration was 35 µg	m!". In comparison, the Carson City, NV station 

was impacted by less than half the number of fires over the study period (177), but the average 

smoke PM2.5 concentration per fire was three times higher  (~6 µg	m!"), and the highest smoke 

PM2.5 concentration was 159 µg	m!". These examples highlight two significantly different smoke 

exposure conditions that could plausibly lead to different health outcomes. Being able to 

investigate the health effects of the fire-specific smoke characteristics improves our 

understanding of the impacts of smoke exposure and ensures that management strategies are 

mitigating all possible outcomes of wildfires, including transported smoke.  
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Synopsis: Existing methods have limitations for estimating daily smoke exposure, due to 

remote sensing limitations, model uncertainties, and isolating smoke in ground-based 

measurements. We combine fire emissions, atmospheric modeling, and Bayesian statistics to 

estimate daily PM2.5 smoke exposure. 



 

1 Introduction  

 Inhalation of PM2.5 from wildfire smoke poses significant health risks to humans [1–9], 

with impacts extending beyond the immediate fire location due to atmospheric transport [10–14]. 

The projected increase in wildfire frequency and intensity due to climate change [8,15–18] 

requires understanding both short-term (acute) and long-term (chronic) health effects. Acute 

effects, such as respiratory or skin irritation [19–21], demand immediate public health responses 

[22–24], unlike long-term health effects (i.e., chronic respiratory diseases) [25,26]. Research 

often prioritizes studying long-term health effects (i.e., monthly or annual exposure estimates) 

due to the challenges of obtaining the high-resolution temporal (e.g., daily) data needed to 

model smoke exposure for acute health effects studies [3,27–29].  

 Estimating acute smoke exposure is complex due to the uncertainties in estimating fire 

emissions [14,30–33] and the need for high-resolution spatial and temporal data, which often do 

not coexist [29,34–36]. Obtaining ground-level pollutant concentrations poses further 

challenges, as existing monitoring methods do not provide smoke-specific concentrations 

[37,38]. Current approaches combine remote sensing [14,39–42], air quality monitoring [43–45], 

and atmospheric modeling [14,46–49], but these approaches struggle to capture fine-scale 

exposure dynamics [31,50,51], particularly in remote areas [52–55] or areas of complex terrain 

[56–58] and introduce additional uncertainties [33,41,59,60].  Due to these limitations, many 

satellite-based exposure models provide annual or monthly estimates [73,74], and modeling 

acute, daily exposure with these methods can be highly biased. Furthermore, atmospheric 

models (e.g., CTMs and coupled fire-atmosphere models) have uncertainties because of the 

complexity of modeling smoke microphysics and transport (e.g., fire and smoke behavior over 

complex terrain [51]). These issues contribute to limitations in using satellite products and 

atmospheric models to estimate spatiotemporal smoke exposures. Additionally, some health 



effects studies use distance from the fire as a metric for exposure [53], which can bias health 

effects results.  

 To address challenges with remote sensing of fires and smoke-specific exposure 

estimates, we developed a comprehensive framework for estimating acute smoke exposure at 

EPA monitoring locations. By integrating fire emissions inventories, atmospheric modeling, and 

Bayesian statistical methods, the framework aims to isolate smoke PM2.5 concentrations from 

other sources of PM2.5 in ground-based air quality monitoring data. This approach improves 

existing methods that only use a single data source by combining high spatial and temporal 

resolution fire emissions products and accounting for cloud cover in missed fire detections from 

satellites in an atmospheric dispersion model to provide estimates of PM2.5 linked to smoke 

plumes from specific fires. These smoke PM2.5 estimates are calibrated to ground-level PM2.5 

concentrations at EPA monitors using a Bayesian statistical model that includes meteorological 

covariates to determine the expected PM2.5 concentrations from all other sources.  Because 

each fire is modeled individually, the PM2.5 concentrations are plume-specific. Using fire-

specific smoke concentrations that are calibrated to ground-based monitors further improves 

estimates of smoke-specific PM2.5 concentrations for health effects studies. These 

improvements allow for a more detailed investigation of acute smoke-related health impacts, 

which leads to a more complete understanding of the health impacts of smoke exposure.  

