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Towards hyperlocal source identification of pollutants in cities by 
combining mobile measurements with atmospheric modeling 

John C. Lin a,*, Ben Fasoli a, Logan Mitchell a,1, Ryan Bares a,2, Francesca Hopkins b, 
Tammy M. Thompson c, Ramón A. Alvarez c 

a Department of Atmospheric Sciences, University of Utah United States 
b Dept. of Environmental Sciences, University of California, Riverside United States 
c Environmental Defense Fund United States   

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  

• Mobile vehicle monitoring reveals 
pollution patterns in Salt Lake City. 

• Minorities and lower income groups are 
exposed to higher pollution levels. 

• Mobile monitoring, combined with at
mospheric modeling, can identify 
pollution source location. 

• Pollution source can be localized at high 
resolution even if not known a priori.  

A R T I C L E  I N F O   

Keywords: 
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A B S T R A C T   

While mobile, vehicle-based sampling of air quality has provided insights into pollutant distributions within 
cities, previous research has been limited in using observed pollution hotspots to identify and localize unknown 
emission sources away from the road. Such “hyperlocal source identification” requires hotspots identified 
through mobile sampling to be linked to emission sources by tracing atmospheric transport upwind from 
observed hotspots. Here we analyze almost one year’s worth of pollutant observations from two Google Street 
View cars driven around the Salt Lake area, with repeated sampling in select neighborhoods. We then present a 
method to bridge the gap in hyperlocal source identification by using a high-resolution atmospheric transport 
model, as part of a new Stochastic Lagrangian Monte Carlo (SLMC) method to identify emission sources based on 
mobile observations. Case studies with both known and unknown sources are presented to illustrate the efficacy 
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of the SLMC method in hyperlocal source identification. With the availability of techniques like SLMC, we 
envision mobile air quality monitoring vehicles can serve as “roving sentinels” in identifying unknown pollution 
sources.   

1. Introduction 

By the beginning of the 21st century, more than half of humanity 
reside in cities (Seto et al., 2012), where large numbers of people are 
living in close proximity to pollutant emissions. Thus urban air pollution 
is a significant health risk for millions of people worldwide (Cohen et al., 
2017; Dockery et al., 1993; Hoek et al., 2013; Pope, 2000). 

Since the 1970s, air pollution in cities has primarily been monitored 
using stationary instruments, especially under regulatory frameworks 
such as the U.S. Clean Air Act. Among pollutants regulated under the 
Clean Air Act are fine particulate matter (PM2.5) and nitrogen dioxide 
(NO2). However, distributions of such pollutants within urban areas 
have been found to be highly variable, with fine-scale exposure patterns 
(Alexeeff et al., 2018; Fruin et al., 2014; Kaur et al., 2007) related to 
differences in traffic, street canyon morphology, and distance to emis
sion sources (Van den Bossche et al., 2015). The considerable spatio
temporal variation of pollution in cities means that stationary sensors 
may not properly characterize the variability of pollutants and human 
exposure (Alexeeff et al., 2018; Kaur et al., 2007; Van den Bossche et al., 
2015). 

In recent years, developments in sensor design and communications 
technologies have facilitated novel methods to monitor pollution at finer 
granularity. Lower cost sensors that enable much larger numbers of sites 
to be placed around a city have begun to fill spatial gaps in the pollution 
picture (Caubel et al., 2019; Delaria et al., 202; Feenstra et al., 2019; 
Morawska et al., 2018). 

Alternatively, mobile observations address the sampling gaps by 
placing instruments on platforms that move across the urban landscape. 
Air pollution monitoring using instrumented vehicles can sample 
wherever the vehicle can be driven, and mobile sampling using instru
mented vehicles has yielded significant insights into urban pollution 
patterns. In particular, vehicle-based mobile sampling has been invalu
able for identifying urban hotspots around the city for pollutants such as 
black carbon (BC), NO2, and fine particulates (Apte et al., 2017; Desh
mukh et al., 2020; Hu et al., 2016; Padilla et al., 2021; Targino et al., 
2016). Vehicle-based mobile sampling has also been used to evaluate 
street-level differences in health impacts such as cardiovascular events 
due to long-term exposure to NO2, NO, and BC (Alexeeff et al., 2018). 
Additionally, mobile sampling provided compelling evidence of wide
spread leaks in the natural gas infrastructure that emit methane (CH4), a 
potent greenhouse gas, to the atmosphere (Jackson et al., 2014; von 
Fischer et al., 2017; Weller et al., 2020). 

