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The value of adding black carbon to community monitoring of 
particulate matter 
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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  

• BC and PM sensors deployed 4 weeks in 
2 seasons at 50 sites in an environmental 
justice community. 

• Greater spatiotemporal heterogeneity 
and location persistence of BC compared 
to PM2.5 

• BC more informative than PM2.5 of 
proximity and activity of local emission 
sources. 

• Recommend measuring PM2.5 plus BC 
for insights to community air protection 
plans.  

A R T I C L E  I N F O   
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A B S T R A C T   

Low-cost particulate matter (PM) sensors are increasingly used by researchers, public health agencies, and the 
public to measure spatial and temporal variations in air pollution, which can inform strategies for community air 
pollution reduction. While low-cost PM sensors provide a valuable measure of harmful fine particulate matter 
(PM2.5), a significant portion of ambient PM2.5 is typically the secondary product of air pollution emitted by 
varied sources outside of community boundaries. In contrast, concentrations of black carbon (BC), a component 
of PM2.5, are directly emitted by a few specific sources, such as diesel engines within communities. Motivated by 
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community organizations seeking to understand persistent sources of local pollution, this study deployed a suite 
of custom-built BC sensors alongside a network of low-cost PM sensors for four weeks in two seasons at 50 
stationary locations in the adjacent cities of Richmond, North Richmond, and San Pablo, California, east of the 
San Francisco Bay. Concentrations of BC varied more than PM2.5 both temporally and spatially. Monthly 
network-average BC was 3 × higher in winter than late spring, while PM2.5 was only 10% lower. In both seasons, 
average PM2.5 concentrations at two-thirds of sites were within ±10% of the network average, whereas two- 
thirds of sites had BC levels outside of ±10% of the network-average concentration. The most and least 
polluted locations were more persistent across seasons for BC than PM2.5, and the temporal dynamics of BC at 
these sites were similar, signifying that they are impacted by the same emission sources. Together, these 
spatiotemporal trends show that BC is a better indicator of the proximity and activity of local pollution sources 
than PM2.5. Thus, including BC in addition to PM2.5 in community monitoring networks can provide additional 
insights about local sources of air pollution.   

1. Introduction 

Low-cost sensors are widely used by researchers, public health 
agencies, and citizens alike to measure spatial and temporal variations 
in air pollution within communities (Barkjohn et al., 2021; Bi et al., 
2020; Castell et al., 2017; Desouza, 2022; Kumar et al., 2015; Li et al., 
2022; Lung et al., 2018; Mahajan et al., 2020; Morawska et al., 2018; 
Snyder et al., 2013). Air pollution monitoring with low-cost sensors has 
improved population exposure estimates, characterized local emission 
sources, and supported emission reduction planning, especially in 
communities that are disproportionately impacted by air pollution 
(California, 2019; Caubel et al., 2019; Connolly et al., 2022; Do et al., 
2021; Hajat et al., 2015; Henneman et al., 2021; Weissert et al., 2020a). 
For example, California’s Assembly Bill 617 created an air quality 
monitoring and pollution mitigation planning program in partnership 
with communities that experience elevated rates of asthma and car
diovascular disease due to inequitable exposure to pollution (California, 
2019). Similarly, the government-sponsored Breathe London program is 
developing a hybrid network of reference-grade monitors and lower cost 
air quality sensors to provide more localized air pollution information to 
community members who are not represented by sparsely distributed 
regulatory monitors. (Breathe London Network Air Quality Monitoring 
Report (2021–2022)) The engagement of individual citizens has mark
edly changed the air monitoring landscape. For instance, the now 
massive-scale deployment of commercially available PurpleAir air 
quality monitors that estimate fine particulate matter (PM2.5) concen
trations has created an ad-hoc network of indoor and outdoor air 
pollution sensors that has increased the spatial density of pollution 
monitoring in some communities by two orders of magnitude compared 
to regulatory monitoring networks (Barkjohn et al., 2021; Bi et al., 2020; 
deSouza and Kinney, 2021; Liang et al., 2021; Mullen et al., 2022; 
Schulte et al., 2020; Wallace et al., 2022). 

