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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• PurpleAir sensors substantially improve 
PM₂.₅ accuracy in complex terrain.

• Smog potential maps capture winter 
inversion-driven pollution in mountain 
valleys.

• Daily 600 m PM₂.₅ surfaces generated 
using geographically weighted 
regression.

• PM₂.₅ modeling strategy differs between 
winter inversions and summer wildfires.
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A B S T R A C T

Accurate PM2.5 monitoring in complex terrain is challenged by sparse regulatory networks and distinct seasonal 
pollution sources, like winter temperature inversions and summer wildfires. This study develops and evaluates a 
hybrid modeling framework that integrates bias-corrected low-cost sensor data to improve spatial and temporal 
PM2.5 mapping in Montana, USA. We first applied a local, observation-based bias correction to dense PurpleAir 
sensor network, substantially improving agreement with reference monitors (R2 increased from 0.750 for a 
generic correction to 0.838). This corrected data was used to create high-resolution smog potential (smogP) 
surface, a static layer representing terrain-driven pollution accumulation, which explained 59.5% of the spatial 
variance of mean PM2.5 during wintertime inversion events. Daily 600 m resolution PM2.5 grids were then 
generated using geographically weighted regression framework. Cross-validation revealed a strong seasonal 
dichotomy in model performance: during the winter inversion season (November–March), models incorporating 
the smogP layer were critical and consistently outperformed other approaches. Conversely, during the summer 
wildfire season (May–September), the high density of sensor data alone was often sufficient, with simpler spatial 
interpolation models proving as effective at capturing the diffuse nature of large smoke plumes than models 
constrained by static covariates like smogP or satellite aerosol optical depth (AOD). We conclude that the optimal 
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strategy for PM2.5 mapping in complex terrain is season-dependent, and this work provides a framework for 
leveraging citizen-science data to enhance air quality forecasting in these challenging environments.
Synopsis: Effective PM2.5 monitoring/modeling in complex terrain requires a seasonally adaptive strategy, using a 
terrain-based smog potential model for winter inversions and flexible spatial interpolation of dense sensor data 
for summer wildfire smoke.

1. Introduction

Fine particulate matter (PM2.5), airborne particles with a diameter of 
less than 2.5 μm, is consistently linked to adverse health (Horne et al., 
2018; Dockery and Pope, 1994; Jeong et al., 2019; Jainonthee et al., 
2022; Orr et al., 2025a; Chen et al., 2021; DeFlorio-Barker et al., 
2019; Ebisu et al., 2019; Magzamen et al., 2021; Wu et al., 2022). The 
Intermountain West of the United States faces a dual air quality chal
lenge: valleys choked with stagnant, polluted air during winter in
versions, and landscapes blanketed by wildfire smoke in the summer. As 
residential wood burning (Hadley et al., 2021; Ward and Lange, 2010), 
prescribed fires (Liu et al., 2017; Maji et al., 2024), and large-scale 
wildfires continue to shape the region's air quality, the need for accu
rate, high-resolution exposure estimates has never been more critical. 
Rural mountainous communities are often underrepresented in tradi
tional monitoring networks despite experiencing substantial wildfire 
smoke exposure and wintertime pollution episodes.

Current exposure models, often based on satellite products or 
chemical transport models, offer broad spatial coverage but frequently 
fail to capture the hyperlocal pollution patterns mediated by complex 
terrain. In the mountainous valleys and basins of the West, topograph
ical features and localized meteorological phenomena, such as temper
ature inversions and valley winds, create unique conditions where 
pollutants become trapped and concentrated. This results in exposure 
hotspots that broad-scale models miss (Orr et al., 2025b), leading to a 
significant underestimation of public health risk (Hadley et al., 2021). 
These terrain-driven processes also produce strong spatial non
stationarity in PM2.5 concentrations, where pollutant behavior and 
predictor relationships vary substantially across valleys, basins, urban 
corridors, and high-elevation terrain.