Mobile sampling has also been used to apportion pollutant concen
trations to source sectors. For example, analyses of mobile data using 
Positive Matrix Factorization modeling (PMF) can quantify the relative 
contribution of source sectors to fine resolution measurements of PM2.5 
species, or hydrocarbons (Robinson et al., 2018; Gu et al., 2018) 
providing insight into the relative importance of source sectors. How
ever, chemical signatures alone cannot determine the location of the 
source (Shah et al., 2018). Pekney et al. (2006) took PMF a step further 
and applied the Potential Source Contribution Function (PSCF) meth
odology using 24-hr averaged measurements along with mean-wind 
trajectories (neglecting turbulence) to identify likely source regions at 
the 0.1◦ × 0.1◦ (~10 km) grid scale. A key result was to distinguish 
between local and regional sources, without the capability to localize 
the source more precisely. Additionally, the equipment required to run 
chemical speciation profiles on PM2.5 requires a sophisticated mobile 
monitoring set up, thus limiting the scalability of this approach. 

While mobile sampling has hitherto contributed to growing under
standing of pollutant distribution and hotspots within cities, previous 

research has been limited in terms of relating such hotspots to their 
source locations, away from the road, in a quantitative manner. Past 
work on mobile data has mostly presented the hotspots solely using 
empirical, statistical methods—e.g., elevated median values (Apte et al., 
2017; Miller et al., 2020). Conducting “hyperlocal source identification” 
requires the hotspots discerned through mobile sampling to be linked to 
emission sources by tracing the transport of pollutants upwind from the 
hotspots. Tracing such hotspots upwind to the sources using atmo
spheric transport information is either missing from previous studies or 
only carried out in a relatively simple manner—e.g., using wind cate
gories based on limited weather station data (Brantley et al., 2019; 
Deshmukh et al., 2020) or using mean-wind trajectories, without ac
counting for turbulence, in the case of PSCF (Pekney et al., 2006). 

Due to limited usage of wind information, published studies have 
primarily linked identified hotspots to prominent sources that are 
already known a priori, such as busy thoroughfares (Padilla et al., 2021), 
traffic intersections (Apte et al., 2017), rail yards (Brantley et al., 2014a; 
Deshmukh et al., 2020; Mitchell et al., 2018), or highways (Apte et al., 
2017; Deshmukh et al., 2020). The research literature is lacking in ways 
to identify previously unknown sources away from the road, based on 
vehicle-based mobile sampling, by accounting for atmospheric transport 
in a more sophisticated methodology. One of the few notable exceptions 
is the study by Valencia et al. (2021), which combines mobile sampling 
with dispersion modeling to adjust prior source emissions from in
ventories. Although one of the most sophisticated studies to date, the 
study still relies upon a single meteorological site to drive the dispersion 
model throughout the city, and the source identification depends on 
adjusting a prior emission inventory, meaning that missing sources are 
difficult to be adjusted if entirely absent from the inventory (Hopkins 
et al., 2016). Therefore, the identification of unknown sources is a 
current gap in the advancement of inverse modeling methods aimed at 
improving prior emissions inventories at any scale. 

In this study, we present a way to bridge the gap in hyperlocal source 
identification found in previous mobile sampling studies by combining 
pollution data collected from Google Street View cars (Apte et al., 2017; 
Miller et al., 2020) with a high resolution atmospheric model (Lin et al., 
2003; Fasoli et al., 2018). We define “hyperlocal” here as 0.002◦, which 
is approximately 200 m. This spatial resolution allows sources within a 
Census block level (~1 km) to be resolved. 

Our objectives in this paper are twofold: 1) Present empirical ana
lyses of a mobile sampling dataset and 2) Introduce a method to identify 
source regions of the observed pollutants at high spatiotemporal reso
lution. The mobile data were collected from two Google Street View 
vehicles driven for nearly one year (May 2019–March 2020) in Salt Lake 
City, Utah. Similar to previous studies, we start off by empirically 
characterizing the spatial distributions of pollutants (BC, NOx, PM2.5) 
and their hotspots throughout our sampling domain. We then couple the 
observations with the Stochastic Time-Inverted Lagrangian Transport 
(STILT) model, driven with wind fields from the High Resolution Rapid 
Refresh (HRRR) model, to identify the source regions of the observed 
pollutants at high spatiotemporal resolution. We leverage the informa
tion from the atmospheric model and introduce a method to identify 
emission sources based on mobile observations—the Stochastic 
Lagrangian Monte Carlo (SLMC) method. Case studies are presented in 
which sources are known versus unknown to illustrate the efficacy of the 
SLMC method in hyperlocal source identification. Finally, we discuss 
remaining uncertainties and ways to further make use of mobile data in 
the future. 