 

2 Methods  

 We developed a novel method to estimate daily smoke plume-specific PM2.5 

concentrations at ground level. This approach leverages a data fusion method that combines 

data from ground-based EPA monitors and results from an atmospheric dispersion model. We 

use EPA monitoring sites as the locations to estimate smoke exposure because our method 

was developed to support time-series environmental epidemiology studies that investigate acute 

health endpoints. While this exposure is not representative of a personal exposure or a 



population-based exposure, we leverage the best available ground-based measurements to 

calibrate our dispersion modeling results. Therefore, our modeling approach provides plume-

specific smoke exposures at EPA monitoring locations for time series epidemiologic studies. To 

model all smoke plumes from fires that impact the monitors in the study, a study domain that 

includes all upwind fires is needed. The spatial domain for the dispersion model and monitoring 

locations are shown in Figure 1. Our approach retains vital fire information related to location, 

size, and fuel type for each smoke plume, allowing further stratification of the smoke exposures 

for health studies.  

2.1 Modeling Downwind Smoke Plume Transport Using an Atmospheric Dispersion 

Model  

 The Hybrid Single Particle Lagrangian Transport (HYSPLIT) [80] model simulates the 

transport of wildfire smoke PM2.5 through the atmosphere. We applied HYSPLIT forward 

trajectories for each individual fire in the modeling domain (Figure 1), using the PM2.5 emissions 

released from each fire as an input to simulate the smoke transport to downwind locations. We 

chose HYSPLIT as the atmospheric dispersion model due to its low computational requirement, 

which is essential for the volume of runs we performed (approximately 3,200 simulation days 

per year, from 2007 to 2019). Additionally, HYSPLIT has been used in previous air quality and 

smoke studies [81–85].  

Information about the fire properties (i.e., fire location, estimated emissions) is required 

for HYSPLIT modeling. This information comes from a fire emissions inventory (FEI). To 

address some common issues with FEIs, a combined FEI was used that provides high spatial 

resolution (30m) and high temporal resolution (daily) data as an input for the atmospheric 

model; the FEI combination method is described in Faulstich et al., (2025) [86]. This FEI uses 

emissions estimates from the Wildland Fire Emissions Information System (WFEIS, [87]) which 

accounts for fuel loading, combustion type, and burned area. The FEI provides information on a 

single fire, allowing the smoke plume for each fire to be tracked individually, including when 



several smoke plumes mix in a downwind location. The individual fire level FEI information also 

allows for health models to be designed that can investigate the impacts of different fire and 

smoke types (described below in Section 2.4). The FEI information used as inputs to HYSPLIT 

are the PM2.5 emissions rate per hour, daily burned area, fire heat emissions, and daily fire 

location.  

Daily burned area from the FEI is used by HYSPLIT to distribute particles uniformly 

throughout the geographical location defined by the burned area. Fire location dictates the 

location of the particle release, which informs terrain and meteorological conditions. The North 

American Model (NAM) 12 km reanalysis data [88] provides the gridded meteorological 

conditions for the HYSPLIT simulations. These meteorological conditions provide information on 

atmospheric stability, which impacts the modeled plume rise in HYSPLIT. The plume rise 

calculations in HYSPLIT use the Briggs plume rise model, using heat release from the FEI to 

characterize the fire intensity and thus smoke plume buoyancy [89]. The PM2.5 emissions rate 

per hour defines the quantity of PM2.5 released. 

A single HYSPLIT forward trajectory run was used for the duration of each fire as 

determined by the FEI. HYSPLIT runs used a full 3D particle model. NAM has a 3-hourly time 

resolution, so HYSPLIT trajectories are calculated at the same time interval. The hourly PM2.5 

emissions and heat release from the FEI were averaged to a three-hour time resolution to 

match the NAM data.  

 Post-processing steps are required for the HYSPLIT outputs. First, the HYSPLIT 

concentration data are assigned a geolocation using the static NAM grid. The regridding of the 

HYSPLIT output was based on which NAM grid centroid was nearest to the Lagrangian 

HYSPLIT data point. This creates a static model grid for the simulation period versus the 

dynamic Lagrangian grid used in HYSPLIT, where the grid changes as it is adapted to follow the 

particles in the flow. Second, the HYSPLIT output is paired with an EPA ground-based air 

quality monitor (whose locations are also paired to the NAM grid) to calibrate the outputs 



(described below in Section 2.3). Finally, the HYSPLIT concentrations are averaged by day and 

location, so there is only one concentration data point for each fire (per day and location).  