To improve PM2.5 exposure estimation, a wide range of statistical, 
machine learning, and hybrid modeling frameworks have been devel
oped that integrate multiple data sources, including satellite aerosol 
products, land-use variables, meteorological data, chemical transport 
model outputs, and ground monitoring observations. Common ap
proaches include land-use regression, geographically weighted regres
sion (GWR), random forest and gradient boosting models, Bayesian 
hierarchical methods, and ensemble fusion frameworks (Di et al., 2021; 
Li et al., 2020; van Donkelaar et al., 2019; Chen et al., 2018; Hu et al., 
2017; Safarov et al., 2025). These methods have substantially 
improved the spatial and temporal resolution of PM2.5 estimates and 
have become increasingly important for epidemiological and environ
mental justice applications. However, many existing models are devel
oped for broad regional or national scales and may inadequately 
represent localized pollution dynamics in mountainous terrain, where 
inversion frequency, valley confinement, elevation gradients, and 
wildfire smoke transport can create highly heterogeneous exposure 
patterns over short distances and timescales (O'Neill et al., 2021). 
Accurately characterizing these fine-scale processes remains particularly 
challenging in rural western regions with sparse regulatory monitoring 
coverage.

The recent proliferation of low-cost sensor networks, such as the 
citizen-science-driven PurpleAir platform (“PurpleAir Low-Cost PM2.5 
Sensor Network Data”, 2024), presents a promising opportunity to fill 
these observational gaps, enhancing the spatial density of existing reg
ulatory instruments at a fraction of the cost. However, their raw data are 
subject to biases and require robust correction (Barkjohn et al., 2022; 
Jaffe et al., 2023). While a growing body of literature has focused on 

sensor calibration (Chu et al., 2020; Kang and Choi, 2024; Wang et al., 
2019; Nana et al., 2025), a critical gap remains in understanding how to 
best integrate the dense data into operational air quality models to 
improve daily air quality mapping, especially in topographically com
plex settings. In addition to calibration challenges, integrating dense 
low-cost sensor observations into spatial prediction frameworks in
troduces methodological questions regarding spatial representativeness, 
temporal stability, sensor clustering, and spatial autocorrelation.

Despite major advances in PM2.5 exposure modeling, relatively little 
work has evaluated how dense low-cost sensor networks can be inte
grated into daily spatial prediction frameworks in rural mountainous 
environments characterized by strong terrain-driven meteorological 
heterogeneity. In particular, it remains unclear whether dense citizen- 
science monitoring networks can substantially improve prediction of 
localized winter inversion events and wildfire smoke exposure beyond 
what is achievable using sparse regulatory monitoring networks alone.

To address this challenge, this study develops and evaluates a 
seasonally adaptive modeling framework for daily PM2.5 mapping in 
Montana, USA. Unlike many PM2.5 mapping approaches that apply a 
single modeling framework year-round, our approach explicitly evalu
ates seasonal differences in pollution dynamics by incorporating a 
terrain-based “smog potential” surface designed to capture winter 
stagnation behavior while also assessing the role of satellite-derived 
aerosol optical depth (AOD) during wildfire seasons. We investigate 
whether a dense, bias-corrected sensor network can improve pre
dictions, particularly assessing the role of a terrain-based “smog po
tential” map for capturing winter inversion episodes. Ultimately, we test 
if this hybrid approach can provide a new pathway for enhancing air 
quality forecasting and risk communication in historically underserved 
rural and mountainous communities.

2. Data and methods

2.1. Study domain

Our study focused on Western Montana (bounding box: − 114.9, 
− 111.4, 44.7, 49.9) (Fig. 1), a USA state characterized by steep topo
graphic gradients, frequent winter temperature inversions, spring and 
fall prescribed burning, and episodic wildfire smoke events. These fea
tures and unique sources create a particularly challenging environment 
for air quality monitoring and modeling.

2.2. Datasets

Our modeling framework integrated ground-based PM2.5 measure
ments with ancillary meteorological and satellite data for the 2023 
calendar year.