We specifically seek to address the following scientific questions: 

J.C. Lin et al.                                                                                                                                                                                                                                    
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• How are pollutants distributed across Salt Lake City, and how do pollu
tion patterns in residential neighborhoods relate to socioeconomic 
patterns?  

• By utilizing detailed atmospheric modeling, can on-road hotspots detect 
and localize non-road emission sources? 

2. Materials and methods 

2.1. Drive planning + coverage characteristics 

Two Google Street View vehicles were instrumented for air quality 
measurements (see below), with each vehicle driven on 4–5 days per 
week (mostly weekdays). Drives began in May 2019 and ended in March 
2020. Vehicle schedules were staggered between a morning shift (6am 
to 2pm LDT) and an afternoon shift (10am to 6pm LDT). These shifts 
overlapped in the middle of the day to collect the greatest amount of 
data when atmospheric conditions are the most well mixed. 

Daily routes were conducted by driving on every public road within a 
series of designated polygon-bounded areas selected across the Salt Lake 
Valley (Fig. 1), with particularly dense sampling in the middle and 
northern portions of the Salt Lake Valley. We defined 33 polygon 
regions—roughly with lengthscale of kilometer(s)—using contiguous 
census block group boundaries that contained 30–50 km of roads within 
them. Polygons were also chosen to have a range of population, race, 
and income demographic characteristics as well as being spatially 
distributed across the city (Figs. S1 and S5). Each vehicle completed 4–6 
polygons each day. We aimed to have >30 drive days in each polygon to 
determine statistically robust mean concentrations (Fig. S6). On 
average, 36 drives were conducted in each polygon, roughly even dis
tribution of revisits between the polygons but with slightly more drives 
occurring during the morning shift compared to the afternoon shift 
(Fig. S1). 

2.2. Vehicles and instrumentation 

The two Google Street View vehicles and the associated instruments 
(Table S1) for NOx, PM2.5, BC, and CO2 are identical to the ones 

deployed earlier in a previous campaign in Houston, Texas (Miller et al., 
2020). Thus, we refer the reader to the Supplement and Miller et al. 
(2020) for details. Two instruments were added to the vehicles on a 
temporary basis: a Los Gatos Research Micro-portable greenhouse gas 
analyzer (GLA131-GGA) yielded CH4 and redundant CO2 measurements 
between June to October 2019, while a Picarro G2401 also provided 
CH4, CO, and redundant CO2 data in August 2019. Details regarding 
calibrations, the inlet lag determination, and manual QC can be found in 
the Supplement. 

2.3. Baseline/enhancement decomposition 

Signals of emissions from pollution sources manifest themselves as 
enhancements (Cex) in tracer concentrations (C) above a baseline level 
Cbase:  

C = Cbase+Cex                                                                                      

where C can represent the concentrations of NO, NO2, BC, PM2.5, CO2, or 
CH4. Since NOx is the sum of both NO and NO2, NOxex is then calculated 
as the sum of NOex and NO2ex. 

Similar to several previous studies (Apte et al., 2017; Brantley et al., 
2014a; Padilla et al., 2021), we adopted a low-quantile method to 
identify baseline concentrations Cbase, from which the observed con
centration time series can be subtracted to reveal the hyperlocal emis
sion signal in Cex. 

The 1% quantile over a moving time window was selected, similar to 
a previous study in the Salt Lake area (Bares et al., 2018). A time window 
of 1 h—looking both forward and backward in time (Fig. S2)—was 
chosen in this study to remove concentration variations unrelated to 
hyperlocal emissions, such as diel variations in the baseline due to 
vertical mixing, changes due to weather systems, or long-range transport 
of pollutants (e.g. regional wildfire smoke). The decision to use 1 h was 
informed by our transport modeling results, indicating a timescale of 1 h 
corresponds to the time for air to travel from the boundary of our model 
domain to the location of the Google Street View vehicle. 