Numerous citizen science and government-funded low-cost sensor 
networks have primarily or exclusively included PM2.5 monitoring, 
while a minority have incorporated other pollutants such as ozone (O3) 
and nitrogen dioxide (NO2) (Clark et al., 2017; Connolly et al., 2022; 
Jerrett, 2022; Kelly et al., 2021; Li et al., 2019; Lu et al., 2021; Mahajan 
et al., 2020; Miskell et al., 2018, 2019; Schulte et al., 2020; Wallace 
et al., 2021; Weissert et al., 2020b; Zimmerman et al., 2020). PM2.5 is 
arguably the most commonly measured air pollutant in low-cost sensor 
networks because of its significant health impacts and the affordability 
and quality of the sensing technology. Additionally, PM2.5 is a common 
target for emission reductions plans by these community organizations. 
It is critical to acknowledge that PM2.5 is both formed in the atmosphere 
from precursor gases emitted by many biogenic, combustion, and 
non-combustion sources as well as directly emitted from sources such as 
traffic, residential wood burning, wildfires, and fossil fuel combustion in 
commercial and industrial applications. The existence of primary and 
secondary components of PM2.5 together complicates 
community-informed emission reduction planning efforts, as a signifi
cant fraction of ambient PM2.5 concentrations may be attributable to 
regional sources of pollution that are outside of a community and 

transported across municipal jurisdictions. While reducing all types of 
PM2.5 would be beneficial, communities can more directly plan and 
advocate for the mitigation of local emission sources within their 
municipal jurisdiction, such as diesel particulate matter emissions from 
trucks operating on roads within their neighborhoods. By comparison, 
community air protection plans will be challenged to directly address 
other types of PM2.5, such as ammonium nitrate PM2.5 that is formed in 
the atmosphere from regionally distributed emissions of nitrogen oxides 
and ammonia. These precursor pollutants come from a range of sources, 
including trucks, power generating facilities, landfills and other waste 
management operations, and numerous agriculture activities, all of 
which are subject to more regional, state, or federal regulations beyond 
the reach of local community action (Bastien et al., 2015; Dedoussi and 
Barrett, 2014; Hagan et al., 2019; Maykut et al., 2003; Wang et al., 2022; 
Zhang et al., 2015). 

Although BC is typically a small fraction of ambient PM2.5 mass in the 
San Francisco Bay Area (~5–10%, based on unpublished analysis of 
publicly available data from regulatory monitoring sites), it is a primary 
particulate air pollutant that is directly produced by diesel engines, 
residential wood burning, and commercial cooking (Caubel et al., 2019; 
Kirchstetter et al., 2017; BAAQMD). The lowest cost BC sensors are an 
order of magnitude more expensive that widely available low-cost PM2.5 
sensors. The authors of this study previously developed, rigorously 
validated, and deployed 100 low-cost BC sensors in West Oakland, 
California (Caubel et al., 2018, 2019). The West Oakland study high
lighted sharp block-by-block variations in BC concentrations that were 
dependent on proximity to emission sources, but it was limited to one 
season of the year and did not include measurements of PM2.5 
concentrations. 

This current study took advantage of an opportunity to pair these 
low-cost BC sensors with a network of PM2.5 sensors to compare 
spatiotemporal patterns of both pollutants in environmental justice 
communities. This study was part of a broader effort that involved 
community organizations seeking to identify persistent emission sources 
and develop emission reduction plans for improved air quality. This 
study sought to evaluate how monitoring BC in addition to PM2.5 might 
be more insightful than measuring PM2.5 alone for characterizing local 
source activity patterns and, in turn, provide potentially more action
able information for communities. 

