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Abstract 

From Urban Fires to Industrial Plumes: Toward Routine Quantification of Urban Point 
Source Emissions of Greenhouse Gases and Aerosols 

by 

Milan Yogesh Patel 

Doctor of Philosophy in Chemistry 

University of California, Berkeley 

Professor Ronald C. Cohen, Chair 

The rise of urban areas as the predominant residence for the world’s population has posi-
tioned cities as leading contributors to global greenhouse gas and air pollutant emissions. In 
order to mitigate emissions and their effects efficiently, it is crucial to have a thorough under-
standing of the urban emission landscape, which remains a challenge given the heterogeneity 
of emission sources within cities. The atmospheric observation network continues to expand 
as more and more measurements from satellites, mobile monitoring and aircraft campaigns, 
and sparse stationary monitoring sites are being made. These observation techniques provide 
useful information at a wide variety of spatial and temporal scales, but gaps in our under-
standing of urban air quality still persist. Dense sensor networks fill a niche measurement 
gap in our current observing system by providing long-term, high frequency measurements 
of air pollutants at high spatial density across target areas. These measurement networks 
provide a unique opportunity to study details of the urban emission landscape, including lo-
cal spatial variability, transient events, and long-term trends of neighborhood-level emission 
patterns. In this work, we use the Berkeley Environmental Air-quality and CO2 Network 
(BEACO2N) to explore the multitude of ways at which dense sensor networks can provide 
unique insights to both air pollutant and CO2 emissions within cities. 

We start by outlining a calibration methodology for the Plantower PMS5003 sensor to gener-
ate robust measurements of ambient PM2.5. We adopt a physics-based model to account for 
changes in particle size due to hygroscopic growth–the uptake of water onto particles based 
on ambient humidity and the hygroscopicity of the particle. Using BEACO2N data in the 
San Francisco Bay Area and in Los Angeles, CA, we find unique seasonal cycles of hygro-
scopicity that match with particle composition measurements and employ these empirical 
measures of hygroscopicity to calibrate the Plantower sensor. We then use the BEACO2N 
network to quantify emissions of air pollutants and CO2 from different point sources. We 
start with a transient pollution event, a small urban fire in Albany, CA, where the spatial 
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density of sensors is used to constrain the shape of the pollutant plume over time using a 
2-D Gaussian model. We calculate the total emissions of PM2.5, CO, NOx, and CO2. Using 
this case study, we explore the extent to which dense sensor networks can quantify point 
source emissions by calculating limits of detection and quantification for the BEACO2N net-
work. We then use the BEACO2N network to quantify air pollutant and CO2 emissions from 
a continuous point source emitter, namely the Richmond Chevron Refinery in Richmond, 
CA. Using the Gaussian plume model and several hundred plume observations made over 
2 years, we calculate the CO2 emission rate for the refinery and find it in good agreement 
with external inventories and measurements. We additionally calculate a CO emission rate, 
not previously constrained by external observations, and find that inventories likely severely 
underestimate CO emissions from the refinery. We conclude by describing prospects for de-
tection and characterization of other point emission sources, including preliminary work on 
maritime shipping emissions. 

Overall, the work here shows that low-cost, dense sensor networks provide unique insight into 
emission sources within urban areas. Given the increasing deployment of similar networks 
across the globe, the methods explored here show great promise for unlocking insights into 
pollutant sources, emission magnitudes, and trends in greenhouse gases and air quality in 
cities worldwide. 
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Chapter 1 

Introduction 

1.1 Understanding the Urban Atmosphere 

Cities house a growing proportion of the world’s population, with 55% of the global popu-
lation currently living in urban areas and a projected 68% living in urban areas by 2050.[1] 
Increased activity within these urban centers leads to cities having outsized effects on pol-
lutant emissions into the atmosphere. It is estimated that cities are currently responsible 
for 70% of CO2-equivalent greenhouse gas (GHG) emissions, making them prime locations 
for targeted greenhouse gas mitigation efforts in the fight against climate change.[2] Addi-
tionally, cities tend to have substantially worse air quality due to emissions of air pollutants 
like nitrogen oxides, volatile organic compounds, and particulate matter, which are directly 
harmful to exposed populations and chemically react in the atmosphere to produce addi-
tional harmful pollutants like ozone and secondary aerosol. Air pollution is the second 
leading cause of premature death across the globe, responsible for roughly 8 million deaths 
each year.[3] Cities are drivers of air pollution exposure by bringing people and pollution 
sources in close proximity, though this also situates cities as prime locations for mitigating 
the health impacts of air pollution.[4] Despite the contrast between the global scale of GHG-
induced climate impacts and the relatively local health effects of air pollutants, the goals 
of mitigating climate change and air pollution are inextricably linked by common emission 
sources and pathways. Having a thorough understanding of air composition within cities is 
necessary to understand processes and guide policies targeted at reducing greenhouse gas 
emissions and improving air quality and public health. However, the confluence of emission 
sources within cities leads to a complex and heterogeneous landscape which requires detailed 
analysis to understand sources and subsequent concentration and exposure landscapes with 
the necessary spatial and temporal resolution. 
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1.2 The Current State of Atmospheric Observing 
Systems 

A wide variety of in situ and remote sensing observational platforms have been deployed to 
study atmospheric composition at a variety of spatial and temporal scales and resolutions. 
Of particular interest to the investigation of urban emissions is the concentration of species 
near the surface. Here, I highlight some of the many observational techniques advanced over 
the past several decades for studying tropospheric composition, particularly in and around 
urban centers. 

Satellites have emerged as a key observational tool for targeted measurements of both 
greenhouse gases (OCO-2, OCO-3, Tanager-1, GHGSat, GOSAT, MethaneSAT, etc.) and 
air pollutants (OMI, TROPOMI, TEMPO, GEMS, Sentinel-4, etc.).[5–7] Satellites offer the 
benefit of broad spatial coverage, with global coverage for polar-orbiting satellites and con-
tinental coverage for geostationary satellites. These satellites are often operational for many 
years, allowing long-term analysis of air composition trends. While many of these satel-
lites are relatively new, scientists have made use of imaging satellites (Landsat, Sentinel-2, 
etc.), which have many years of existing imagery, to extract historical information about ex-
treme events affecting air composition as well.[7] While satellite products offer broad scope 
information about the atmosphere, they are often limited either in spatial resolution or in 
measurement frequency at a given location, hindering analysis of small-scale and transient 
pollution events and trends. Aircraft campaigns use similar remote sensing techniques as well 
as in situ sampling for targeted analyses to collect data on particular locations, often provid-
ing comprehensive chemical snapshots of a region or event (ACCLIP, CalNex, AEROMMA, 
FIREX-AQ, ATom, etc.).[8, 9] 

One approach to more targeted and granular measurements are frequent measurements 
from mobile platforms (e.g., instrumented vans or cars). Vehicles with sampling and online 
measurement equipment can provide high frequency (∼1 s) measurements for many species 
at once. Recent innovations come from driving repeatedly in the same region to provide 
sufficient statistics to gather a representative sample for each location. These campaigns 
may target a specific location, driving near a suspect emission source to capture downwind 
enhancements,[10–12] or might instead cover a city or region by driving down each road 
to create a street-level map of concentrations.[13–15] These mapping campaigns provide 
rich datasets that are particularly useful at identifying hyperlocal pollutant anomalies and 
identifying unique sources. However, due to the costs of these campaigns, they are often 
limited in scope (e.g., no driving at night) and persist over very short time periods. 

Long-term measurements of atmospheric composition are often made by spatially sparse 
stationary networks (TCCON, AERONET, Pandora, ASCENT, IMPROVE, CASTNET, 
etc.).[16–21] These networks use both remote sensing and in situ online and offline measure-
ments to understand the composition of the atmosphere at a specific site. These measurement 
sites provide robust datasets spanning long timescales, often years to decades of continual 
measurements. However, the capital and operational costs for these sites prohibits wide-scale 
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deployment, with networks often being limited to dozens of sites across continents or the 
whole globe. In the U.S., the densest of such networks is the U.S. Environmental Protection 
Agency’s (EPA) Air Quality System (AQS).[22] The EPA AQS system is run by state and 
local governments to meet federal requirements for the monitoring of criteria air pollutants. 
Most sites make hourly or daily measurements of a subsample of the criteria pollutants: 
CO, NO, NO2, O3, and/or PM2.5. However, even in densely populated areas like the San 
Francisco Bay Area, these sites are sparsely located (Figure 1.1) and lack the measurement 
capability to study air quality beyond regional and seasonal trends. Additionally, these sites 
lack any measurements of greenhouse gases. 