Fig. 1. The study domain over the urban Salt Lake Valley of Utah. The colored polygons are specific areas selected for sampling by the two Google Street View 
vehicles. Each vehicle sampled 4–6 polygons per day. 
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2.4. Spatiotemporal aggregation methods 

The mobile observations at 1-sec timescale are too variable to reveal 
spatiotemporal variations in pollutant patterns, calling for suitable 
averaging or smoothing of the measurements (Brantley et al., 2014b). As 
such, the mobile observations were aggregated into space/time win
dows. A “receptor” was created whenever the vehicle covered a distance 
of 0.002◦ or when 1 min has elapsed since the previous receptor. For 
each receptor, the median lat/lon location, tracer concentration, back
ground, and enhancement were recorded. The aggregation resulted in a 
total of 420,453 receptors for the entire mobile dataset. These receptors 
serve as the starting locations from where air parcels will be simulated 
and traced backward in time using the STILT model (Sect. 2.5). 

The individual receptors are further aggregated to the 33 target 
polygon areas used for drive planning (Sect. 2.1). The receptor values 
are first associated with each polygon, and weighted averaging of the 
values is carried out per day, with the observation count for the receptor 
serving as the weights. The vehicle was required to spend a minimum of 
1 h in a polygon on a particular day for the data to be included for 
characterizing polygon-level concentrations. The median of the daily 
averages within each polygon was further calculated over all observed 
days to arrive at a single representative value for each polygon. The 
median was chosen in lieu of the mean to increase robustness to outliers 
(Brantley et al., 2014a). 

2.5. Stochastic Lagrangian Monte Carlo (SLMC) source identification 
methods 

Each of the 420,453 receptors identified using the 0.002◦/1 min 
spatial/temporal window served as the starting point for back- 
trajectories simulated using the Stochastic Time-Inverted Lagrangian 

Transport model (STILT) (Lin et al., 2003; Fasoli et al., 2018; Loughner 
et al., 2021). STILT simulates the three-dimensional trajectories of air 
parcel ensembles transported backward in time with both the 
mean-wind and turbulent-wind components, driven with meteorological 
output from a Eulerian gridded model. In this case, STILT was driven by 
wind fields from the High Resolution Rapid Refresh model (Ikeda et al., 
2013), at 3-km grid spacing and hourly frequency, downloaded from 
NOAA’s Air Resources Laboratory. 

For each receptor location/time, 1000 air parcels are tracked back
ward in time for 6 h, during which most parcels have exited the Salt Lake 
Valley. Previous work has shown that even 200 air parcels can 
adequately resolve the mobile observations of CO2 along light rail lines 
(Fasoli et al., 2018). We increased the air parcel ensemble size five-fold 
to account for potentially additional variability in species such as NOx 
and CH4. 

The simulated air parcels mark out the atmospheric “footprint” of the 
receptor (Lin et al., 2003)—i.e., the source region of air arriving at the 
receptor. As such, the footprint provides a quantitative link between a 
potential emission source upwind of the receptor and the concentration 
change at the receptor, in the absence of chemical transformations. 
Thus, the footprint serves as a critical piece of information by which 
unknown sources can be localized, given elevated pollutant concentra
tions detected by the mobile platform. 

Referred to as the Stochastic Lagrangian Monte Carlo (SLMC) source 
identification method (Fig. 2), we create randomized realizations of 
emission fields in the potential source region and assess the statistical 
correlation between the random fields with the observed pollutant 
variations using the STILT-simulated atmospheric footprints. 

The method is based on the expectation that emissions from gridcells 
within the potential source region which lead to stronger correlations 
with the observed pollutant concentrations have stronger likelihood to 

Fig. 2. Schematic summarizing the steps in the Stochastic Lagrangian Monte Carlo method for source localization.  
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be the actual source of the observed pollution. The SLMC method is 
illustrated in Fig. 2 and consists of the following steps.  

1) Create multiple (N = 1000) randomized emission field in potential 
source region 

Each gridcell in the emission field comprising the potential source 
region (dimensions of which are flexible) is perturbed using a uniform 
distribution ranging between 0 and 1, representing a normalized emis
sions flux. 