2.2.1. PM2.5 monitoring data
We acquired hourly PM2.5 observations from two primary sources. 

The first was the PurpleAir network, a citizen-science platform from 
which we compiled 10.8 million observations from 186 monitors 
(Fig. 1). The second was the U.S. Environmental Protection Agency's 
(EPA) Air Quality System (AQS), which serves as the regulatory stan
dard. We obtained hourly concentrations from six EPA stations within 
the study domain (Fig. 1) from the EPA AirNow (https://www.epa.go 
v/outdoor-air-quality-data). Negative values were set to zero and 24-h 
averages were calculated in local time.
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2.2.2. Ancillary datasets
To account for atmospheric conditions and land use patterns, we 

incorporated several predictor datasets. First, a daily smog intensity 
(smogI) metric was used to quantify large-scale meteorological condi
tions conducive to pollutant buildup. This metric, described by 
(Swanson et al., 2022), is a linear combination of geopotential height, 
longwave radiation and wind. Second, we obtained 1-km resolution 
MODIS Aerosol Optical Depth (AOD) data (MCD19A2), a widely used 
satellite-based proxy for columnar particulate matter. AOD was un
available across the entire study area for much of the year due cloud and 
snow cover, so we applied standard quality masks and a nearest- 
neighbor interpolation approach to fill data gaps. Although crude, we 
found that our GWR method zeroes out the AOD coefficient under such 
conditions. Additional geophysical and land use predictors, detailed in 
Table 1 and Appendix, were used to model the spatial distribution of 
smog potential. We modeled PM2.5 at daily resolution because air 
pollution processes in the Intermountain West are highly episodic and 
strongly influenced by day-specific meteorological conditions, including 
wildfire smoke transport, winter inversions, and boundary layer dy
namics. Daily modeling allowed the framework to capture transient 
atmospheric behavior and acute pollution episodes while retaining 
stable geophysical predictors describing terrain and land-use influences. 
Daily estimates were also necessary for downstream exposure 

assessment and epidemiologic applications focused on short-term PM2.5 
variability.

2.3. PurpleAir data preprocessing

To transform the raw citizen-science data into research-grade prod
uct, we performed a three-step preprocessing workflow to (1) screen, (2) 

Fig. 1. Study Area and Monitoring Network in Western Montana. The study domain spans longitudes − 114.9 to − 111.4 and latitudes 44.7 to 49.9. Locations of the 
186 PurpleAir low-cost sensors (circles) and six EPA AQS regulatory monitors (squares and diamonds) used in the analysis are shown. Point colors indicate smog 
potential or mean PM2.5 under standardized “stagnant” conditions, open points did not have enough inversion days to provide a reliable estimate. (Top right) Inset of 
the Missoula valley illustrates how particulate matter pollution concentrates in populated valleys under stagnant conditions. (Bottom right) Mean monthly conditions 
averaged across the study area; PM2.5 shows a bimodal pattern with peaks during fire season (July–September) and when stagnant conditions are dominant 
(November–March). Satellite AOD data, which requires cloud-free and snow-free conditions, becomes nearly unavailable in winter.

Table 1 
Predictor variables used in the Generalized Boosted Model (GBM) to create the 
smog potential (smogP) surface.

Predictor 
Category

Variable Description Number of 
Predictors

Land Surface 
Temp

Monthly daytime mean MODIS LST 12

Monthly nighttime mean MODIS LST 12
Topography Local minima function (valley depth) at 

various radii
11

Topographic position index (Jenness 2006) 
at various radii

5

Emission Proxies 4 km housing density (EPA surrogate) 1
4 km rural housing density (EPA surrogate) 1
4 km wood heat (EPA surrogate) 1
Kernel-smoothed population density 1
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correct, and (3) harmonize the observations.
First, we removed anomalous observations exceeding 250 μg/m3, a 

conservative threshold based on the highest valid hourly concentrations 
recorded in the regional EPA AQS dataset during the study period. The 
screened hourly data were then aggregated to daily means, requiring a 
minimum of 23 valid hourly observations (96% completeness) to ensure 
a representative daily value. This step reduced the influence of short- 
term fluctuations and aligns the data with the 24-h average exposure 
metrics common in health studies.

Previous work has identified systematic biases in PurpleAir and other 
low-cost sensors (Barkjohn et al., 2022; Jaffe et al., 2023). We correct 
systematic errors in our data using co-located EPA-PurpleAir pairs and 
fitting a machine learning model with humidity and temperature as 
predictors.