Low-cost, dense sensor networks fill a niche measurement gap in our current observing 
system. Their reduced cost enables the deployment of sensors at high spatial densities 
while also making frequent (∼1 min) measurements over long deployment (multiple year) 
timescales. This creates a dataset with the spatial density to differentiate neighborhood-
scale changes in concentrations, the temporal frequency to detect transient plumes and 
events, and the long-term stability to evaluate seasonal and annual changes and trends in 
the emissions landscape. Low-cost sensor networks, particularly those focused on air quality, 
have become more common over the past decade.[23] Most analysis has been focused on 
ambient monitoring, population exposure, and public health. I believe these rich datasets 
can provide a wealth of information informing our understanding of urban air, particularly 
in understanding emission sources, patterns, and trends. 

1.3 A BEACO2N of Hope 

The Cohen Lab at UC Berkeley has established the Berkeley Environmental Air-quality and 
CO2 Network (BEACO2N), a dense sensor network of low-cost air quality sensors (measur-
ing CO, NO, NO2, O3, and PM2.5) and a mid-cost CO2 sensor.[24] All sensors are placed 
inside a compact enclosure which allows for simple deployment in the field (Figure 1.1). The 
low cost and ease of deployment for the sensor package allows for dense deployment of the 
sensors across urban areas. In the San Francisco Bay Area of California, there are currently 
56 BEACO2N sites in the field, situated with approximately 2 km spacing (Figure 1.1). The 
sensors are primarily deployed on the rooftops of schools, with others situated on govern-
ment buildings, community centers, museums, and other buildings. One BEACO2N site is 
at the Richmond Field Station which houses several high precision reference instruments, 
and three BEACO2N sites are co-located with EPA AQS sites, allowing for calibrations and 
performance checks on the sensors. In collaboration with research groups across the globe, 
BEACO2N sensor networks have been established in several other cities, including Los An-
geles, CA; Providence, RI; Glasgow, Scotland; and Heidelberg, Germany. The work in this 
dissertation focuses on the network deployed in the Bay Area. 

In this dissertation, I use data from the BEACO2N network to demonstrate the unique 
insight that dense sensor networks can bring to our understanding of urban emissions. Pol-
lutant plumes, specifically those from point sources, tend to produce sharp concentration 
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Figure 1.1: (left) Image of the BEACO2N sensor package and enclosure, with sensors labeled 
by the species being measured (T/P/RH corresponding to temperature, pressure, and relative 
humidity), and (right) a map of the BEACO2N network sites and EPA AQS sites in the San 
Francisco Bay Area. 

gradients, while enhancement spatial patterns are highly variable due to their strong de-
pendence on wind fluctuations. Regulatory monitoring sites like the EPA AQS network are 
sparsely located and report hourly averaged values, making them largely blind to local plume 
structures. Satellite retrievals often have too coarse a resolution to discern details about sin-
gle source emission plumes, and those that do have sufficient spatial resolution suffer from 
infrequent revisit times, limiting the times and frequency of measurement. Thus, dense sen-
sor networks are uniquely positioned to study small-scale and transient pollutant plumes 
that are easily missed or mischaracterized by other measurement platforms and techniques. 
Additionally, by measuring both air pollutants and CO2, BEACO2N ambient observations 
can provide insights into the processes behind emissions (for example by deriving emission 
factors). In the following chapters, I use BEACO2N observations to constrain emissions of 
air pollutants and CO2 from both transient and continuous point source emission events in 
the Bay Area and establish the limits to which these methods can be applied. 
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1.4 Summary of Chapters 

One of the challenges of using low-cost sensors is devising appropriate calibration schemes 
that produce robust datasets with minimal uncertainty and biases. In Chapter 2, I devise a 
time-evolving calibration method for the Plantower PMS5003 PM2.5 mass concentration mea-
surements for ambient air quality conditions. I use 2 years of measurements from BEACO2N 
sensors deployed in the San Francisco Bay Area and Los Angeles in our analysis. The cali-
bration uses a hygroscopic growth correction factor derived from κ-Köhler theory, in which 
the calibration parameters are determined empirically using EPA AQS reference data at 
co-located sites during the period 2021–2022. The parameters are found to vary cyclically 
through the seasons, and the seasonal cycles match changes in sulfate and elemental carbon 
PM composition fractions throughout the year. In both regions, the seasonal RH depen-
dence calibration performs better than the uncalibrated data and the data calibrated with 
the EPA’s national Plantower calibration algorithm. In the San Francisco Bay Area, the 
seasonal RH dependence calibration reduces the root mean square error (RMSE) by 40% 
from the uncalibrated data and maintains a mean bias much smaller than the EPA national 
calibration scheme (-0.90 vs -2.73 µg m-3). I also find that calibration parameters forecasted 
beyond those fit with the EPA reference data continue to outperform the uncalibrated data 
and the EPA calibration data, enabling real-time application of the calibration scheme even 
in the absence of reference data. 

In Chapter 3, I explore the ability to use dense sensor network data to analyze transient 
pollution events. Here, I use BEACO2N to quantify the air pollutant (PM2.5, CO, NOx) 
and CO2 emissions from an urban fire in Albany, CA. Pollutant enhancements are measured 
at multiple sites, and the ensemble of observations are fit to a 2-D Gaussian model to 
characterize the extent of dilution prior to observation and derive emissions at the location 
of the fire. Consistency of the ratios at multiple locations downwind of the fire supports the 
precision of the network. I find that the fire emitted approximately 770 ± 30 kg of PM2.5, 
70,000 ± 20,000 kg of CO2, 2,500 ± 300 kg of CO, and 28 ± 9 kg of NOx. The emission 
ratios were found to be in the range of typical wildland fires. Using this case study, I explore 
the minimum plume emissions that could be observed and quantified by the network and 
define limits of detection and quantification. 

In Chapter 4, I assess the ability to use dense sensor network data to quantify emission 
rates from continuous point source emitters. I use the BEACO2N observations to constrain 
CO2 and air pollutant emissions from an oil refinery in the city of Richmond, CA. I identify 
266 plumes crossing one or more sites in the BEACO2N network during 2022-2023 as having 
a source at the refinery and quantify CO2 emissions using the Gaussian plume model. The 
refinery is modeled as two point sources, and total CO2 emissions are found to be 61.3 
± 6.3 kg s-1 , in close agreement with the EPA FLIGHT inventory and Carbon Mapper 
measurements. Plume composition was found to vary, with CO/CO2 enhancement ratios 
ranging from 0–5 ppb/ppm. Taking the average CO/CO2 ratio, CO emissions are estimated 
to be roughly 3,000 metric tons (mt) per year, a sizable amount compared to the city’s 
estimated non-refinery CO emissions of 6,800 mt. I show that dense monitoring networks 
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such as BEACO2N provide a unique resource for point source emissions quantification with 
broad application to plumes of varying size and composition, and I provide recommendations 
for future applications. 

I conclude with a summary of the scope and limits of point source emission quantification 
by the BEACO2N network and offer discussion on future applications of these methods for 
analyzing emissions from ships in the Bay Area. 
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Chapter 2 

Towards a hygroscopic growth 
calibration for low-cost PM2.5 sensors 

This chapter was adapted from: Patel, M. Y.; Vannucci, P. F.; Kim, J.; Berelson, W. M.; 
Cohen, R. C. Towards a hygroscopic growth calibration for low-cost PM2.5 sensors. Atmos. 
Meas. Tech. 2024, 17, 1051-1060. 