2) Convolve each stochastic realization of emission field with atmo
spheric footprint to estimate excess concentration at receptors where 
mobile sampling took place 

For each randomized emissions field, calculate a corresponding time 
series measurement at each receptor location using the atmospheric 
transport information from the STILT trajectories and the corresponding 
footprint. 

3) Correlate observed time series against time series from each sto
chastic emission field in 2) to calculate N values of correlation co
efficient R 

The time series observed by the Google Street View vehicles is 
compared against each of the simulated time series generated from 
convolving the randomized field with the footprint. Each comparison 
yields a correlation coefficient R. Thus N realizations of the randomized 
emission fields results in N values of R.  

4) Correlate the N values of R with each N random emission values for 
each gridcell in source region 

To elucidate the gridcells especially likely to be responsible for the 
observed concentration fluctuations, we take the N values of R and 
further correlate the values of R against the N stochastic emission values 
for each gridcell. This results in a spatial field of correlation coefficients, 
Rgrid, one for each gridcell. Gridcells with higher values of Rgrid are more 
probable to be a pollution source, thereby helping to localize emission 
sources. 

3. Results 

3.1. Spatial patterns of tracer enhancements 

The spatial patterns of observed tracer enhancements, based upon all 
drives throughout the measurement period, are shown in Fig. 3. Each 
0.002◦ × 0.002◦ gridcell shown is the median of all the observed re
ceptor values. A minimum of 20 repeated visits are necessary to retain 
the gridcell. The choice of 20 drives derives from a statistical analysis 
shown in the Supplement (Fig. S6). 

The spatial patterns of enhancements in NOx, PM2.5, BC, and CO2 are 
dominated by the major highways in the Salt Lake area (Fig. 1). These 
include a) I-15, bisecting north-south near the center of the domain; b) I- 
215, the beltway roughly circling the main urban area; and c) I-80, the 
major west-east highway. The significant enhancements are especially 
evident for BCex, which exceeded well >1500 ng m− 3 along highways. 

Traffic-related emissions are well documented in previous studies 
(Apte et al., 2017; Deshmukh et al., 2020; Targino et al., 2016). Note 

Fig. 3. The spatial patterns of observed pollutant enhancements based upon all drives throughout the measurement period for: a) NOxex [ppb], b) PM2.5ex [μg m− 3], 
c) BCex [ng m− 3], d) CH4ex [ppm], and e) CO2ex [ppm]. Each 0.002◦ × 0.002◦ gridcell shown is the median of all the observed receptor values. A minimum of 20 
repeated visits are necessary to retain the gridcell for display. The black ovals indicate specific regions and pollutants used for case studies (Sect. 3.3), with the dashed 
black oval in b) specifically referring to the gravel pit case (Sect. 3.3.2). 
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that the polygons that serve as foci of this study (Fig. 1) are, by design, 
excluding the observations directly on the highways, albeit polygons 
adjacent to the highways would presumably be affected by the high 
traffic emissions, as seen in the higher NOxex, PM2.5ex, BCex in the 
gridcells adjacent to the north-south corridor along I-15. The 
polygon-aggregated pollutant levels and their relationships to socio
economic variables will be discussed in Sect. 3.2. 

The pattern in CH4 enhancements, observed mainly during summer 
2019 when instrumentation was available, is noticeably different from 
the other species. Instead of the persistent highway signal, CH4 en
hancements are found in “hotspots” that were variable across time and 
space (Fig. 3d) (Hopkins et al., 2016). The exception is a sustained, 
elevated CH4 plume found in the northwestern portion of the sampling 
domain (black oval in Fig. 3d), just south of the Salt Lake County landfill. 
This known source of persistent CH4 emissions from the landfill will be 
adopted as one of the first case studies to test the Stochastic Lagrangian 
Monte Carlo (SLMC) source identification method (Sect. 3.3.1). The 
other case studies will examine the high PM2.5 enhancement to the north 
and just south of the Salt Lake City airport (black ovals in Fig. 3b). 