Third, we reconciled closely spaced observations by calculating a 
weighted average of the daily values of monitors located within 600-m 
of each other, assigning PurpleAir monitors a 33% weight and EPA 
monitors a 67% weight. Finally, because PM2.5 concentrations are 
skewed toward large values, we applied a log-transformation (y = ln 
(PM2.5 + 1)) to all data to stabilize the variance and normalize residuals 
for subsequent modeling.

2.4. Modeling approach

We used a two-stage approach: first, we developed a static surface 
representing the long-term potential for winter smog accumulation 
(smogP), and second, we used this surface as a predictor in a dynamic 
model to generate daily PM2.5 estimates.

2.4.1. Smog potential (smogP) surface model
To represent the static, topographically driven propensity for 

pollution buildup during stagnant winter conditions, we developed a 
600-m resolution smog potential (smogP) surface (Swanson et al., 
2022). The smogP metric was intended to characterize the long-term 
tendency of a location to accumulate PM2.5 during winter stagnation 
events, independent of day-to-day meteorological variability.

We first identified the top 20% most stagnant winter days using the 
smogI index. For each monitoring location, we then calculated the mean 
PM2.5 concentration across these stagnant days. This monitor specific 
stagnant day mean PM2.5 value served as the response variable for 
subsequent spatial modeling. Sensors with fewer than 50 valid stagnant 
day observations were excluded from analysis.

We modeled these smogP values across the study area using a hybrid 
machine learning and geostatistical framework. First, a Gradient Boos
ted Model (GBM) (Jerome and Friedman, 2001) was trained using pre
dictor variables representing topographic confinement, land use, and 
emissions related characteristics (Table 1). GBM was selected because of 
its ability to capture complex nonlinear relationships and interactions 
among predictors.

Because GBM does not explicitly account for spatial autocorrelation, 
residuals from the GBM predictions were subsequently modeled using 
ordinary kriging. An exponential variogram model was fitted to the 
sample semi variogram using least squares estimation, with nugget ef
fect treated as measurement error. The kriged residual surface was then 
added back to the GBM predictions to generate the final smogP surface. 
This hybrid approach combines the nonlinear predictive capability of 
machine learning with the ability of geostatistical interpolation to 
represent fine-scale spatial structure not captured by the predictor var
iables alone.

Model selection was performed using Forward Feature Selection 
(FFS) implemented in the R package CAST (Meyer et al., 2018), using 
root mean square error as the optimization metric. Five-fold spatial 
cross-validation was used during model tuning to reduce overfitting and 
improve spatial generalizability. Final model performance was using 
leave-one-out cross-validation (LOOCV) where all observations associ
ated with a monitoring location were withheld in turn and predicted 

using models trained on the remaining stations. Spatial autocorrelation 
in model residuals was evaluated using Moran's I test with inverse dis
tance weighting (Moran, 1950).

Finally, preliminary models were found to overpredict smog poten
tial in high elevation mountainous terrain far from populated valleys, 
where monitoring data were sparse, but air quality is generally known to 
remain clean during winter stagnation events. To constrain extrapola
tion in these regions, we added 10 ‘synthetic’ training points at 
randomly selected high-elevation, low-population locations and 
assigned them a smog potential of 1 μg/m3. These synthetic points were 
included during model training but excluded from validation analysis.

2.4.2. Daily PM2.5 surface generation and evaluation
To generate daily 600-m resolution PM2.5 surfaces, we used 

Geographically Weighted Regression (GWR) applied daily. A 600-m grid 
resolution was selected as a balance between the fine-scale spatial 
variability imposed by complex valley terrain and the spatial density of 
the PurpleAir monitoring network, while also remaining computation
ally tractable for daily surface generation across the study domain. This 
resolution was sufficiently fine to resolve major topographic gradients 
and urban-scale pollution variability without implying unsupported sub- 
grid precision. Hourly PM2.5 observations were aggregated into daily 
averages using local standard time at each monitoring location. This 
method was chosen because the relationships between PM2.5 and its 
spatial predictors (e.g., AOD, smogP) are non-stationary in complex 
terrain; that is, the strength of their effects are assumed to vary across 
the study area and from day to day. GWR was chosen because the re
lationships between PM2.5 and its spatial predictors (e.g., AOD, smogP) 
are non-stationary in complex terrain; that is, the strength of their effects 
are assumed to vary across the study area and from day to day. For each 
day, we fit multiple GWR models with different combinations of pre
dictors (AOD, smogP, smogP+AOD) and compared them to a null model 
that used spatial interpolation alone.