2.1 Introduction 

Particulate matter (PM) is a major air pollutant, presenting a significant human health 
concern. PM2.5, particulate matter with diameters less than 2.5 µm, has been linked with 
a number of health outcomes including decreased lung function, premature death, cardio-
vascular diseases, and cancer.[25, 26] As such, local PM observations are an essential part 
of a system for monitoring and improving community health and well-being. Additionally, 
coincident measurements of PM and other pollutants, like CO or NOx (NOx≡NO+NO2), 
can be used to elicit information on urban emissions and atmospheric processes.[27] The 
increasing availability of low-cost PM sensors has facilitated high-density PM monitoring 
and widespread use outside the scientific and professional air quality communities. 

A well-documented issue with low-cost nephelometric PM sensors is their size-dependent 
sensitivity and sensitivity dependent on the index of refraction. These sensors are imper-
fect nephelometers. They are most sensitive to submicron particles, and their sensitivity 
decreases as particles get larger with near-zero detection for particles larger than 2 µm and 
lower efficiency below 300 nm.[28–30] For a constant particle size distribution and compo-
sition, a single scale factor can translate the observations to those made with instruments 
that capture the mass of the entire size distribution. However, fixed calibrations are in-
adequate for temporally evolving particle size and composition distributions. One of the 
major drivers of variability in particle size distributions is hygroscopic growth, which is the 
uptake of atmospheric water onto PM. While reference instruments such as those used in the 
US Environmental Protection Agency’s Air Quality System (EPA AQS) measure particles 
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under controlled, low-humidity conditions, low-cost sensors usually measure particles under 
ambient atmospheric conditions.[31, 32] Fluctuations in the relative humidity (RH) change 
particle size and refractive index through water uptake, both of which impact particle light 
scattering and subsequent detection by nephelometers.[33–35] On longer timescales, PM size 
distributions and composition vary depending on primary emissions sources and secondary 
PM formation pathways.[36–38] Theoretical calculations show that relative humidity is the 
largest source of uncertainty for optical particle sensors when the aerosol is hygroscopic.[39] 
An efficient calibration scheme for nephelometric sensors must therefore account for both 
rapid (hourly) size fluctuations due to changes in humidity and long-term (monthly) varia-
tions in particle composition and hygroscopicity. 

Several previous studies have reported calibrations to correct for the hygroscopic growth 
of particles measured with low-cost optical sensors. Crilley et al. noted the high bias of PM2.5 

mass concentrations from optical particle counters (OPCs) when the relative humidity was 
high and used a bias correction scheme derived from κ-Köhler theory, which has subsequently 
been applied to other low-cost OPC studies.[40, 41] Similar bias correction schemes have 
also been applied to nephelometric PM sensors. Malings et al. used a hygroscopic growth 
correction on Plantower PMS5003 in the PurpleAir sensors as well as the Met-One NPM 
during a field study in Pittsburgh, PA, where separate parameters were set for summer, 
winter, and transition months to account for seasonal changes in the hygroscopicity of the 
particles based on measured speciation data.[42] 

Malings et al. recognized the need for seasonally variant parameterization of hygroscopic 
growth and implemented a piecewise change in hygroscopic growth parameters to account for 
these seasonal changes. Here, we propose a calibration scheme for the Plantower PMS5003, 
a low-cost nephelometric PM sensor, whose hygroscopic growth parameters smoothly evolve 
through the seasons based on smooth evolution of observed composition to represent gradual 
changes in PM hygroscopicity over time. The Plantower is a widely used low-cost PM 
sensor,[29, 37, 43–45] so the development of regional, easy-to-implement corrections for these 
instruments is useful to air quality monitoring broadly. 

2.2 Methods 

The Berkeley Environmental Air-quality and CO2 Network (BEACO2N) is a high-density 
network of low-cost sensors spread across multiple urban centers around the globe, moni-
toring CO2, CO, NOx, O3, and PM2.5.[24] There are currently 57 active BEACO2N sites 
in the San Francisco Bay Area, with additional networks in Los Angeles, CA, Providence, 
RI, and Glasgow, UK. Each BEACO2N node enclosure contains a Plantower PMS5003[46] 
for PM measurements as well as an Adafruit BME280[47] for temperature, pressure, and 
humidity measurements, with fans on either end of the enclosure to cycle air through the 
node. The Plantower PMS5003 is a nephelometric PM sensor reporting mass concentrations 
for PM1, PM2.5, and PM10, though for the remainder of this work we will only discuss the 
PM2.5 output measurement for this sensor. The sensor has internal calibrations, unknown 
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to the user, that convert from scattered light intensity to PM mass concentrations. Here, we 
use the CF = ATM sensor output, which is recommended for outdoor PM2.5 measurements. 
The calibration factor described herein is applied to this PM2.5 mass concentration sensor 
output. Plantower data was recorded every 8 seconds and averaged to hourly data points, 
which are used in this analysis. 

The humidity-dependent equilibrium water uptake by particles is often parametrized by 
the hygroscopic growth parameter, κ, which is dependent on particle composition. κ–Köhler 
theory can be used to derive an RH-dependent factor to account for hygroscopic particle 
growth.[33, 40, 43] This can be supplemented by an additional scaling factor, m, which 
can account for discrepancies between the assumed particle size distribution in the factory 
calibration and the true particle size distribution for the particles being measured.[39, 42] 
This leads to the following calibration algorithm: 

PM2.5 = P Mplantower ∗ 
m 

1 + κ 
100/RH−1 

(2.1) 

which has two parameters, m and κ. For a given particle, κ can be calculated as the 
weighted average of the hygroscopic growth parameters for all constituents in the particle.[33] 
Similarly, one could use the weighted average of this value over a sample of particles to get 
their collective growth parameter. Since composition information for PM is not as widely 
available as total PM2.5 mass concentration measurements, we determine κ and m empirically 
and validate their values over time using seasonal trends in observed PM composition. This 
empirical approach is more accessible to anyone trying to implement this calibration on 
sensors in areas with limited speciation data. However, as a point of comparison, we also 
calculate κ using data from the EPA AQS Chemical Speciation Network. κ values for the 
major aerosol components are taken from various studies in the literature.[33, 48, 49] 

The empirical parameters m and κ in Eq. 2.1 are calculated using co-located BEACO2N 
Plantower PMS5003 and EPA AQS sites, where the EPA AQS PM2.5 provides a reference 
concentration for the calibration (Table 2.1). The fitting was performed on hourly Plantower 
and RH data with the Python package scipy.optimize.[50] We describe application and eval-
uation of this calibration approach to the BEACO2N networks in the San Francisco Bay 
Area and Los Angeles, CA during the years 2021 and 2022. A summary of the datasets used 
can be found in Table A.1. 

In the San Francisco Bay Area, we utilize two co-location sites in the 2021–2022 period 
of study. These are listed in Table 2.1 along with a co-location site in Los Angeles, CA. Note 
that the Castelar ES site is located 1.06 km from EPA site 06-037-1103, whereas the two 
Bay Area BEACO2N sites are on-site with their respective EPA AQS reference instruments. 
All three EPA AQS sites measured hourly PM2.5 using a Met One BAM-1020 Mass Monitor 
w/VSCC. 

The EPA has also developed a national Plantower calibration algorithm with the following 
form: 

P M2.5 = 0.524 ∗ PM plantower − 0.0862 ∗ RH + 5.75 (2.2) 
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Table 2.1: Co-location sites used in this study 

BEACO2N Site Region Co-Located EPA Site Nearest AQS CSN Site 

Laney Bay Area, CA 06-001-0012 06-085-0005 
EBMUD Bay Area, CA 06-001-0011 06-085-0005 

Castelar ES Los Angeles, CA 06-037-1103 06-037-1103 

which they currently apply to PurpleAir Plantower PMS5003 measurements on their AirNow 
website.[44] This scheme, herein the “National EPA Calibration”, is used throughout the 
paper as a point of comparison. 

2.3 Results and Discussion 

RH Calibration 

Figure 2.1 a and b show the calibration coefficients generated by fitting the observations 
from the Laney site (Table 2.1) Plantower sensor to the EPA reference data using a 4-week 
moving window. A strong seasonal cycle is evident. The EPA AQS Chemical Speciation 
Network (CSN) (sites used are listed in Table 2.1) provides measurements for components 
of PM, including the major aerosol species: ammonium, nitrates, sulfates, organic carbon, 
and elemental carbon (EC). Figure 2.1 c and d show the sulfate and elemental carbon (EC) 
fraction observed at the CSN site nearest to Laney. Sulfate is the most hygroscopic of the 
major components of aerosols, while EC is not hygroscopic.[33, 51] For this reason, we will 
use these species to infer trends on the overall hygroscopicity of PM2.5 across the seasons. 