3.2. Polygon-level pollutant enhancements and relationship to 
socioeconomic variables 

Next, we relate the observed pollutant enhancements in each poly
gon (Sect. 2.4) to several socioeconomic variables from the 2010 U.S. 
Census. The spatial patterns between enhancements in BC, PM2.5, and 
NOx are qualitatively similar (Fig. 4). These pollutants exhibit elevated 
values in polygons clustered in a north-south axis, along the I-15 
freeway corridor (Fig. 1). Elevated values are also found in the industrial 
area in the northwestern portion of the domain, just south and southwest 

of the Salt Lake International Airport. Individual correlations between 
pollutant levels and socioeconomic variables in the different polygons 
are shown in Fig. 5. Strong correlations (R > 0.8) are found between 
PM2.5ex, NOxex, and BCex, suggesting co-emitted or co-located pollutant 
sources and reflecting the similar spatial patterns seen in Fig. 4, similar 
to results from a previous study (Brantley et al., 2014a). The pollutant 
levels are negatively correlated with population density and income 
(with PM2.5 being statistically insignificant) while positively correlated 
with the percent of Black residents. 

These pollutant-socioeconomic relationships were confirmed with 
multiple linear regression, using the socioeconomic variables to predict 
pollutant levels (Table S2). The multiple linear regression also under
scored the fact that areas with elevated pollutant levels were associated 
with lower income, lower population density, and higher percent of 
Black residents. Population density here can be thought of as a proxy for 
residential neighborhoods: density is higher for purely residential 
polygons while lower for polygons with a significant degree of industrial 
activity. 

The polygons with higher percent of Black residents are concentrated 
in the north-south axis along the I-15 freeway (Fig. S5)—indeed, where 
pollutant levels are elevated (Fig. 4). It is worth noting that the I-15 
corridor corresponds to neighborhoods that have been “red-lined”—i.e., 
labelled as “hazardous” or “definitely declining” as part of discrimina
tory practices carried out by the federally-supported Home Owners’ 
Loan Corporation in the 1930s and 1940s (Nelson et al., 2022). 

In summary, detailed mobile sampling in Salt Lake City has reaf
firmed what has also been reported in other cities: minorities and lower 
income groups are exposed to more pollutants (Chambliss et al., 2021; 
Demetillo et al., 2021; Lane et al., 2022), and that regions with high 
pollutant levels can trace their legacy to redlining practices decades ago 

Fig. 4. The polygon-level medians of daily averages from all sampling days for a) NOxex [ppb], b) PM2.5ex [μg m− 3], and c) BCex [ng m− 3]. The vehicle was required 
to spend a minimum of 1 h in a polygon on a particular day for the data to be included for polygon-level analyses. 
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(Lane et al., 2022). 

3.3. Case studies 

Here we present case studies in which the Stochastic Lagrangian 
Monte Carlo (SLMC) source identification method was adopted to 
identify the potential location(s) of sources, after accounting for atmo
spheric transport through the STILT model. We illustrate the results 
through case studies. The first two are for known sources—a landfill 
source for a gaseous species (methane) and a gravel pit for particulates 
(PM2.5). After examining the behavior of the SLMC method for the 
known sources, the method is applied to an instance when sources in an 
industrial region are not known a priori. 

3.3.1. Case study 1: Landfill 
Elevated CH4 was observed commonly to the northwest portion of 

the study domain (black oval in Fig. 3d), where a landfill is located. 
Landfills are well-recognized as a significant source of methane (Cus
worth et al., 2020), as the third largest anthropogenic source accounting 
for ~17% of all anthropogenic methane emissions in the U.S. (US 
Environmental Protection Agency, 2022). 

All of the receptor-level methane observations (CH4ex), along with 
their aggregated footprints simulated by STILT, are shown in Fig. 6a. 
These footprints, along with the receptor-level observations, were used 
within SLMC to determine the gridcells most responsible for the 
observed plumes within an user-determined “search region”, chosen 
here using the satellite image of the landfill boundaries. The output of 
the algorithm is a set of correlation values, one for each gridcell within 
the search region (Fig. 2). Gridcells with higher correlations indicate 
stronger statistical relationships between emissions from their locations 
to the observed plumes at the receptors. These correlation values are 

shown in Fig. 6b for a rectangular search region with an area of 14.9 
km2. The gridcells with the highest correlations are found within the 
landfill (Google Earth image shown in Fig. 6d), precisely where high CH4 
emissions are expected. 

As a sensitivity test, the search region is enlarged greatly to span the 
range of the observation receptors, to cover a much larger area of 44.8 
km2 (Fig. 6c). In this case, the clear hotspot over the landfill is no longer 
evident. Instead, SLMC yields a large number of gridcells with weakly 
positive correlation values, with no clear focal points. This example 
highlights the importance of constraining, a priori, the size of a search 
region. Otherwise, the large number of degrees of freedom represented 
by the numerous gridcells would preclude the emission source to be 
adequately located. 