2. Materials and methods 

This study took place in the cities of Richmond, North Richmond, 
and San Pablo, California, east of the San Francisco Bay. The study area 
covered 26 km2, with a population of over 100,000 people composed 
primarily of racial and ethnic minority groups. This area includes 
numerous sources of air pollution, including heavy traffic from major 
highways and roadways (I-580, I-80, and the Richmond Parkway), one 
of the largest petroleum refinery in California, and locomotive rail yards 
and railways, as shown in Fig. 1 (California, 2019; August et al). It in
cludes schools and homes in areas zoned for commercial and industrial 
activity. 
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At 50 locations in the study area, an Aerosol Black Carbon Detector 
(ABCD) was collocated with an Aeroqual AQY1 Micro Air Quality 
Monitoring System (hereafter referred to as an Aeroqual sensor). The 
ABCD is a custom-built, pre-commercial, filter-based absorption 
photometer that performs comparably to a commercially available 
aethalometer that is used by the regional air quality management 
agency. The sensor performance was rigorously evaluated and used for 
community monitoring, as described in two prior studies (Caubel et al., 
2018, 2019). These sensors have a built-in algorithm to limit measure
ment bias associated with changes in temperature and relative humidity 
(Caubel et al., 2018). The Aeroqual sensors measured concentrations of 
PM2.5 and NO2. A proprietary real-time onboard correction for relative 
humidity and temperature was applied to the Aeroqual data, in addition 
to monthly calibration values provided by the manufacturer using 
Aeroqual’s patent-pending mean-variance moment matching approach. 
Additional sensor details and quality assurance and control measures 
conducted for both the ABCDs and Aeroqual sensors are given in the 
Supporting Information (SI, Fig. S1). 

This study covered two seasons in calendar year 2021: (1) four weeks 
in winter from January 14–February 10, and (2) four weeks in late 
spring from May 19–June 21. These periods were chosen to include the 
seasonal maxima and minima in BC concentrations that are predomi
nantly driven by San Francisco Bay Area meteorology, in addition to 
seasonal differences in residential woodburning in some areas and 
temperatures (SI, Fig. S2). (Kirchstetter et al., 2008, 2017) The ABCD 
and Aeroqual sensors were placed outdoors, typically at a height of 
approximately 2 m and within 1–2 m of each other (Fig. S3). Of the 50 
monitoring locations, 27 were outside of a host’s home, 18 were in front 
of schools, and 5 were installed outside of a local business or 
organization. 

3. Results 

3.1. Temporal trends 

Boxplot distributions of site-average BC and PM2.5 concentrations 

measured at the 50 locations in winter and late spring 2021 are shown in 
Fig. 2. Each site-average is equal to the mean of all hourly concentra
tions measured at a monitoring location in the specified period. The 
network-average BC concentration was 3 × greater in winter than in late 
spring (0.52 ± 0.03 μg m− 3 vs. 0.17 ± 0.01 μg m− 3; mean ± 95% con
fidence interval). In contrast, network-average PM2.5 concentrations did 
not differ much between the two seasons and were instead only 1.2 ×
higher in the late spring than in the winter (8.9 ± 0.6 μg m− 3 vs. 7.4 ±
0.3 μg m− 3). Dominated by the change in BC concentrations, the BC/ 
PM2.5 mass fraction was 2 × larger in winter than in late spring (9% vs. 
4%, Fig. 2). 

Lower wind speeds and lower atmospheric boundary layer heights in 
the winter are features of the San Francisco Bay Area meteorology that 
inhibit the dispersion of pollutants and contribute to higher concentra
tions of BC (a primary air pollutant), as reported previously based on 
decades-long historical datasets (Kirchstetter et al., 2017). While 
meteorological data was limited in the Richmond area, a weather station 
~65 m from site 40 in San Pablo showed that wind tended to come from 
the south with higher speeds in the late spring (Fig. 1 and S4). The 
highest BC concentrations measured at this location corresponded with 
the slowest winds in the winter. In general, lower BC concentrations 
were measured across the study area at locations that were upwind and 
to the south of major roadways, while higher concentrations were 
typically measured downwind and north of these roadways. The pattern 
of moderately higher PM2.5 concentrations in late spring than winter, 
despite increased atmospheric dispersion, suggests enhanced springtime 
secondary formation of PM2.5 (Fig. 2) (Bastien et al., 2015; Gani et al., 
2021; Saha et al., 2018). 

In addition to exhibiting a greater seasonal difference, BC concen
trations varied more throughout the day than PM2.5. This difference in 
diurnal trends is highlighted in Fig. 3, which shows the typical con
centrations of BC, NO2, and PM2.5 measured in each hour of the day on 
weekdays and weekends for each season. The diurnal cycle in BC was 
more prominent than that of PM2.5, especially in the winter period 
where peak BC concentrations in the morning and evening were 
approximately 2 × larger than the minimum concentrations in the af
ternoon on both weekdays and weekends (Fig. 3 and S5). In contrast, the 
average daily mid-morning peak in wintertime PM2.5 was only ~1.4 ×
larger than the afternoon minimum (Fig. S5). BC concentrations are also 
better correlated with NO2 rather than PM2.5, as further illustrated by 
the scatter plots presented in Fig. S6. The more modest diurnal patterns 
in PM2.5 indicate that local activity patterns like traffic are not the main 
contributors of total PM2.5 pollution in the community, which is instead 
driven more by regional-scale emissions and atmospheric formation. 
Together, these trends further support the argument that including 
measurements of BC in addition to PM2.5 adds important value to 
community air pollution monitoring because it is a better indicator of 
local combustion activity, especially that of diesel engines. 