2.2 Estimating Background PM2.5 Concentrations at Ground-Based Monitors Using a 

Bayesian Time Series Model   

 A background model is used to determine the expected PM2.5 concentration from other 

air pollution sources so that the impact of smoke can be isolated at each EPA monitor location. 

To isolate the smoke and non-smoke impacts and build the background PM2.5 model, it is 

required to know which days do not have smoke impacting the ambient PM2.5 concentrations. 

Two different data sources were used to determine days with PM2.5 concentration from upwind 

fire emissions (smoke days) and remove them from the training dataset used to build the 

background PM2.5 model. The first method uses a smoke filter with NASA AErosol RObotic 

NETwork (AERONET) ground-based sun photometer data, where the Ångström Extinction 

Exponent (AEE) is used as a qualitative smoke filter [71]. When AEE is larger than 1.7 (i.e., 

fresh smoke), the day is flagged as a smoke present; when it is less than 1.7, it is flagged as a 

non-smoke day. This smoke filter can be used when the smoke investigated is near the source 

of the fire (plume age on the order of one day or less) because the aging mechanism impacts 

AEE values as they increase in particle size. Note that smoldering smoke (wet fuels) can have 

AEE values as low as 1.5 [90]. However, we are not taking these cases into account for this 

study as the fuel sources for the western U.S. tend to be dry. For our study, the AERONET data 

is only available from the Reno, NV station (located 1.5 miles from the Reno, NV EPA station) 

from 2012 to 2019. The second method for determining smoke days, required when AERONET 

data was unavailable (i.e., all other locations besides Reno, NV), is to use the results of the 

HYSPLIT simulations described above. For this method, any day with PM2.5 concentrations 

estimated by HYSPLIT at the EPA monitor location was considered a smoke day and removed 

from the background PM training model for that location. 



Using only data from the non-smoke days, a Bayesian Structural Time Series (BSTS) 

model is used (R BSTS package [91]) to train a model that can estimate the expected 

background PM2.5 concentrations. The BSTS model is a time series regression model that can 

capture multiple additive trends in the data using Bayesian methods [91], where the non-smoke 

days are used as the observed equation to model how the background PM2.5 concentration 

changes with time based on seasonal and meteorological predictors. Daily, ground-level PM2.5 

concentration measurements from EPA monitors accessed from the EPA Air Quality System 

(AQS) are used in the BSTS model. Values less than 2 µgm-3 are removed and considered to be 

below the instrument detection limit. The natural log of the daily non-smoke PM2.5 concentrations 

are used as input observations for a linear regression model with a lag 7 autoregressive 

correlation structure.  Daily average windspeed and temperature are included as regressors to 

improve the prediction, using data from the MesoWest [92] sensor closest to the EPA station. 

Using binary indicator variables to represent each season (i.e., winter, summer, fall, and spring) 

in the BSTS model, seasons and their interactions with the average temperature and wind 

speed were added to the regression. Including these covariates improves estimates of 

background PM2.5, especially in regions with significant meteorological impacts on ambient air 

pollution concentrations. The BSTS model runs with 5,000 iterations, and the expected 

background PM2.5 concentrations for each non-smoke day are predicted. This Bayesian 

background model statistically estimates the average amount of daily non-smoke PM2.5 

expected at the EPA air quality monitor. The non-smoke background PM2.5 can be used to 

estimate the smoke specific impacts on PM2.5 concentrations at an EPA monitor.  

2.3 Estimating Smoke Exposure through Calibrating Atmospheric Dispersion Modeling 

Results to Ground-Based Monitors Using the Bayesian Background Model  

 The atmospheric dispersion results from HYSPLIT provide information on smoke days 

and smoke locations. The Bayesian background model provides estimates of the non-smoke 

PM2.5 concentrations. Utilizing these two sources of information, we calibrate the daily HYSPLIT 



smoke PM2.5 concentrations for individual plumes with the EPA ground-based air quality 

measurements to obtain an estimate of the smoke-specific PM2.5 concentrations  

 We determine daily, calibrated plume-specific smoke PM2.5 concentration at ground level 

using HYSPLIT results and EPA data with the following equation: 

𝑃𝑀#$%&'($)*+ =
𝑃𝑀,&(*!
𝑃𝑀)-)$%

∗ 𝑃𝑀./-0* 1 

Where 𝑃𝑀#$%&'($)*+ is the calibrated wildfire plume-specific smoke PM2.5 (i.e., smoke exposure), 