We also carried out a sensitivity test varying the number of drives 
incorporated into the SLMC calculation. The total number of 27 drives 
for the landfill case study was randomly sub-sampled (without 
replacement) for input into SLMC, and the randomized sampling was 
repeated 10 times. The correlation map averaged over the 10 re
alizations for different drive numbers is then shown in Fig. S7. The 
correlation strengths are diffuse for 1, 2, and 4 drives, with the landfill 
starting to emerge in the gridcells with stronger correlations >10 drives. 
By 20 drives, the landfill emerged as the focal area, with clearly elevated 
correlations. It is worth noting that the exact number of drives needed to 
localize the source would depend case-by-case on the wind patterns and 
drives in relationship to the source locations—e.g., whether the drive 
happened to include sampling on the road just south of the landfill 
(Fig. 6b). Regardless, we speculate that at least ~10 drives are needed 
for source localization; a similar number emerged for the gravel pit case 
study discussed below (Fig. S8). It is also probable that increasing the 
number of drives would enable source localization with a larger search 
region; however, we were not able to evaluate that hypothesis in this 

Fig. 5. Correlation strengths (R) between polygon-level median enhancements in pollutants (NOx, PM2.5, BC) and socioeconomic variables (population density, 
income, % white residents, % black residents, and % minority residents). Statistically less significant correlations with p-value >0.05 are crossed out with an “X”. 
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study because we only had 27 total drives adjacent to the landfill. 

3.3.2. Case study 2: Gravel pit 
The other case study for which we tested the SLMC was the northern 

portion of the study domain (dashed black oval in Fig. 3b), in which 
elevated PM2.5 levels are observed, and where a prominent gravel pit is 
located (Fig. 7a). Gravel pits are well known as sources of PM2.5 and 
particulates in general (Peng et al., 2016; Mendez-Astudillo et al., 2022). 
SLMC successfully identifies a broad region of the gravel pit with higher 
correlations, with especially higher values over gridcells where the 
gravel operation is close to the road (Fig. 7c). Similar to the landfill 
example, these gridcells with higher correlations emerge as the number 
of drives are increased, especially coming into focus with 20 drives 
(Fig. S8). 

The result of the landfill and gravel pit examples is a more spatially 
refined estimate for the location of actual emissions at each facility: from 
the full area, to a more precise 200 m grid box. An example of the utility 
of this method would be to determine a specific location of a leak, 
identified by mobile monitoring, on an oil and gas field where numerous 
potential source locations for a methane leak would exist. More 
importantly, this method can be used to identify unknown source lo
cations, as demonstrated in the next example. 

3.3.3. Case study 3: Unknown PM2.5 hotspot 
In the last case study, the SLMC was applied to an instance where 

source(s) were unknown a priori. The region of investigation here is an 
industrial area just south of the Salt Lake City airport (black oval in 

Fig. 3b) where plumes of PM2.5 were observed (Fig. 8a). SLMC yielded 
the highest correlations in a number of gridcells, one of which con
taining mounds of gravel can be seen in Google Earth imagery, 
belonging to a construction materials company (Fig. 8d) whose location 
is indicated by the black arrow. Such an operation is understandably a 
source for particulates and elevated PM2.5. 

However, additional high correlations are seen in the two gridcells to 
the south of the gravel mound, as well as to the west, across the road. To 
minimize the possibility that erroneous source location can stem from 
errors in the HRRR windfield driving STILT, we further filtered out 
drives when the HRRR windfield exhibited biases when compared 
against nearby surface weather stations in the MesoWest network (Horel 
et al., 2002). Specifically, if the U- (eastward) or V- (northward) com
ponents of the wind vector from HRRR pointed in the wrong direction 
during the time when the vehicle was in the industrial area shown in 
Fig. 8, that drive was removed from consideration. Under this criterion, 
17 drives were removed out of the 55 drives that passed through the 
industrial area. 

The result from SLMC after removing times/drives with erroneous 
windfields is shown in Fig. 8c. The high correlations in the two gridcells 
south of the gravel mound—with no obvious sources—no longer exists, 
while a gridcell with high correlation just west of the gravel mound, 
across the N–S running road, remains. This is the locale of a freight/ 
trucking operation; as such, the heavy-duty trucks can account for the 
source of PM2.5 (Bureau of Transportation Statistics, 2021). 