Model performance was assessed using a daily LOOCV. This robust 
method provides an unbiased estimate of how well the model predicts 
PM2.5 at unmonitored locations by iteratively withholding each station, 
refitting the daily GWR model, and comparing the prediction to the 
observed value. We used gaussian weights and an adaptive bandwidth, 
with the bandwidth for each model chosen to maximize R2 over the full 
set of LOOCV predictions. To rigorously assess prediction of accuracy at 
unsampled locations, we used LOOCV estimates of smog potential, such 
that each point was withheld from the entire modeling process (both the 
static surface generation and the daily GWR).

To compare with the results of Swanson et al. (2022), we also pre
dicted the PurpleAir stations with daily models fitted using only EPA 
observations and using both the 2022 and newly developed smog po
tential models. All EPA monitoring stations within 250-km of the nearest 
study site were included in the GWR runs but excluded from smogP 
model fitting and all validation. Points outside of the study area but were 
included in the fitting of the daily GWR. Smog potential estimates at 
these points were made using predictions from the full GBM and kriged 
error, using an exponential variogram model fitted to this expanded 
dataset.

3. Results

3.1. GBM bias correction substantially improves low-cost sensor accuracy

Our data included 11 PurpleAir sensors collocated (< 120-m, but 
generally <3 -m) with 6 EPA reference stations, consisting of 108,000 
hourly observations. Raw PurpleAir measurements exhibited system
atic, concentration-dependent bias when compared against co-located 
EPA regulatory monitors. At lower concentrations (< 10 μg/m3), Pur
pleAir sensors tended to overestimate PM2.5, while underestimating at 
higher concentrations (Fig. 2). Applying our machine learning bias 
correction resolved this issue and substantially improved the agreement 
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between low-cost sensors and the reference monitors. For hourly data, 
the R2 increased from negligible to 83.8%, and for daily means, it 
increased from negligible to 93.6%. This compares favorably to the 
national correction developed by (Barkjohn et al., 2022), which ach
ieved R2 values of 74.9% and 82.9% for hourly and daily data, respec
tively, when applied to the same observations (Fig. 2).

3.2. Hybrid model captures terrain and emission-driven smog potential

Our hybrid machine learning and geostatistical model successfully 
predicted the spatial patterns of winter pollution potential (smogP), 
explaining 59.5% of the variance at the 109 station locations for which 
we were able to obtain empirical estimates of smogP, under strict 
LOOCV validation (Fig. 5). Although many monitoring locations were 
spatially clustered, additional evaluation at “remote” sites located >10 
km from their nearest neighboring monitor (Tables 3 and 4) demon
strating that model performance remained robust even under reduced 
spatial redundancy, supporting the generalizability of the model beyond 
densely monitored areas. The underlying GBM model, which accounted 
for 56.4% of the variance, identified population density and a metric of 
terrain confinement as the dominant predictors; together, these top 2 
predictors accounted for 88% of the model's relative influence (Table 2, 
Fig. 4, Fig. S2).

Residual errors from the full data GBM smogP fit were found to have 
significant spatial autocorrelation (IDW Moran's I p-value = 0.002). The 
exponential variogram model fitted to the sample semi-variogram had 
an effective range of 250-km, approximately the width of the study area 
(Fig. 3). Correcting for the model's spatially autocorrelated residuals via 
kriging slightly improved the final map's accuracy and spatial repre
sentation of smog potential (Figs. 4 & 5). We hypothesized that the in
clusion of the dense PurpleAir network would yield improved 
predictions of smogP to new locations within the study area, and this 
was partially confirmed. When evaluated at PurpleAir-only locations, 

the new smogP model achieved a correlation coefficient of 0.732 under 
strict LOOCV, compared to 0.651 for the 2022 model (Swanson et al., 
2022). Importantly, model performance remained consistent at remote 
monitoring locations (>10 km from the nearest neighboring monitor), 
indicating that the observed validation skill was not solely driven by 
closely spaced sensor clusters (Tables 3 and 4).