The wintertime early morning peak in BC concentration coincided 
with peak concentrations of NO2, which is the product of rapid oxidation 
of nitric oxide that is present in diesel exhaust (Kimbrough et al., 2017; 
Preble et al., 2019). These morning peaks were most likely due to diesel 
activity that is largely driven by on-road heavy-duty trucks, enhanced by 
a low atmospheric boundary layer in the morning when emissions are 
mixed vertically throughout a smaller volume of the atmosphere than 
later in the day. Historically, BC concentrations in the San Francisco Bay 
Area have been much higher on weekdays than weekends, following 
diesel truck activity patterns (Caubel et al., 2019; Kirchstetter et al., 
2008; McDonald et al., 2014). This weekly cycle was not observed in the 
present study and the early morning peaks in BC persisted on the 
weekends during the four-week winter sampling period, indicating that 
diesel engine activity patterns in the region may be changing (Fig. 3, S5 
and S7). 

Unlike the wintertime morning peaks that were similar on all days, 
there were different pollutant patterns during wintertime evening peaks 
on weekends compared to weekdays. The weekday evening trends 

Fig. 1. Fifty locations where ABCDs and Aeroqual sensors were collocated in 
Richmond, California (blue symbols), where symbol shapes denote sensor lo
cations in specific land-use designation areas: industrial (squares), residential 
(circles), and commercial (inverted triangles). The refinery is located on the 
west side of the study, as indicated by the gray polygon. A monitoring station 
operated by the regional air quality management agency is marked with an 
orange “X”. The location of the wind monitor referenced in the text is marked as 
a yellow square. Highways, major and minor roadways, and railways are 
included as line segments and colored according to the legend. Sites with 
designated numbers are discussed in the Results section of the text. 
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mirrored those of the morning, with a pronounced BC peak, a more 
muted NO2 peak, and near-baseline PM2.5 concentrations. Conversely, 
the weekend evening BC peak was more elevated than in the morning, 
persisted overnight, and corresponded in timing and shape to an NO2 
rise and notable PM2.5 peak. This divergence indicates that a non-diesel 
emission source such as residential wood burning is likely an important 
contributor to wintertime pollution. 

It is possible that the differences in temporal trends observed for BC 
and PM2.5 may be also affected by the Aeroqual’s PM2.5 measurement 
method. Like other PM2.5 sensors that use low-cost detection methods, 
the Aeroqual particle sensor is not fully quantitative for particles <300 
nm in diameter (Wardoyo et al., 2020; Zou et al., 2021). As a result, the 
Aeroqual may understate the mass concentration of ultrafine particles 
emitted from certain combustion sources (Desouza, 2022; Hagan and 
Kroll, 2020; Kuula et al., 2020; Lung et al., 2018). For example, particles 
<300 nm in diameter comprise a majority of the PM2.5 mass size dis
tribution for on-road emissions by modern diesel trucks (Preble et al., 
2015). Therefore, the combustion activity patterns that influence BC 
concentrations may not be equally well captured by the low-cost PM2.5 
sensor. 

3.2. Spatial trends 

Fig. 4 shows the distributions of site-average BC and PM2.5 concen
trations measured in winter and late spring, with the 50 sites categorized 
by land use designation. In the winter when BC concentrations were 
elevated across Richmond, the average BC concentration measured in 
industrial zones was 26% and 17% higher than the average levels 
measured in areas zoned as residential and commercial, respectively. 
Notably, a majority of monitoring sites were outside of homes and 
schools, even in industrial and commercial zones. In the late spring, the 
relative difference in average BC concentration measured in industrial 
zones compared to residential and commercial areas was even higher, 
40% and 30%, respectively. However, as BC concentrations were lower 
across the network in late spring compared to winter, the absolute dif
ferences in average BC concentrations by land use designation were 
smaller compared to the wintertime differences. In contrast, PM2.5 

concentrations varied less than BC across sites in each of the three land 
use categories in both seasons, as shown in Fig. 4 by the differences in 
interquartile ranges. 