𝑃𝑀,&(*! is the smoke PM2.5 from a specific fire on that day, as estimated by HYSPLIT,  𝑃𝑀)-)$% is 

the PM2.5 from all fire smoke plumes on that day estimated by HYSPLIT (i.e., the sum of all 

𝑃𝑀,&(*! 	for that day), and 𝑃𝑀./-0* is the smoke-specific PM2.5 from 𝑓𝑖𝑟𝑒& determined using the 

background PM2.5 model. 𝑃𝑀./-0* is calculated as:  

𝑃𝑀./-0* = 𝑃𝑀123 − 𝑃𝑀'$#04(-56+ 2 

Where 𝑃𝑀123 is the PM2.5 measurement for that day from the observation data source (in this 

study, the EPA monitor) and 𝑃𝑀'$#04(-56+ is the background PM2.5 for that day estimated from 

the BSTS model. Equation 1 results in an estimated plume-specific PM2.5 concentration at 

ground level and provides calibrated smoke estimates for each smoke plume that is impacting 

the monitoring site that can be used as a surrogate for smoke exposure in a time-series 

epidemiology study.   

2.4 Estimating Smoke Exposure by Fire Size, Fuel Type, and Plume Age Characteristics  

Because the smoke PM2.5 at each monitoring site can be traced back to the fire of origin, 

additional information on fire size, fuel type, and plume age characteristics further stratifies 

potential health effects. The fire size and fuel type both impact the types of emissions released 

during fuel burning, leading to different chemical compositions for the emitted and transported 

smoke PM2.5 [93,94]. We hypothesize that these differences will result in different concentration-

response functions for the PM2.5 smoke exposure [95,96]; therefore, estimating the exposures 



for the different fire and plume characteristics aids in investigating the different health 

associations.  

Fire size is tracked in the FEI as burned area. Burned area is crucial information to input 

to HYSPLIT when modeling smoke transport. Prescribed burns and wildland fires often differ in 

size and combustion temperature [51,91] because prescribed burns are managed, which leads 

to different fire characteristics, leading to different health impacts [97–99]. Smoldering and 

flaming combustion occur at different temperatures and thus create different smoke plume 

compositions [87,99,100]. In addition to fire size, combustion type is also related to fuel types, 

with prescribed and agricultural burns being more prone to smoldering combustion due to the 

fuel types in these fires [87,101,102].  

Land cover type is an important metric as it represents fuel type, and different fuel types 

have smoke plumes with different health effects [17,99]. Despite the inability to remotely sense 

understory vegetation, it has been empirically shown that landcover of the overstory correlates 

with surface fuel type [103,104]. Additionally, changes in landcover type can alter fuel type and 

subsequently effect combusted material [105]. In this study, fire location centroids from each fire 

are used to derive landcover type from the National Land-Cover Database (NLCD). The NLCD 

is typically updated every two to three years to account for land use or land cover changes. 

Here, we use the most recent previously available data release (e.g., a 2017 fire will use the 

2016 NLCD) in order to best account for fuel type at time of the fire [106]. Sometimes the land-

use type characterization method places a fire in a cell that is identified as water. This is likely 

due to the resolution of the NLCD. If a cell is classified as open water, that likely means that the 

fire started close to a body of water where the whole cell is classified as water, though it might 

not be. This happens most often in areas with semi-ephemeral streams or small riparian areas. 

These fires are retained in the FEI and the land-use type is not changed, so they are not 

included in the land-use type analysis.  



Fresh versus aged plumes have different chemical compositions that can have different 

health impacts [95,107]. Here, we use a simple approach based on the distance from fire and 

average surface wind speed based on historical wind data from each state in the study domain 

[108] because the HYSPLIT trajectory calculation does not include the time of arrival of a 

specific particle at a specific location. The location of each fire on each day was used to 

determine the distance between the fire and the EPA station, and this distance was multiplied 

by the average daily wind speed to estimate how many days the smoke was transported for. 

This plume age estimation method does not account for wind direction. However, smoke from 

downwind fires are not in the final exposure dataset, because the HYPLIT trajectories account 

for the upwind/downwind differences in smoke transport. While this method is simplistic, it still 

provides initial estimates on plume age that may impact the health effects of inhaling fire smoke. 