As an additional assessment of our new smogP, we generated LOOCV 
predictions using both the current smogP surface and the smogP surface 
of Swanson et al. (2022), using only the permanent EPA monitoring 
stations to fit daily GWR models (Table 5). We found that the two ver
sions were roughly equivalent in winter, but the older predictor did 
slightly better on an annual basis when constrained to sparse input data 
(Table 5).

3.3. PurpleAir sensors increase prediction accuracy

The inclusion of PurpleAir sensors in daily modeling of PM₂.₅ 
dramatically increased prediction accuracy, raising the full model 
(smogP+AOD) R2 from 0.692 (Table 4) to 0.837 (Table 3). This sub
stantial gain is attributable to the increase in data density; the median 
number of observations used to fit the daily GWR increased from 11 to 
98 with the inclusion of the PurpleAir data. With the high density of 
PurpleAir sensors, the relative importance of predictor covariates 
diminished; an interpolation-only model achieved an R2 of 0.811. This 

Fig. 2. Improvement of Sensor Accuracy After Bias Correction. Comparison of daily PurpleAir PM₂.₅ measurements with collocated EPA regulatory monitor ob
servations before correction (left) and after humidity and bias correction (right). The red dashed line indicates the 1:1 relationship. Correlation coefficients and R2 

values are shown for each comparison.

Table 2 
Relative influence of predictors in the smogP GBM fit.

Predictors Relative Influence 
(%)

Description

Local minima function, 
1000 m

47.3 Valley Bottom Position (1000-m 
radius)

Population density 40.6 Kernel-smoothed Population 
Density (2020)

Jan nighttime LST 7.3 Mean Nighttime Land Surface 
Temperature

RuralPopulation 4.9 Rural Housing Density

Fig. 3. Spatial Autocorrelation in Smog Potential Model Residuals. Variogram 
of residual errors from the static smogP GBM fit. The red line represents the 
fitted exponential model, which has an estimated effective range of 250-km, 
indicating that errors are correlated up to this distance.
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result held during fire season, where covariates provided only a modest 
improvement in fit over interpolation alone. However, in winter, the 
smogP covariate contributed substantially, increasing the R2 from 0.359 
(interpolation) to 0.535 (smogP).

The full model performed very well at classifying PM₂.₅ concentra
tion by EPA categories (Table 6), with 94.5% correctly classified and a 
Kappa statistic of 0.741. A map of accuracy by sensor location (Fig. 7) 
shows higher errors in locations farther from their neighbors and in
dicates that winter errors have a more skewed distribution. Further 
analysis found that the stations with the highest winter error tended to 

also have large errors in the smogP model under LOO validation or were 
sites without enough observations to make a valid empirical estimate of 
smogP.

3.4. Optimal PM2.5 prediction strategy season-dependent

The most striking result of our daily PM₂.₅ predictions was a strong 
seasonal dichotomy in model performance, mirroring the region's 

Fig. 4. Hybrid Smog Potential Surface. Static smog potential (smogP) results from the GBM. (Left) Initial GBM fit. (Center) Kriged residual error from the GBM fit, 
where positive values indicate locations with higher observed smog than predicted. (Right) Final combined surface (GBM fit and kriged error), showing improved 
spatial representation of smog potential across the region.

Fig. 5. Smog Potential Model Performance. Scatterplot comparing smogP 
model predictions (GBM fit with kriged error) against empirical smogP esti
mates at monitoring locations. Empirical smogP is defined as average PM2.5 
under standardized, stagnant, winter conditions. The 1:1 line is shown in black. 
Using strict LOOCV validation, we found that predictions of this hybrid model, 
excluding the synthetic points, explained 59.5% of the variance, while the GBM 
alone explained 56.4%.