The speciation data from the nearest CSN site shows strong seasonal trends where the 
sulfate fraction is highest in the summers while the EC fraction is highest in the winters. 
The fitted κ values show an appropriate response, where the particles are most sensitive to 
RH in the summers and least sensitive in the winters. The scaling factor, m, follows the same 
seasonal cycle as κ. This can be reasoned by concluding that when κ is large, particles are 
subject to more hygroscopic growth, and consequently particle size distributions are shifted 
to larger sizes which are detected with less efficiency by the Plantower sensor. Since κ and 
m are calculated empirically, they may also respond to factors besides hygroscopic growth, 
which could account for differences seen between trends in these parameters and trends in 
the displayed aerosol components. Using the EPA AQS CSN data for all major aerosol 
components, we construct κ from the speciation data and compare it to the empirically 
derived κ in Figure A.1. We find reasonably strong agreement in the seasonal trend for the 
two κ timeseries, with peaks in κ occurring during the same times of the year. 

The calibration coefficients can be smoothed, preventing overfitting, by fitting the coeffi-
cients to a sine curve. The gray lines in Fig. 2.1 show the sine curve fits for 2021 and 2022, 
where the periods of the curves are set to 1 year. Parameters for the sinusoidal fits can be 
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Figure 2.1: (a,b) Calibration parameters generated for Laney site, and (c,d) particle specia-
tion data from the nearest EPA AQS CSN site. 

found in Table A.2. Application of Eq. 2.1 using these smoothed κ and m parameters is 
herein referred to as the “Seasonal RH Dependence Calibration”. This calibration is applied 
to the data over 2021 and 2022. Figure 2.2 shows a timeseries of the pre- and post-calibration 
sensor data, along with the EPA AQS reference measurements. Table A.3 shows that the 
calibrated data has a significantly improved Pearson’s correlation, r, and NRMSE, especially 
during the winter months. 

Evaluation 

Figure 2.3 shows that the strong RH-dependent bias in Plantower PMS5003 outputs is 
removed through the implementation of the seasonal RH dependence calibration scheme. 
Notably, the national EPA calibration scheme, which assumes a linear RH-dependence, does 
not properly account for the non-linear RH effects on particle size and detection. Figure A.2 
shows that the seasonal RH dependence calibration also removes the temperature dependence 
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Figure 2.2: Timeseries of the Laney site Plantower PM2.5 data without and with the seasonal 
RH dependence calibration, compared to the co-located EPA PM2.5 reference data for the 
whole two year study period (top) and for the subset of January 2022 (bottom). 

of the residuals. This was expected since most of the temperature dependence was likely 
due to covariance of temperature and RH rather than intrinsic temperature effects on sensor 
measurement or performance. Figure 2.4 shows the uncalibrated and calibrated Plantower 
measurements compared to the EPA AQS reference observations for the entire two-year 
period. Both the National EPA calibration and the seasonal RH dependence calibration led 
to reductions of ∼40% in the RMSE and increases of ∼0.75 in the coefficient of determination 
(R2), but the EPA national calibration introduces a large negative bias in the measurement. 
It is worth noting the importance of having κ and m change through time. When the 
calibration is applied with an optimized but constant κ and m parameter (κ = 0.311, m = 
1.02), the performance of the calibration is sizably worse (R2 = 0.407, RMSE = 4.884 µg 
m-3 , Mean Bias = -2.296 µg m-3) than the seasonal RH dependence calibration, as apparent 
in Figure A.3. 

There were no major smoke events or other air quality events of substantial nature 
(e.g. multiday events, significantly high PM concentrations, etc.) during the 2021-2022 
study period in the Bay Area. In August and September of 2021, there are many days 
with air quality warnings for smog due to winds carrying smoke from nearby fires and high 
temperature events worsening local pollution. If we remove data during this time period from 
Fig 2.4, the figure is virtually unchanged and the statistics are quite similar (Fig. A.4). In 
other time periods, we’d expect that significant air quality events could impact the analysis 
and should be removed from the dataset prior to fitting and applying the calibration. 

Analyzing the distribution of errors from each of the calibration types under different 
mass concentration and humidity levels can help assess the completeness of each of the 



CHAPTER 2. TOWARDS A HYGROSCOPIC GROWTH CALIBRATION FOR 
LOW-COST PM2.5 SENSORS 13 

20 30 40 50 60 70 80 

RH (%) 

4 

2 

0 

2 

4 

6 

8 

Re
sid

ua
l (

Se
ns

or
  

Re
fe

re
nc

e,
 µ

g 
m

 
3 )

 No Calibration 

20 30 40 50 60 70 80 

RH (%) 

National EPA Calibration 

20 30 40 50 60 70 80 

RH (%) 

Seasonal RH Dependence Calibration 

Figure 2.3: Measurement residuals (sensor output – EPA AQS values) for data from the 
Laney site with different calibration algorithms, binned into 30 RH bins. 
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Figure 2.4: Sensor predicted PM2.5 values versus EPA reference values for Laney site from 
2021–2022 with different correction algorithms. Performance metrics are the Coefficient of 
Determination (R2), root-mean-square error (RMSE), and mean bias. 
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Figure 2.5: Sensor residual distributions for different calibration schemes at different PM2.5 

mass concentration bins for RH < 50% (light color) and RH > 50% (dark color) conditions. 
The calibration scheme ”Seasonal RH Dependence Calibration: Coefficients Not Smoothed” 
uses the calculated κ and m values as-is, without smoothing to a sine wave. 

calibration schemes. We would expect that a complete calibration would produce zero-
centered, Gaussian error distributions since all remaining errors would be from random 
noise in the measurement. Looking at the distribution of errors at different PM2.5 mass 
concentrations (Fig. 2.5) it is evident that, while the seasonal RH dependence calibration 
produces errors more symmetric and centered near zero than the uncalibrated data and 
the EPA calibration data, the errors are still not perfectly Gaussian, especially when the 
PM2.5 mass is high. This suggests that there are other processes and aerosol properties at 
play unaccounted for by this calibration, as discussed further below. We also explore the 
error distributions when κ and m are not smoothed to sine waves and find no meaningful 
differences between the smoothed and unsmoothed cases when PM2.5 ≤ 20 µg m–3 , which 
accounts for over 95% of the data (Fig. 2.5). As such, representing seasonal changes of κ 
and m throughout the year as sine waves is a valid approximation. 

Inter-region and intra-region comparisons 

Given that the κ and m parameters follow trends consistent with PM speciation data, it is 
reasonable to assume that the parameters generated at one site can be applied to nearby 
sites if the particle composition is homogenous across the urban area. 
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Figure 2.6: (a,b) Calibration parameters generated for the Los Angeles site, and (c,d) particle 
speciation data from the nearest EPA AQS CSN site. 

To further test this assumption, we independently generate calibration coefficients for 
another Bay Area co-location pair at the EBMUD site (Table 2.1). As seen in Fig. A.5, the 
EBMUD and Laney co-location pairs independently reproduce nearly identical calibration 
coefficients, ensuring that the coefficients are not over-fit on one site but rather reflect regional 
trends in PM composition. Another concern is the possibility that individual sensors have 
disparate sensitivities or offsets. We find that uncalibrated measurements from 17 co-located 
Plantowers show strong agreement with each other (Fig. A.6), with differences between 
sensors generally less than 1 µg m–3 , suggesting that there is little sensor-to-sensor variability 
in sensor performance. 