 

3 Results and Discussion  

3.1 Modeling Downwind Smoke Plume Transport Using an Atmospheric Dispersion 

Model  

 An evaluation of the HYSPLIT modeling results compared to the EPA ground-based 

monitoring data allows for an understanding of how well the atmospheric dispersion model 

captures elevated PM2.5 concentrations from smoke plumes. The HYSPLIT results and EPA 

ground-based monitoring data correlate (R = 0.27, R2 = 0.09), shown in Figure 2 for all stations. 

This correlation indicates that the HYSPLIT atmospheric dispersion model represents temporal 

trends similar to the ground-based observations. This correlation can be calculated for each 

EPA monitor in the domain, and the range of correlations (R) is 0.034-0.52 (Figures S1-S9 in 

the Supporting Information). While the correlations are low, the smoke plumes from HYSPLIT 

generally agree with elevated smoke days in the EPA observations, and the relationship 

between the two variables is statistically significant (p < 0.05).   



The HYSPLIT results are used to determine smoke PM2.5, so determining how often the 

smoke days agree (i.e., binary smoke, non-smoke categorization) between HYSPLIT and the 

observations is another useful indicator of the model performance. We use the 2006 World 

Health Organization 24-hour ambient air quality guideline of 25 µg	m!"	[109] to classify smoke 

days in the EPA ground-based observations. The 2006 guidelines were chosen because it is the 

relevant recommendation for the study period, where any PM2.5 measurement above 25 µg	m!" 

is considered a smoke day for comparison with the HYSPLIT results. Although we quantify the 

agreement between this 25 µg	m!" cutoff and our HYSPLIT estimates, we note that the EPA 

data is not smoke specific and thus not suitable to directly use as smoke exposure estimates – it 

simply indicates dates with elevated PM2.5 concentrations. EPA and HYSPLIT smoke indicators 

agree on the smoke and non-smoke impacted days 74.4% of the time across all stations from 

2012 to 2019 (Figure 3). Across all stations, the EPA data has more smoke days than HYSPLIT. 

This is because the EPA data is not smoke-specific, so some of the high PM2.5 days flagged as 

smoke in the EPA data can be other high PM2.5 days, such as wintertime inversions or dust. 

Approximately 73.5% of the days where the EPA monitor flags smoke when HYSPLIT does not 

occur in November, December, and January, pointing to high PM2.5 caused by wintertime 

inversions. Additionally, the average estimated PM2.5 smoke exposure on days when HYSPLIT 

detects smoke, but the EPA does not, is 0.68 µg	m!". This low concentration indicates that the 

smoke exposure estimates resulting from smoke/non-smoke misclassifications in the 

background model do not represent significant exposure (i.e., concentrations less than the PM2.5 

instrument detection limit). 

These findings indicate that HYSPLIT is an effective atmospheric dispersion model to 

use for estimating smoke exposures. The correlation between the HYSPLIT results and EPA 

data (Figure 2) illustrates that these two data sources capture similar trends in PM2.5 at these 

locations. The comparison of smoke/non-smoke agreement/disagreement between the two data 



sources (Figure 3) shows that HYSPLIT often captures the same smoke days as the EPA 

monitors, with some discrepancy accounting for the fact that the EPA smoke days include high 

PM2.5 days from other sources or events (e.g., winter inversions and dust). In the future, using a 

more advanced plume rise characterization within HYSPLIT can better represent the 

complexities of plume rise, which can vary based on fire characteristics and atmospheric 

conditions. While the Briggs plume rise model is standard in atmospheric modeling (i.e., 

regional and global CTMs), there has been recent research focused on improvements in other 

atmospheric models [77] and within HYSPLIT [110].   

3.2 Estimating Background PM2.5 Concentrations at Ground-Based Monitors Using a 

Bayesian Time Series Model 

We also evaluate the Bayesian background model to further understand the 

uncertainties in the exposure modeling results. One way to assess the background model is to 

use data withholding. This technique allows some data (in this case, 20% of the data, selected 

randomly) to be set aside during model building so that the data can then be used for 

comparison purposes. Data withholding results for each station show that the average R2 value 

for all stations is 0.69 (+/- 0.21). The average normalized mean bias for each station is -7.46 (+/-

2.74), and the average root mean squared error is 5.2 µg	m!" (+/-1.84 µg	m!"), meaning that 

our model captures the variables that cause the variance in the background PM2.5. Figures 

showing the bias, error, and correlation for each station are shown in the Supporting Information 

(Figures S10-S18). 