Table 3 
Full data prediction R2. Results of daily GWR using both EPA and PurpleAir data 
as input, evaluated at all locations using strict LOOCV validation. ‘Remote’ refers 
to evaluation at stations with no neighbors within 10 km. Satellite AOD offers 
limited improvement over interpolation, even for remote locations during fire 
season. In contrast, the smogP predictor substantially improves winter pre
dictions of PM2.5.

Model Full 
Year

Remote Winter Fire Winter +
Remote

Fire +
Remote

Interpolation 0.811 0.723 0.359 0.825 0.152 0.724
AOD 0.809 0.732 0.342 0.835 0.114 0.718
smogP 0.833 0.756 0.535 0.813 0.368 0.716
AOD+smogP 0.837 0.758 0.535 0.829 0.363 0.730

Table 4 
EPA-only prediction R2. Results of daily GWR using only EPA data as input, 
evaluated at all locations using strict LOOCV validation. With fewer observa
tions (typically 10–12 within the study region) to drive daily GWR predictions, 
all models perform worse than when PurpleAir data is included, while the 
covariates become more powerful. Satellite AOD improves fire-season and full- 
year predictions, while the smogP predictor continues to greatly improve winter 
predictions.

Model Full 
Year

Remote Winter Fire Winter +
Remote

Fire +
Remote

Interpolation 0.618 0.581 0.167 0.640 0.080 0.638
AOD 0.675 0.602 0.167 0.725 0.040 0.683
smogP 0.637 0.616 0.373 0.616 0.218 0.603
AOD+smogP 0.692 0.645 0.360 0.699 0.234 0.642

Table 5 
SmogP comparison R2. Comparison of EPA-only fits evaluated at new PurpleAir 
locations to assess the 2022 vs. new smogP predictor. The new predictor, 
developed using PurpleAir and EPA data, failed to improve on the predictor used 
by Swanson et al., 2022.

Model Full Year Winter

New smogP, EPA Input 0.682 0.327
2022 smogP, EPA Input 0.711 0.326
New smogP, Full Input 0.845 0.510
2022 smogP, Full Input 0.848 0.520

Table 6 
Confusion matrix for LOOCV predictions (Full AOD + smogP model). PCC =
0.945; Kappa = 0.741.

Observed

Predicted Good Moderate Unhealthy-sens. Unhealthy

Good 56,976 2139 12 5
Moderate 1094 5377 174 14
Unhealthy-sens. 3 94 243 45
Unhealthy 1 3 39 208

A. Swanson et al.                                                                                                                                                                                                                               Science of the Total Environment 1040 (2026) 181915 

6 



bimodal annual pollution cycle (Figs. 1 & 6). No single-predictor model 
was optimal for the entire year; instead, the best approach depended on 
the dominant seasonal pollution source. During the winter inversion 
season (November–January), models that included the smogP layer 
were essential and consistently outperformed all other model configu
rations (Table 3). This demonstrates the importance of a terrain-aware 
model for capturing topographically trapped, local-source pollution.

Conversely, during the summer wildfire season (July–September), 
the simpler GWR model using only spatial interpolation of the dense 
sensor data was highly effective. This “null” model (R2 = 0.825) was on 
par with the more complex covariate-based approaches (best model R2 

= 0.835), even in remote areas (R2 = 0.724 vs. full model R2 = 0.730).
Daily predictions using only the EPA stations showed stronger co

variate effects, with AOD increasing prediction R2 over the interpolation 
model from 0.640 to 0.725 during fire season, and smogP increasing R2 

from 0.167 to 0.373 during winter.