The seasonal RH dependence calibration scheme was tested in another urban area to 
ensure its generalizability beyond the Bay Area. Using a co-location site in Los Angeles, 
CA, we find that the aerosol composition again displays seasonality (Fig. 2.6), with the 
sulfate fraction highest in the summers and the EC fraction highest in the winters. In Los 
Angeles, as in the Bay Area, the trends in κ and m match the composition variations. κ 
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and m are largest in the summers when the particles are the most hygroscopic, and smallest 
in the winters when the particles are the least hygroscopic. The κ sine fitting has a sizable 
phase shift from the fits of the particle composition data, though this might be attributable 
to the low quality of the sine fitting for the LA data (Table A.4). Additionally, there is 
poorer agreement between this empirical κ and the composition-derived κ (Fig. A.7). This 
could indicate that in Los Angeles, factors unrelated to hygroscopicity are being captured in 
the empirical calculation of κ. These factors could include sub-seasonal changes in refractive 
index or particle size distribution, though further study is needed to provide evidence for 
these. Despite this, the seasonal RH dependence calibration outperforms the national EPA 
calibration and the uncalibrated data, with a higher coefficient of determination and lower 
RMSE (Table A.5). 

Real-time application of the calibration 

Since the calibration coefficients generated in Fig. 2.1 and Fig. 2.6 are periodic and aerosol 
composition and its seasonal variation are changing slowly from year to year, it is possible to 
apply the seasonal RH dependence calibration to sensor measurements in real-time without 
the need for EPA reference measurements to be real-time as well. We test the validity of 
this approach by generating sinusoidal calibration coefficients in 2021 and projecting them 
forward 6 months into 2022 without using the 2022 reference data, as shown for data at 
the Laney site in Fig. 2.7. Like before, both the seasonal RH dependence calibration and 
the national EPA calibration led to significant reductions in the RMSE (∼40%), and the 
national EPA calibration produces a significant negative bias (–2.39 µg/m3 , compared to 
0.98 µg/m3 in the seasonal RH dependence calibration). Thus, in regions with strong and 
stable seasonal cycles for PM composition, the sinusoidal parameters can be applied in the 
months following the period in which they were generated with reasonable accuracy. 

Limitations of the Calibration 

There are several limitations worth noting in this calibration scheme. First, the calibration 
focuses on discrepancies arising from hygroscopic growth of particles, and while theoretical 
calculations show this to be the largest source of error,[39] there are several other documented 
sources of error. Changes in the particle size distribution unrelated to hygroscopic growth, 
such as from changes in the sources of PM, are partially accounted for by the m parameter, 
but this is likely incomplete. Changes in particle composition also change the refractive 
index of the particles, which is ignored by this correction scheme. 

Additionally, the method assumes that particle composition is uniform across the do-
main and changes slowly and smoothly over the course of a year to reflect seasonal changes 
in particle size and composition. As such, non-seasonal changes in particle size and hygro-
scopicity are not properly corrected by this method. Isolated extreme events require unique 
corrections, as is the case when measuring wildfire smoke or dust events.[52, 53] Sensors 
that are close to unique point sources might be consistently subject to particulate matter 
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Figure 2.7: (top) κ and m parameters calculated at the Laney co-location site in 2021 with 
sinusoidal fits projected 6 months into 2022, and (bottom) sensor predicted PM2.5 values 
versus co-located EPA reference values for the Laney site for Jan–Jun 2022 with different 
calibration algorithms. 

of a different composition and size distribution than other sensors in the network and may 
subsequently experience systematic biases. 

There are also potential errors associated with slow drift that can occur over multiple 
years. Due to changes in PM sources and relative source loadings, PM composition is not 
expected to be the same year-over-year, so periodic recalculation of the coefficients is likely 
necessary. If one sensor in a network is permanently co-located with a regulatory instrument, 
it can be used to update the coefficients year to year for all sensors within its region. Though 
sensors can drift and degrade over time, current literature finds that these sensors tend to 
be stable for at least 3 years.[54] 

2.4 Conclusions 

The Plantower seasonal RH dependence calibration is aimed at addressing biases in sensor 
measurement caused by changes in the size distribution of PM, largely from fluctuations in 
relative humidity leading to hygroscopic growth and seasonal changes in particle composi-
tion that affect hygroscopicity. We provide a physically meaningful calibration scheme that 
is simple to define and implement for multiple regions in the United States. The seasonal 
RH dependence calibration utilizes only RH as an additional parameter and has calibra-
tion coefficients that reflect seasonal changes in PM speciation. This method provides a 
time-variant calibration scheme that can be implemented in real-time due to the periodic 
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nature of the calibration coefficients. Speciation data provides insight and validation to the 
calibration parameters but is not needed in creating the calibration. Additionally, analysis 
of multiple co-location pairs in the Bay Area show that the calibration parameters are gen-
erally uniform within a given region, and as such this calibration can be generated for many 
sites using limited co-location pairs if there is reasonable confidence that aerosol speciation 
is uniform across the application area. Future work will be done to explore the stability of 
this calibration over long periods of time and work towards simple methods for correcting 
the unaccounted errors mentioned in the limitations section of the discussion. 

The seasonal RH dependence calibration is being actively applied to the PM2.5 measure-
ments in the BEACO2N network, which are publicly available and can be found on their 
website (beacon.berkeley.edu). 

https://beacon.berkeley.edu


19 

Chapter 3 

Plume Detection and Emissions 
Quantification Potential Using a 
Dense Sensor Network 

This chapter was adapted from: Patel, M. Y.; Zhu, Y.; Winter, A. R.; Asimow, N. G.; 
Cohen, R. C. Plume Detection and Emissions Quantification Potential Using a Dense Sensor 
Network. ACS EST Air 2025, 2, 1099-1106. 

3.1 Introduction 

Low-cost sensor (LCS) networks have rapidly increased in popularity in the last decade, pro-
viding high spatial and temporal resolution measurements of critical pollutants and green-
house gases (GHGs).[23, 55, 56] A primary benefit of densely spaced monitoring networks 
is the ability to capture small-scale variations in air composition.[57–62] The heterogeneous 
landscape of urban spaces leads to hyperlocal variability in pollutant and GHG concentra-
tions, which can easily be missed by sparse regulatory monitors and coarse remote sensing 
products. These fine-scale variations are an important component in determining air pollu-
tion exposure and disparities.[63–67] One source of this heterogeneity is small-spatial scale 
and episodic emission events from point sources such as urban fires or construction sites, 
mobile sources, or continuous emissions from industrial stacks. Acute exposure to high pol-
lution events can have serious health consequences.[68–72] For example, studies have shown 
that people exposed to the emission plumes of oil and gas flaring and industrial releases are 
subject to serious negative health consequences, including respiratory diseases and impaired 
fetal development.[73, 74] Additionally, events like house fires and industrial flaring or acci-
dents are unaccounted for in inventories and models due to their intermittent nature. Dense 
stationary monitoring networks can provide insight into the frequency and magnitude of 
events like these. LCS networks have been widely used for detection and general characteri-
zation of air pollution outcomes from a variety of events,[75–79] but emissions quantification 
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remains far less common. While a number of studies have used sensor networks to update 
and refine regional emissions estimates, for example using inverse modelling for CO2 emis-
sions,[80–83] to our knowledge, there are no prior studies interpreting measurements from a 
LCS network to quantify the emissions of a single emission event from its resultant plume. 
Here, we outline a methodology for plume characterization and emissions quantification from 
a single event using a low-cost sensor network. We describe application of the method to a 
specific case study, a 2022 fire in the city of Albany, CA. Using this case study, we describe 
the types of point sources that should be quantifiable with a BEACO2N-like sensor network 
and discuss the factors affecting the limits of detection for plumes in this network. We also 
make note of the plume detection across the network as an independent confirmation of 
network performance for the different instruments deployed in each BEACO2N node. 