External datasets of smoke days can provide additional insight into the performance of 

the Bayesian background model. Compared to an additional dataset of smoke day 

characterizations, HYSPLIT misses some smoke days in Reno. When comparing HYSPLIT 

smoke results to AERONET smoke detections in Reno, HYSPLIT and AERONET agreed on 

smoke days 71% of the time from 2012 to 2019. This is less agreement than is seen between 

the EPA dataset for Reno. Because the AERONET dataset is only available in Reno, this 



comparison is only possible for the Reno station, but it shows that our model captures smoke 

classifications in the Reno area similarly to an external dataset.  HYSPLIT can miss smoke days 

due, in part, to uncertainties in the Eulerian meteorological model (i.e., the gridded NAM 

regional scale reanalysis model) used to drive the Lagrangian dispersion model. The missed 

smoke days also impact the background model, resulting in a higher estimated background PM 

than if all smoke days were excluded.  

The Bayesian background model is helpful for creating exposure estimates that are 

smoke-specific. In the future, additional work on the Bayesian model can improve the 

background PM2.5 estimates. For example, including more information on smoke days from 

other data sources when available, or filtering out high PM2.5 days as smoke days in the EPA 

observations could improve the background estimates. Further investigation of disagreement 

days between HYSPLIT and EPA through FRP or PM2.5 chemical speciation data can also 

provide additional value to the Bayesian model by further validating the smoke days dataset. 

Adding additional covariates that characterize the other non-smoke sources of air pollution 

emissions would also lead to better background PM2.5 estimates. Additionally, while the EPA 

ground-based monitoring network is extensive, many rural locations lack EPA stations, meaning 

that this method cannot be applied in these areas to estimate smoke exposure without using a 

spatial dataset (e.g., atmospheric or land use regression model) to calibrate the background 

PM2.5 concentrations. Using spatially resolved air pollution concentration data with the Bayesian 

model would also allow for the smoke exposures to be estimated at locations that do not have 

EPA monitors.  

3.3 Estimating Smoke Exposure through Calibrating Atmospheric Dispersion Modeling 

Results to EPA Data Using the Bayesian Background Model  

Figure 4 shows the distribution of high smoke exposure days, defined as smoke PM2.5 

greater than 25 µg	m!", at each station. Each station has a different number of high exposure 

days, showing that exposure to wildfire smoke varies by location. Fresno, CA had the highest 



number of high exposure days over the study period with 39 days with exposure greater than 25 

µg	m!". Carson City, NV had the only smoke exposure day over 150 µg	m!". This stratification 

shows the advantage of determining smoke exposure at individual locations, because while 

Carson City had the highest smoke exposure day, Fresno had more frequently occurring high 

smoke exposure days, which may point to more exposure overall and thus differing health 

effects.  

Figure 5 shows the distribution of the number of fires with smoke impacting each station. 

The results show that each station is impacted by both a different number of fires and a different 

amount of smoke exposure from each fire. Sparks, NV; Fresno, CA; and Lindon, UT had the 

highest number of fires with smoke plumes impacting the monitor over the study period, with 

263, 270, and 398 fires respectively. While they had the highest number of fires, these fires 

were primarily associated with smoke plumes that had less than 50 µg	m!"	of smoke exposure. 

This stratification exemplifies the variety of exposures and subsequent health effects to be 

accounted for. The health consequences of frequent exposure to a small amount of smoke may 

be different than the consequences of less frequent exposure to a high amount of smoke.    

Figure 6 shows that each station is impacted by smoke from fires that are a range of 

distances away (100-1,000,000 m). This potentially causes differences in exposure due to the 

chemical evolution of the smoke plume as it is transported downwind. Additionally, smoke from 

a single fire may be detected at more than one station. As the smoke is transported through the 

atmosphere, the chemical aging of the plume may mean that smoke from one fire can cause 

different health impacts at different locations.  