The ranked order distributions of normalized BC and PM2.5 con
centrations presented in Fig. 5 further illustrate the extent to which BC 
and PM2.5 varied across the monitoring sites. In both seasons, approxi
mately two-thirds of the sites experienced PM2.5 concentrations that 
were within ±10% of the network average, compared to only one-third 
of the sites for BC. This means that the majority of sites experienced 
comparable PM2.5 concentrations, on average, while there was more 
spatial heterogeneity in BC concentrations across the community. As 
discussed above, this is further evidence that PM2.5 pollution in the 
community is more driven by regional rather than local emissions and 
atmospheric formation. 

To explore this idea more, we estimated primary PM2.5 by calculating 
background-subtracted PM2.5 at each location using the westernmost 
site in the network as the upwind regional background (Figs. S8a and b). 
When background-subtracted, PM2.5 at a majority of locations decreases 
to near-zero concentrations (±2 μg m− 3). Whether background- 
subtracted or not, PM2.5 is poorly correlated to BC, indicating that this 
estimate of primary PM2.5 is not indicative of BC trends. 

Fig. 6 shows another ranked order plot that evaluates the seasonal 
differences in sites that were the most and least polluted with BC and 
compared to those that were the most and least polluted with PM2.5. 
Sites are ranked 1–50 from highest to lowest average BC concentration 
in each season. In the table presented below this plot, the specific 
location numbers corresponding to that ranked order are noted by sea
son and pollutant. In the first row of this table, the 10 sites with the 
highest concentrations in the winter period are shaded in red and 
underlined, and the 10 locations with the lowest concentrations are 
shaded in green and italicized. The shading and font format for those 20 
specific location numbers is repeated in the following rows for late 
spring BC and wintertime PM2.5. 

Five of the top ten sites most polluted with BC in winter were again 
among the top ten most polluted sites in late spring (Locations 4, 34, 21, 
44, 9). Similarly, of the ten sites that had the lowest average BC levels in 
winter, half were again among the least polluted with BC in late spring 

Fig. 2. Boxplot distributions of site-average (a) BC and (b) PM2.5 concentrations and (c) BC/PM2.5 ratios measured at the 50 monitoring locations in the winter (Jan/ 
Feb) and late spring (May/Jun) of 2021. PCTL refers to percentile and outliers are defined as points ±1.5 × the interquartile range. 
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(Locations 46, 2, 15, 17, 3). There is little commonality in the sites that 
experienced the highest concentrations of BC and PM2.5—only one of the 
sites with the highest wintertime average BC concentration (Location 
10) was among the sites in the top quintile for PM2.5 in the winter, and 
the two most persistent wintertime BC hotspots (Locations 4 and 34) 
were in the lowest quintile for PM2.5. Of the five sites that were 
consistent hotspots with elevated BC in both seasons, three are zoned for 
industrial activity (Locations 4, 34, 21). The other two (Locations 9 and 
44) are adjacent to diesel activity: Location 9 is a home in North Rich
mond that is approximately 250 m from a railway and less than 0.5 km 
from Location 34, while Location 44 is a home 200 m from a designated 
truck route. These five locations and the five persistently lowest con
centration sites are noted in Fig. 1 and also highlighted in the monitoring 
network map in Fig. S9. All of the persistently least polluted sites are in 
residential zones. 

While the five most polluted sites in the winter had an average BC 
concentration 2.2 × the average concentration of the five least polluted 
sites (0.71 μg m− 3 vs. 0.33 μg m− 3), the temporal dynamics of the BC 
pollution at each of the sites were similar. For example, as shown in 
Fig. 7a, 25% of the hours over the winter study period accounted for 
approximately 50% of the BC pollution at both the most and least 
polluted locations. The same was true when considering the distribution 
of pollution over 10- and 1-min averaging times (Fig. S10). This in
dicates that the BC concentrations at each site were dominated by 
persistent emission sources rather than highly episodic extreme pollu
tion events; if periods of highest BC pollution were very short-lived (e.g., 
1-min or less), then the distribution of 1-min average concentrations 