3.2 Methods 

BEACO2N Observations 

The measurements used in this analysis are from the Berkeley Environmental Air-quality and 
CO2 Network (BEACO2N), which has been described extensively elsewhere.[24, 84] Briefly, 
BEACO2N is deployed in several cities around the globe, with about 56 sites currently 
in operation in the San Francisco Bay Area of California. Each sensor package measures 
a suite of gases and particles. Most instruments are installed on building rooftops (most 
often 3-10 m above ground level) at approximately 2 km spacing. CO2 is measured at 5 s 
intervals using a Vaisala CARBOCAP Carbon Dioxide Probe GMP343. The CO2 sensor 
calibration is described in detail in Delaria et al.[85] Briefly, the sensors have a temperature-
dependent offset which is corrected for using comparisons to a reference-grade instrument. 
Absolute CO2 measurements are found to have errors of less than 1.6 ppm. In this work, 
we focus on the short-term enhancement in CO2 concentrations, which minimizes the effects 
of biases in the baseline that may persist in the measurements. CO, NO, NO2, and O3 are 
measured at 8 s intervals using the Alphasense CO-B4, NO-B4, NO2-B43F, and Ox-B431 
electrochemical gas sensors. Calibration methods for these individual sensors are presented 
in Winter et al.[86] The calibrations account for cross-sensitivities and the influences of 
temperature and humidity at the sensor, as well as drifts in sensitivities and offsets over 
time. PM2.5 is measured at 8 s intervals using a Plantower PMS5003 sensor. Plantower 
sensor performance has been shown to be sensitive to particle size, refractive index, and 
hygroscopicity.[39] Ambient PM2.5 in the BEACO2N network is calibrated using the methods 
outlined in Patel et al.[87] However, given the distinct composition of fire smoke compared 
to ambient urban aerosol, unique corrections are needed to interpret the absolute PM2.5 

measurement. Several studies have found similar corrections for wildfire smoke.[53, 88, 89] 
Here we use a scaling factor of 0.79 from Holder et al., which was calculated for the cf=atm 
output of the Plantower.[53] Data were averaged at 1-minute intervals for this study. 
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The 2022 Albany Hill Fire 

The subsequent analysis focuses on a fire at Albany Hill, an urban park in the city of Albany, 
CA, at approximately 37.8931◦N, 122.3060◦W. The fire occurred on June 26, 2022, starting 
sometime after 15:00 local time (PDT) with the fire department arriving at 15:27.[90] The 
fire, believed to be the result of arson, burned a forested area containing grasses, shrubs, and 
eucalyptus trees on the west side of the park.[91, 92] 

Plume Characterization, Fitting, and Emissions Calculation 

The timeseries at each BEACO2N site was analyzed to derive concentration enhancements 
caused by the fire plume. Aerosol enhancements were quite large, making visual identification 
of the sites impacted straightforward. Outside the fire plume, ambient PM concentrations at 
this time were very low and consistent across the BEACO2N network. The plume enhance-
ment at each site is defined as the difference between the peak concentration measured at 
the site and the baseline for the site, where the baseline is a polynomial fit of the timeseries 
of one minute data before and after the identified plume time. The baseline was fit on 30-60 
minutes of data preceding and following the plume period (Figure B.1). Using the times 
that a given site was impacted by the fire as determined from the PM measurements, the en-
hancements for CO, NOx, and CO2 were calculated similarly. This process is demonstrated 
in Figure B.1. Uncertainty in the measured enhancement is defined as the uncertainty in 
the baseline (the root-mean-square deviation in the baseline fit to the concentrations outside 
of the plume window) and the uncertainty in the peak concentration (standard deviation 
of the peak concentrations over 5 minutes) combined in quadrature. The time of the peak 
enhancement is also recorded at each site. The measured enhancement at each site shows an 
approximate exponential decay with respect to the time the peak enhancement is measured 
at the site, which is used to calculate a rate for dilution. 

To calculate the total emissions from the fire event, we use a 2-D Gaussian function to 
model the plume. This function allows conversion of the measured enhancements and arrival 
times to bulk mass of pollutants. At each 1-minute timestep, the PM2.5 enhancements at all 
sites were fit to the following equation: 

G(x, y) = Ae−[a(x−xo)2+2b(x−xo)(y−yo)+c(y−yo)2] (3.1) 
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(3.2) 

where the concentration of the pollutant G is represented by a 2-D Gaussian plume on the 
x -y plane. Longitude and latitude coordinates were reprojected to the Universal Transverse 
Mercator (UTM) coordinate system such that x represents distance east/west of the fire 
origin and y represents distance north/south of the fire origin. The plume is parameterized 
by the following variables: A is the amplitude of the plume, x0 and y0 are the center of the 
plume, and sx and sy are the spread of the plume in the along-trajectory and cross-trajectory 
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directions, where q is the angle of trajectory at each point in time, as discussed below. All 
six of the above variables are expected to evolve with time. As such, this fit could be done 
for every timepoint to yield a set of plume parameters for each minute. However, since 
the plume passes over the water, where we have no observations, when travelling between 
Richmond, CA and Vallejo, CA, the fitting was first performed on two periods of time (16:00 
– 16:30 over Richmond, and 17:00 – 17:40 over Vallejo). Then, the x0 and y0 positions of 
the plume at each timepoint were smoothed and connected to determine the full plume 
trajectory, including the period over the water, as shown in Figure B.2. Subsequently, q 
was fixed to be the angle of the trajectory in Figure B.2 at each timepoint. Now, with x0, 
y0, and q constrained, the fitting was performed again at each timepoint to yield values for 
A, sx, and sy for every minute. Since the plume is expected to smoothly evolve over time, 
these parameters were smoothed over time with polynomial fittings to model a realistic 
evolution of the plume and limit the effects of any minute-to-minute variation that might 
interfere with the fitting at any one timeframe. From the Gaussian fit, the bulk PM2.5 mass 
could be determined by integrating over the entire Gaussian plume. The boundary layer 
height is estimated from NOAA’s High Resolution Rapid Refresh (HRRR) model and used 
as vertical integration bounds, assuming a well-mixed boundary layer. From enhancement 
ratios of pollutants measured at the nearest measurement site to the fire source, the mass 
of CO2, CO, and NOx emitted could also be calculated. Uncertainties in the emissions 
mass estimates are calculated from the range of fitting parameters in the Gaussian fitting 
combined with the uncertainties in the measured enhancements. The Gaussian fitting, as 
well as the exponential decay fittings for the dilution rate calculation, were performed using 
the Scipy Optimize package in python.[50] 

NOAA HYSPLIT Dispersion Model 

As a comparison to the measured spread of the smoke plume, we used NOAA’s Hybrid 
Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) dispersion model and com-
pared particle dilution rates. The model was run using NOAA’s HRRR 3-km model as 
meteorological input. The release was from 0 to 50 m above ground level (AGL), with 
the measurement averaging layer at 0-100 m AGL. Multiple release heights were tested and 
produced nearly identical results. Deposition was off when running the model. PM2.5 de-
position is assumed to be negligible, as supported by the consistent PM2.5/CO ratio across 
sites observed in the analysis below, as well as the short timescale (hours) being studied here 
compared to PM2.5 lifetime estimates on the order of days from the literature.[93–95] 
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3.3 Results and Discussion 

Plume Enhancements and Dilution 

The peak arrival times and pollutant enhancements, defined as the difference between the 
measured concentrations and the baseline (the concentration expected had the plume not 
passed through), are listed in Table 3.1 for the sites shown in Figure B.3. The PM, CO, and 
CO2 enhancements are resolvable for the whole distance in which the plume passes through 
the measurement domain, whereas NOx is only resolvable close to the plume source. This is 
due to the size of the concentration enhancement relative to the sensor sensitivity and noise 
at the minute resolution. 