3.4 Estimating Smoke Exposure by Fire Size, Fuel Type, and Plume Age Characteristics 

By including additional data sources in our exposure modeling framework, we can track 

the fuel type, fire size, and plume age for each smoke plume and exposure estimates, which 

can be used to investigate patterns in the dataset. Figure 7 shows the distribution of the burned 

area of the fire that resulted in smoke exposure at each station. The smoke exposures 



associated with the largest burned area (1,753-1,850 km2) affected Carson City, Reno, Sparks, 

Modesto, Fresno, and Bakersfield, showing how widespread the smoke impacts from a single 

fire can be. The differences in fire sizes creates differences in the smoke plume composition 

due to differences in combustion characteristics associated with fire size [111–114]. Because of 

these differences in the composition of the smoke plume, it is possible that there are differences 

in health effects from smoke plumes resulting from different fire sizes. Since this dataset retains 

information on fire size from each fire, it is possible to estimate smoke exposure based on fire 

size.  

The fire size information can be combined with fuel type information, also included in our 

exposure model, to estimate which fires could be prescribed or agricultural burns and which 

fires are wildfires. In the western US, fires that are smaller in size (less than 3.6e+05 m2) [115] 

with shrub/scrub fuels are likely prescribed burns. Also, small fires with cultivated crop fuels are 

likely agricultural burns [112]. Understanding the health impacts of smoke from prescribed fires 

is important for land management and policy decisions. Our model provides the combined 

estimates of fire size and fuel type that can be used to identify smoke from prescribed fires. In 

our dataset, the most common fuel type for smoke exposures over the study period was 

evergreen forest (Figure 8). The EPA station most impacted by smoke from fires burning 

evergreen forest was Modesto, CA. This station also had many smoke impacts from cultivated 

crops, meaning that Modesto is likely impacted by both wildfire smoke and 

agricultural/prescribed burning.  

The land use classification makes it possible to gain more insight into smoke exposure 

trends. Based on Figure 4, the station that had the highest smoke exposure days was Fresno, 

California. Fresno is also frequently impacted by smoke from cultivated crops, meaning they 

experience impacts from wildfire and agricultural burning. Fresno is located in Tulare County, 

which has a higher poverty rate than the other locations in our study [116]. Because the health 

impacts of wildfire smoke vary by socio-economic status (SES) [117], it is possible that Fresno 



may experience worse health impacts, both because of the frequency of smoke plumes in the 

area and the SES of the area. Future work in this area could include classifying landcover type 

for each daily fire location, which would allow deeper understanding of the fuel characteristics of 

each day of the fire and tracking of changes as the fire progresses.  

Plume age is an additional piece of information included in this dataset. The chemical 

composition of the smoke plume changes as it ages and moves through the atmosphere 

[93,95,118]. Most smoke stays in the atmosphere for two days or less before being detected at 

ground level (Figure 9), but there are some fires that are estimated to be aged as much as five 

days. Las Vegas, NV, was most frequently impacted by plumes that had been aged for five or 

more days (17 plumes). Lindon, UT, was most frequently impacted by plumes that had been 

aged for less than one day (208 plumes). The differences in health effects between fresh and 

aged plumes found in the literature [93–95] suggest that investigating the health effects between 

these two locations could provide an insightful comparison. The literature also disagrees on 

whether aged smoke is better or worse than fresh smoke based on the compound of interest 

[117], so comparing these two locations can provide valuable insight into the health outcomes 

experienced by a population. Because our dataset tracks plume age, this comparison of plume 

age and health effects by location is made possible.  

The novel method for estimating wildfire smoke exposure presented in this paper helps 

to address data gaps, such as missing fires, that affect acute smoke exposure studies. Our 

method also includes additional information on fires that allows for health studies to be designed 

to investigate the health associations of smoke exposures resulting from different fire 

characteristics. This method also calibrates the smoke exposure estimates using real-world 

PM2.5 observations, which is highly advantageous when working with fire emissions and smoke 

transport, where the uncertainty of model estimates benefits greatly from the inclusion of real-

world data.  

 



4 Implications for Smoke Exposure Modeling 

 Previous smoke studies have variably relied on fire information that is incomplete due to 

remote sensing challenges [119], focused exclusively on long-term health effects [7,95,120], 

used short study time frames or small geographical areas [5,9,21,121,122], used a binary fire 

exposure term instead of a specific concentration estimate [53,123], or have not included 

exposure specific to each individual fire [40]. The new smoke exposure model in this paper 

advances the state-of-the art in smoke exposure modeling and provides advantages over 

simplistic methods used in some other health effects studies (i.e., using distance from fire as a 

metric for exposure). We include finer spatial resolution fire information and account for missing 

fire detections due to cloud cover, based on the FEI method in Faulstich et al., (2025) [86]. 