shown in Fig. S10 would be more skewed than that of 1-hr values. 
Normalized BC diurnal time series of the top five most and least polluted 
locations (Fig. 7b) further illustrate that the temporal dynamics of BC 
pollution are similar despite the large differences in absolute BC con
centrations. Together, these trends suggest that the same source activity 
governs pollution at sites that are among the most and least polluted 
with BC. In other words, we conclude that the dominant emission 
sources affecting the most and least BC-polluted sites are the same and 
the proximity to the sources determines the BC pollution levels. For 
example, the most polluted Location 4 that is 0.1 km from a freeway is 
perhaps expectedly impacted by traffic-related pollution, and the BC 
pollution at Location 15 that is 1.2 km from a freeway, while much lower 
in concentration, also appears to be attributable mainly to traffic. 

4. Conclusions 

While deploying low-cost sensors to better characterize 
neighborhood-scale air pollution trends, it is important to recognize 
their limitations and take steps to ensure data quality. As described 
above and in the SI, we implemented a number of quality assurance and 
control measures, but there may be some additional uncertainties that 
require further investigation. For instance, it is possible that the spatial 
variability in PM2.5 reported here may be inadvertently affected by 
Aeroqual’s MOment-MAtching (MOMA) calibration. Like other low-cost 
PM2.5 sensor data that requires corrections to better match regulatory 
methods, the MOMA calibration attempts to reduce erroneous sensor-to- 
sensor variability. In this study, there were two nearby regulatory 

Fig. 3. Weekday (left panel) and weekend (right panel) diurnal trends of BC, NO2, and PM2.5 concentrations (top to bottom) in the winter (solid blue line) and late 
spring (dashed green line). The lines indicate the network-average, calculated as the mean of all data points in a given hour across the 50 sites in the specified period, 
and the shaded areas show the 95% confidence intervals that represent the temporal and spatial variability in the hourly concentrations. 
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monitoring stations that were used as the proxy measurements for 
comparison, as described in the SI. To evaluate the extent to which this 
calibration may have dampened sensor response and site-to-site 

variability, we compared PM2.5 concentrations with and without the 
MOMA correction. As shown in Figs. S8c and d, there is more variability 
in network PM2.5 concentrations when this calibration is not applied, 

Fig. 4. Distributions of site-average BC (top panels in gray) and PM2.5 (bottom panels in white) concentrations measured in the winter and late spring, categorized by 
land-use area designation. Absolute concentration scales for BC and PM2.5 are on the top and bottom axes, respectively. The shared middle axis gives the normalized 
concentration scale relative to each pollutant’s network-average value. The number of locations per land use category is noted in parenthesis. The box plot tails 
represent the 10th and 90th percentiles while the vertical lines on the box represent the 25th, 50th, and 75th percentiles. The mean for each distribution is rep
resented by a black circle, while outliers are open circles. 

Fig. 5. Ranked order distributions of normalized concentrations of BC (closed circles) and PM2.5 (open circles) for the (a) winter and (b) late spring sampling periods. 
Locations are ordered from lowest to highest average concentration left-to-right on the x-axis, and the corresponding site-average concentration normalized to the 
network-average value is plotted on the y-axis for each season. Dark gray horizontal lines mark ±10% of the network average that is denoted by the normalized value 
of 1. 
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and it is unclear if this increased variability is real or a measurement 
artifact. Even so, consistent with the results discussed above and shown 
in Fig. S8, uncalibrated PM2.5 data with and without background- 
subtraction are poorly correlated with BC concentrations across the 
network and are thus not indicative of local primary emissions. 

The results presented above highlight the importance of including 
primary pollutants like BC, an indicator of diesel engine activity, in 
community monitoring networks, in addition to other criteria pollutants 
like PM2.5, NO2, and O3, that are partially or entirely formed in the at
mosphere rather than emitted locally. The greater spatial and temporal 
heterogeneity and location persistence of BC compared to PM2.5 is more 
informative of the proximity and activity of emission sources that are 

within the boundaries of the community, which public health agencies 
and communities can try to mitigate through air protection plans. 
Moreover, these findings illustrate that our research community needs 
to advance the state and use of low-cost air pollution sensing technology 
to better serve communities in their development of air pollution miti
gation strategies. 
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