Table 3.1: Pollutant enhancements measured at BEACO2N sites where the fire plume was 
detected (NR: Not Resolvable) 

Site Peak Time ∆PM2.5 (µg/m
3) ∆CO (ppb) ∆NOx (ppb) ∆CO (ppm) 

25 16:18 185.2 ± 15.5 472.7 ± 38.3 3.42 ± 0.97 8.56 ± 1.89 
23 16:21 66.5 ± 7.7 172.9 ± 15.3 NR 4.23 ± 0.93 
14 16:26 72.1 ± 1.1 – – – 
13 16:52 22.4 ± 0.9 46.0 ± 5.4 NR NR 
65 17:02 42.9 ± 2.3 129.7 ± 9.5 NR 3.48 ± 1.07 
78 17:06 31.8 ± 0.8 82.2 ± 8.9 NR 4.42 ± 1.38 
80 17:07 29.0 ± 0.8 65.4 ± 4.8 NR NR 
81 17:11 25.2 ± 1.0 59.7 ± 5.1 NR NR 
63 17:14 24.1 ± 1.0 52.2 ± 5.5 NR 2.38 ± 1.14 
64 17:16 22.5 ± 0.9 61.5 ± 9.2 NR 2.11 ± 0.99 
57 17:16 14.7 ± 0.6 37.9 ± 4.9 NR 1.86 ± 0.79 
82 17:17 10.8 ± 1.1 23.5 ± 1.9 NR NR 
60 17:24 13.6 ± 0.6 42.2 ± 2.5 NR 1.25 ± 0.83 
61 17:25 27.7 ± 2.3 59.6 ± 7.1 NR 1.91 ± 1.20 

The PM and CO enhancements over time, as shown in Figure 3.1, show great consistency, 
suggesting that concentration decreases in the measured PM enhancements are driven by 
diffusion and mixing, rather than loss processes. We can characterize the rate of dilution 
from the measured enhancements and compare it to the NOAA HYSPLIT particle dispersion 
model. The dilution rate is calculated by fitting the maximum plume concentration across 
time to an exponential decay. Measured concentrations represent a lower limit to the plume 
maximum at the measurement time. Sites with lower concentration measurements than 
sites measuring the plume at a similar time are likely sampling the fringe of the plume. 
These sites, shown in grey in Figure 3.2, are removed from the exponential fit so that the 
peak plume concentration over time is better represented. For the HYSPLIT model, we 
fit the peak concentration at each 15-minute timestep to an exponential of the same form. 
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Figure 3.1: PM2.5 and CO peak enhancements at BEACO2N sites against their peak times. 
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Figure 3.2: Peak concentrations over time for (a) the HYSPLIT Dispersion model plume 
and (b,c) observed PM and CO enhancements at the BEACO2N sites. Dilution rates are the 
e-folding distances for the overlaid exponential curve fits. Sites colored grey were omitted 
from the curve fitting. 

In Figure 3.2, we show the rates of dilution for the HYSPLIT run and measured pollutant 
enhancements. We find them to be fairly similar in all the three cases, with the modeled 
dilution being slightly faster than the observed dilution. This could be related to small 
errors in the meteorological field, as the trajectory of the plume in the HYSPLIT model 
does not match to the observed plume path (Figure B.4). The dilution shows some potential 
of being bi-exponential, potentially indicative of a fast initial dilution from vertical mixing 
followed by a slower component from the horizontal plume spread. However, the data are 
insufficient to test this possibility. These observed dilution rates are used later on to explore 
the limits on plume detections in a sensor network. The relative enhancements between 
different species also provides useful insights to the plume event. For example, the measured 
CO/CO2 enhancement ratio was 0.055 ± 0.013 ppm ppm-1 , indicating a combustion efficiency 
of about 95%. Additionally, the NOx/CO and PM2.5/CO ratios are 0.007 ± 0.002 ppb ppb-1 

and 0.39 ± 0.04 µg m-3 ppb-1 , respectively. While the NOx/CO ratio and CO/CO2 ratio are 
similar to values from the fire emission literature, the PM2.5/CO ratio is slightly higher than 
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observed for a typical wildfire, where the usual range is 0.090 – 0.350 µg m-3 ppb-1.[96–99] 

Plume Fitting and Emissions Quantification 

To quantify the emissions from this fire event, we fit the measured pollutant enhancements 
at each timestep to a 2-D Gaussian plume as described above. In choosing a 2-D Gaussian 
plume, we assume that pollutant concentrations are vertically well-mixed in the boundary 
layer. This assumption can be tested by comparing the height of the boundary layer to 
vertical mixing rates. The boundary layer height during this event is estimated to be 305 
m based on NOAA HRRR model outputs. Vertical mixing can be parameterized by the 
vertical turbulence intensity, sz. The first site is located 3.0 km away from the fire origin. 
Calculating the vertical mixing by the methods of Hanna et al., sz is estimated to be about 
1900 m at a distance of 3 km.[100] So, the vertical plume spread far surpasses the boundary 
layer height, validating the assumption of a well-mixed boundary layer on the scales studied 
here. 

For this assessment. PM2.5 was used to model the plume, as it was measured at the most 
sites and had the most discernible baseline. As described in the methods, performing the 
fitting at each time stamp and smoothing the parameters allows for us to model the full 
plume evolution (Figure 3.3). The fitting parameters yield a calculated total mass of PM2.5 

in the plume of 770 ± 30 kg. From the relative enhancements between species, we then 
calculate emissions of 70,000 ± 20,000 kg for CO2, 2,500 ± 300 kg for CO, and 28 ± 9 kg 
for NOx. Based on the typical carbon content of eucalyptus trees, the site of the fire had 
ample biomass available to account for the quantity of CO2 emissions estimated from this 
event.[101, 102] 

Plume Detection Limits for a Dense Sensor Network 

The above analysis shows how a densely spaced sensor network can detect and character-
ize small urban emission plumes. Outside of this particular case study, it is important to 
ask questions such as what is the smallest plume that can be detected by a network like 
BEACO2N, and similarly what is the smallest emission event that can be quantified? For 
the first question, we can assert that a plume is detectable by the network if the site near-
est to the plume sees a robust species concentration enhancement, which we define as an 
enhancement larger than three times the noise for the instrument in the minute-level mea-
surements. Within the domain of the BEACO2N network in the San Francisco Bay Area, 
any arbitrary location is on average 2.5 km away from the nearest measurement site. With 
an average wind speed of 2.7 m/s in this region, the typical transport time between an emis-
sion source and a measurement site is about 15 minutes. The dilution rate then determines 
the extent to which concentrations are diluted over that transport time. Based on the di-
lution rate calculated in Figure 3.2 for the plume being studied here, the detection limits 
for a single emission event plume are shown in Table 3.2. Quantification of the emissions 
requires a more detailed analysis. To estimate emissions as done above, the plume must be 
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Figure 3.3: PM2.5 concentrations at different timepoints during the evolution of the fire 
plume, from BEACO2N measurements (top row) and the 2-D Gaussian fitting model (bottom 
row). 

measured at multiple sites to properly parameterize the plume. The emission event must 
be larger to assure that the enhancement remains robust further downwind. Given the 6 
parameters in the 2-D Gaussian plume model, we could assert that 6 sites need to measure 
the plume for it to be quantifiable, and the 6th closest site is on average 6.5 km away. As 
such, we define the limit of quantification as the minimum emission needed to produce an 
enhancement 6.5 km downwind that is larger than three times the noise of the instrument, 
resulting in the quantification limits shown in Table 3.2. In practice, the measurement time 
profile at each site allows for a single site to constrain several of the parameters in the 
Gaussian function, so 6 sites are likely not needed. At the same time, having the plume 
remain detectable for 6.5 km does not guarantee that it will be measured by 6 sites. Here 
we assume that these effects more-or-less negate each other to provide a starting threshold 
for quantification. Importantly, only one species needs to meet this quantification limit for 
the others to be quantified, given that they are at least detectable. In this case, the quantity 
of emitted NOx was too small for the network to parameterize the plume using only NOx 

measurements, so the PM2.5 concentrations were leveraged to parameterize the plume, and 
the relative enhancement between NOx and PM2.5 at the first measurement site was used to 
estimate the NOx emission quantity. This highlights one of the benefits to a sensor network 
with an ensemble of species being measured. 

Table 3.3 provides context as to the magnitude of typical emissions that one might observe 
in an urban setting. It is evident that many types of activities will produce detectable plumes 
in our BEACO2N network, with many of the larger and more continuous sources producing 
plumes large enough for quantification, prompting a potential direction of future study. It 
is important to note that several of the sources in Table 3.3 are continuous emission sources. 
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Table 3.2: Estimates for the BEACO2N Network’s Plume Detection and Quantification 
Limits 

Quantity CO2 (kg) CO (kg) NOx (kg) PM2.5 (kg) 

Limit of Detection 17,000 40 22 8 
Limit of Quantification 42,000 or 95 or 53 or 18 

Albany Hill Fire 70,000 ± 20,000 2,500 ± 300 28 ± 9 770 ± 30 

The values shown for continuous emitters were integrated over 30 minutes, the approximate 
emission duration for the Albany Hill fire, for comparison. However, continuous and discrete 
emissions produce different plume profiles and require different parameterizations, so care 
should be taken in comparing the emissions in Table 3.3 with the reported detection limits. 