Therefore, less fire information is missing compared to using a single remote sensing method 

and without relying on visual fire identification methods (i.e., human detection). Using HYSPLIT 

to determine the atmospheric transport of wildfire smoke plumes means that the smoke 

estimates can be determined at ground level, where exposure occurs, versus a column-

integrated value detected from satellite remote sensing. Additionally, by running HYSPLIT for 

each fire in the domain, we retain fire information (e.g., fuel type, fire size, and plume age) that 

allows for further stratification of the smoke exposure estimates. While CTMs can track the 

formation of secondary PM2.5 from fire emissions and may run in higher resolution, it is not 

computationally feasible to track smoke from individual fires over a decade because it would 

require one CTM run for each fire in the domain. For example, in our simulations, we found that 

the average time for a single fire simulation day for our domain using HYSPLIT, running on a 

single CPU, was 3.6 minutes. For comparison, in a CTM model such as CMAQ, a single fire 

simulation day for the continental U.S. (CONUS, 12km horizontal resolution and 30 vertical 

levels) takes 4 hours on 64 CPUs. In this study, the average number of fire simulation days per 

year is approximately 3,300. For one year of simulation results, so HYSPLIT would take just 



over about 8 days of computational time (1 CPU), but CMAQ would take 1.5 years for the 

CONUS domain (64 CPUs).  

The Bayesian background model also improves the background PM2.5 estimates by 

including information on variables like season, temperature, and wind speed. These 

meteorological variables allow the Bayesian model to factor in conditions that may impact 

background PM2.5 levels, as opposed to relying on historical averages of non-smoke estimates 

of PM2.5 on the same day in other years [40,124,125]. Previous HYSPLIT studies often 

determined the origin of smoke using backward trajectories [81,126], but using back trajectories 

does not retain information on individual fire and smoke plume characteristics because it does 

not determine which specific fires resulted in the smoke exposure, especially in the case of 

overlapping plumes from multiple fires. Because fire size and combustion type can impact the 

composition of PM2.5 and thus the health effects [97,127], the information on fire size, fuel type, 

and plume age enhances smoke exposure estimates by providing proxies of the different 

chemical compositions in smoke plumes.   
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Figures  

 

Figure 1. Map of EPA monitor locations used for analysis. This map also represents the spatial 

domain used for atmospheric modeling.    



 

Figure 2.  PM2.5 concentrations (µg	m!") from HYSPLIT compared to PM2.5 concentrations 
(µg	m!")	from EPA station monitors. Note: The HYSPLIT results only account for PM2.5 from 
smoke. The blue line shows a standard linear regression and the grey interval 
shows the 95% confidence interval of the model fit. The correlation coefficient (R) is 0.26, the 
statistical significance (p) is less than 0.01, and the coefficient of determination (R2) 0.07. 



 

Figure 3. A schematic of daily “agree” and “disagree” indicators between HYSPLIT results and 

EPA monitor data to assess the model skill for smoke events. The average PM2.5 concentration 

is the average of smoke exposure on all days that HYSPLIT detected smoke and the EPA did 

not. Note: The EPA data is not wildfire specific, meaning that it includes high PM2.5 days from 

wintertime inversions and other pollution events.  



 

Figure 4. Distribution of smoke PM2.5 exposure as estimated by HYSPLIT for high exposure 

days at each station during 2012 - 2019. High exposure is classified as PM2.5 concentrations 

that exceed 25 µg	m!", based on the World Health Organization 2006 guidelines [109].  



 

Figure 5. Distribution of the PM2.5 smoke exposure as estimated by HYSPLIT impacting each 

station. 



 

Figure 6. Distribution of the distance between the fire and EPA stations for fires contributing to 

smoke PM2.5 exposure as estimated by HYSPLIT in each location. 



 

Figure 7. Distribution of the fire size, indicated by burned area, of the fires contributing to smoke 

PM2.5 exposure as estimated by HYSPLIT in each location.  



 

Figure 8. Distribution of the land cover type of each fire with smoke plumes that impacted each 

station from 2012-2019. 



 

Figure 9. Age of the smoke plume impacting each station in days, determined using an average 

wind speed value across each state.  
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