4. Discussion

Our study demonstrates the potential for low-cost/citizen science 
sensors to significantly improve PM₂.₅ exposure modeling, particularly 
in regions with sparse regulatory monitoring data and complex moun
tainous terrain. However, our results also highlight the distinct 
seasonally driven processes that govern air pollution in mountains and 
the potential for novel modeling approaches to more accurately resolve 
the spatial patterns of pollution exposure across the landscape. We show 
that a static covariate based on topography and population density can 
substantially improve predictions of air quality in valleys associated 
with winter inversion events. During other parts of the year, we found 
that with the higher spatial density afforded by these data, relatively 
simple statistical interpolation performed nearly as well as models that 
included ancillary predictors like satellite-derived aerosol optical depth 
data. This finding is particularly important given that MODIS data is 
widely used for PM₂.₅ modeling is seasonally unavailable (Fig. 1) in our 
study region due to snow and cloud cover and will soon be unavailable 

globally due to the retirement of the MODIS satellites. A caveat here is 
that our study spanned two relatively mild fire seasons – with more 
wildfire smoke we expect AOD to be more important as a predictor. Our 
approach provides a powerful tool for regions where valley-level 
pollution gradients, often invisible to coarser models, pose a signifi
cant public health risk.

The most significant implication of our study is that for complex 
terrain, there is no universal “best model.” The success of our smogP- 
driven models in winter highlights that when air quality is governed 
by local emissions, stagnant meteorology, and topographic trapping, a 
model informed by these static features is superior. In contrast, summer 
air quality is often dominated by large-scale, synoptic wildfire events. In 
these scenarios, pollution patterns are less constrained by local terrain, 
and the primary value of the low-cost sensor network is its ability to 
capture the real-time spatial footprint of a smoke plume. For air quality 
managers and forecasters, this suggests that operational models should 
be dynamic, switching from a terrain-based framework in the winter to a 
more flexible, interpolation-based system during wildfire season to 
provide the most accurate public health guidance. Our daily GWR 
approach facilitates this by leveraging the data itself to more heavily 
weight the seasonally relevant predictor.

Our new smogP predictor developed using PurpleAir and EPA data 
failed to outperform the predictor of Swanson et al., 2022 (Table 5), 
which was made using EPA-only data over a wider geographic area. The 
old predictor was better at estimating PM2.5 under inversion conditions. 
This could be attributable to the shorter record of the new PurpleAir 
data leading to more uncertain estimates of smogP, and the smaller 
number of station locations (n = 115) than were used in the 2022 model 
(n = 198). With such a small sample size, every observation is important, 
which was highlighted in validation. A modeling run using full-data 
predictions of smogP outperformed the run using the 2022 predictor. 
The fact that the 2022 predictor, fit using data from a much broader 
area, outperformed a locally calibrated predictor suggests universal 
mechanisms by which terrain and human activity affect PM2.5 
distribution.

While this study provides a robust framework, it has limitations that 
open clear avenues for future research. The sensor network, though 
dense, is biased toward populated areas, and our analysis is limited to 
two years of data. Future work should expand this seasonally adaptive 
framework to other mountainous regions and over longer time periods. 
Furthermore, incorporating dynamic variables such as woodstove den
sity data and active fire locations could further refine source attribution 
and predictive accuracy. Ultimately, the methodology presented here 
provides a clear, actionable pathway for transforming citizen-science 
data into a cornerstone of modern air quality management, enabling 
more targeted and effective public health interventions in the commu
nities most vulnerable to the dual threats of winter inversions and 
wildfire smoke.

Abbreviations

PM₂.₅ Fine Particulate Matter
AOD Aerosol Optical Depth
EPA Environmental Protection Agency
AQS Air Quality System
smogI Smog Intensity
smogP Smog Potential
GBM Generalized Boosted Model
FFS Forward Feature Selection
LOOCV Leave-One-Out Cross-Validation
GWR Geographically Weighted Regression
CFSR Climate Forecast System Reanalysis
MAE Mean Absolute Error

Fig. 6. Seasonal Dichotomy in Daily Model Performance. Performance of daily 
GWR fits under strict LOOCV validation, aggregated by month. The top row 
shows R2, and the bottom shows R2 relative to the interpolation-only model. 
The first column shows the results of daily models fit using only the permanent 
reference stations but evaluated at all sites. The second column shows daily 
GWR models fit using the full data and evaluated at all sites. Clear performance 
gains are visible for all models containing smogP during winter (Novem
ber–March), while AOD improves over interpolation-only models during fire 
season (July–September), but only for models fit using sparse input from per
manent EPA monitoring stations.
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