Thus, we see that SLMC has successfully located sources of PM2.5 that 
were not known a priori. However, we also see that SLMC is sensitive to 

Fig. 6. Case study involving the use of the SLMC source identification method to determine evaluate the CH4 emission hotspot near a landfill (black oval in Fig. 3d). 
a) The aggregate STILT-simulated footprint derived from summing the footprints of all receptors associated with the vehicle-based sampling. The observed CH4ex 
[ppm] at each receptor is shown in a separate colorscale as well. b) Result of the SLMC technique indicating the correlation (R) between emissions from specific 
gridcells and the observed CH4ex over a search region of 14.9 km2. c) Sensitivity of SLMC to the search region, covering an area of 44.8 km2, much larger than in b). d) 
Google Earth image of the landfill—precisely the gridcells with the highest correlations in b). 
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the driving meteorology: erroneous winds can lead to inaccurate source 
localization, as seen in Fig. 8b. Additional considerations by comparing 
the driving windfields against observations can help alleviate such po
tential errors. 

4. Discussion 

The original scientific questions are reproduced here in italics, along 
with results from this study: 

• How are pollutants distributed across Salt Lake City, and how do pollu
tion patterns in residential neighborhoods relate to socioeconomic 
patterns? 

Distributions in pollutant enhancements (Fig. 3) follow general 
patterns expected from traffic and industrial activities. Pollutants are 
higher in neighborhoods with lower income and higher percentage of 
Black residents (Figs. 4 and 5), broadly in accordance with the emerging 
environment justice literature (Chambliss et al., 2021; Demetillo et al., 
2021; Lane et al., 2022). 

•By utilizing detailed atmospheric modeling, can on-road hotspots detect 
and localize non-road emission sources? 

The new Stochastic Lagrangian Monte Carlo (SLMC) method appears 
to be able to identify and localize sources away from the road, based on 
the mobile observations. This was confirmed by two well-known sources 
serving as test cases: a large landfill methane source (Fig. 6) and a gravel 
pit PM2.5 source (Fig. 7). When applied to an industrial area, SLMC 
localized a construction materials company and a freight/trucking 

operation—both plausible PM2.5 sources (Fig. 8). 
The success of the SLMC method depends on multiple factors. First, 

the simulated atmospheric transport needs to accurately link observed 
concentrations to upwind potential sources, so times with erroneous 
winds need to be accounted for, such as through removal of erroneous 
times (Fig. 8c) or through bias correction using observed winds. Second, 
the potential source region in which to search for emission sources 
cannot be too large (Fig. 6c), lest the degrees of freedom expand to a 
degree that prevents successful localization. Third, the number of drives 
sampling the pollution source needs to be adequate, (including sufficient 
days where sampling occurs downwind of the source), or a well-defined 
source may not emerge (Figs. S7 and S8). While the exact sampling re
quirements may depend on the details of each case—e.g., distance of 
source relative to the road, source strength, wind patterns, and driving 
patterns—it appears that at least 10 drives are needed in the land fill and 
gravel pit test cases to successfully localize the source (Figs. S7 and S8). 
For intermittent sources, the sampling requirements would be even 
more stringent, in order for the mobile sampling to capture enough cases 
with concentration enhancements. 

Monte Carlo methods more sophisticated than the SLMC method can 
potentially be adopted in the future, including meteorological ensem
bles and detailed emission characteristics (Lucas et al., 2017), at the cost 
of increased computational expense and coding complexity. 

With the availability of source localization techniques like the SLMC 
or related methods, the potential for mobile air quality observational 
platforms serving as “roving sentinels” can be realized. Once a pollution 
source is identified through source localization, the sampling pattern of 
the vehicle could be modified to target more drives dedicated to the 
identified source—e.g., circling the source or even parking the vehicle 
downwind of the source. In turn, regulatory measures to mitigate the- 

Fig. 7. Similar to Fig. 6, but for a case study involving the use of the SLMC source identification method to determine the PM2.5 emission hotspot near a gravel pit 
operation (dashed black oval in Fig. 3b). The Google Earth image in c) shows the gravel pit—corresponding to the gridcells with the highest correlations in b). 
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identified pollution sources can also be considered. 
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