The variability in plume composition demonstrates the utility in having a multi-pollutant 
monitoring network. For example, ship emissions are more likely to be noticed in NOx 

measurements, whereas a building fire produces significant amounts of PM and CO and 
relatively little NOx. With a BEACO2N-like network, both of these types of plumes could 
be characterized. There are many smaller events that produce plumes below the detection 
limit listed above. That is not to say that these cannot be detected with a LCS network. 
Rather, detection needs to happen closer to the source, which can be achieved with a higher 
network density or strategic placement of the sensors. For example, if sensors were placed 
such that the closest sensor to any source was on average 500 meters away, the detection 
limits drop by 35%, allowing for smaller scale plume detection. Advances in the performance 
of LCSs could enable the measurement of smaller enhancements, further decreasing this limit. 

Plume Measurements as a Check on Sensor Network Performance 

In a LCS network, it is important to have sensors robustly calibrated before using their data 
to perform analysis. Conversely, sensors in the field measuring the same plume can provide 
a check on the robustness of their calibration parameters. In BEACO2N, the PM2.5, CO, 
NO, NO2 and CO2 are measured by five separate instruments with five unique calibration 
schemes.[85–87] Well-calibrated sensors would show consistent pollutant decreases between 
species over time, assuming these decreases are only from plume dilution. To evaluate our 
measurements with this assumption, we start by normalizing all the measured enhancements 
by the enhancement measured at site 25, closest to the fire. This gives us the enhancements 
as a fraction of the peak enhancement, which we expect to be location-specific and indepen-
dent of the pollutant measured. Comparing these relative enhancements between PM2.5 and 
CO, we find extremely strong agreement, with a coefficient of determination (R2) of 0.99. 
Performing this analysis with CO and CO2, we find an R2 of 0.67, which is substantially lower 
but perhaps unsurprising given the large relative uncertainties for the CO2 enhancements 
measured from this event. NOx was only measurable at one site and thus not amenable to 
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Table 3.3: Typical GHG and Air Pollutant Emission Quantities from Urban Activities (col-
ored values are above the detection limit from Table 3.2) 

Event 
CO2 

(kg) 
CO 
(kg) 

NOx 

(kg) 
PM 
(kg) 

Source/Notes 

Construction Site † 380 0.22 0.48 0.05 
Scaled down from full project 
emissions assuming 8 hr workday 
[103] 

Car Fire 270 6.9 7.0 
Medium-sized automobile, gaso-
line tank emptied prior to test 
[104] 

Interstate (1 km) † 1700 7.9 0.08 
Based on I-580 in Berkeley, CO2 

from [105] and CO and PM from 
[27] 

House Fire 2200 84 3.7 120 
Based on 1994 Swedish House 
Fire Statistics [106] 

Cargo Ship † 7500 4.8 260 29 Container ship at 75% load [107] 

UCB Powerplant † 7700 
Natural gas co-generation plant, 
scaled down from annual emis-
sions [108] 

Waste Incinerator † 19,000 14 36 7.5 
EFs from EPA,[109] based on 
nearest incinerator’s annual con-
sumption [110] 

Oil Refinery † 230,000 
Refinery in Richmond, CA scaled 
down from annual emissions [111] 

† For continuous sources, values are shown for 30 minutes of activity, approximately the duration of the 
Albany Hill fire 

evaluation. 

Concluding Remarks and Implications for Sensor Networks 

In this work, we quantified emissions from an urban fire using measured pollutant enhance-
ments from its resultant plume as the plume crossed multiple nodes in a densely spaced 
network. By fitting the enhancements to a 2-D Gaussian plume model, we find the fire to 
have emitted 770 ± 30 kg of PM2.5, 70,000 ± 20,000 kg of CO2, 2,500 ± 300 kg of CO, 
and 28 ± 9 kg of NOx. We use this example to define a plume detection and quantification 
limit. These limits are the product of both the density of the network (which affects how 
long a plume travels before reaching a sensor) and the smallest enhancement the sensors can 
reliably detect (limiting how much plume dilution is allowed over the transport time). While 
other networks have different measurement densities and sensitivities, this study provides a 
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general framework for assessing the limits by which sensor networks can contribute towards 
emissions quantification for both air pollutants and greenhouse gases. 
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Chapter 4 

Using Network Observations to 
Constrain CO and CO2 Emissions 
from an Oil Refinery in the San 
Francisco Bay Area 

This chapter was adapted from: Patel, M. Y.; Asimow, N. G.; Winter, A. R.; Zhu, Y.; 
Cohen, R. C. Using Network Observations to Constrain CO and CO2 Emissions from an Oil 
Refinery in the San Francisco Bay Area. JGR Atmos. 2026, 131, e2025JD045035. 

4.1 Introduction 

Cities are major contributors to global greenhouse gas (GHG) emissions, with an estimated 
70% of CO2-eq GHG emissions attributable to urban settlements.[2] Additionally, air pol-
lution is typically more severe in urban areas, with exposure being exacerbated by higher 
population densities.[112] Efforts to mitigate climate change and improve public health have 
led to decreases in both GHG and air quality (AQ) emissions, often in specific sectors, lead-
ing to a changing emissions map within cities. For example, increasing fuel efficiency and 
the adoption of electric vehicles has reduced on-road emissions and decreased demand for 
refined fuel in California, resulting in the planned closure of oil refineries.[82, 113, 114] Many 
state and local governments have plans for achieving net zero emissions within the next 
few decades. For example, the state of California has initiated a plan to achieve “carbon 
neutrality” by 2045 by cutting greenhouse gas emissions 85% below 1990 levels and deploy-
ing carbon removal and capture technologies.[115] Governments often rely on activity-based 
emission inventories to monitor emission changes, but these methods often have large un-
certainties.[116, 117] Additionally, many point source emitters monitor emissions through 
internal monitoring systems, though recent changes in policy may no longer require US 
companies to make this information publicly available.[118] We believe that independent 
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verification of both of these approaches by methods such as those described here are a useful 
tool in support of market-based carbon trading, air quality management, GHG reduction 
policy and community engagement with emissions from industrial sources. 

Emissions within cities are a mix of point (e.g. refineries at the large end of the emission 
scale or individual manufacturers at the small end of the scale), line (e.g. highways), and 
area (e.g. residential or commercial neighborhoods) sources. Point sources often produce 
large quantities of GHGs and air pollutants that can have outsized effects on their surround-
ing communities. For example, in the city of Richmond, CA, point sources are estimated to 
account for roughly two-thirds of particulate emissions and over 85% of GHG emissions.[119, 
120] These emissions are highly concentrated, producing relatively narrow and variable spa-
tial distributions. The resulting plumes rarely pass near a sparse regulatory network and are 
often not noticeable in one-hour averages, limiting the effectiveness of ambient regulatory 
monitoring in assessing pollutant emissions and exposure. 

Many approaches including space-based, aircraft, mobile, and sparse fixed location ob-
servations have been recently been applied to characterize point source GHG emissions.[121– 
128] Many of these approaches require resource-intensive measurement campaigns or infras-
tructure that limit the scope or scale at which they can be applied. Dense networks for 
AQ and GHG monitoring are emerging as a tool that can be widely deployed at a cost 
that allows much more detailed and frequent characterization of emissions. These networks 
have been used to characterize urban emissions using a variety of analytical approaches, 
often focused on regional or sectoral emissions. For example, Turner et al. evaluated the 
efficacy of a proposed dense observing network with approximately 2-km spacing.[80] CO2 

network observations have been used to update fine-resolution emissions inventories through 
the use of inverse modelling.[81–83, 129] However, point source GHG emissions have proven 
especially difficult to constrain with dense networks in practice as inverse models can alias 
other emissions (e.g. highways) into the point sources or vice versa.[82] Alternative methods 
targeted at individual sources have strong potential for constraining point source emissions 
with dense sensor networks. For example, a simple 2-D Gaussian model was used to quantify 
the GHG and AQ emissions of a short-lived urban fire observed at multiple locations in the 
network, leveraging the spatial pattern of measurements to constrain the plume shape and 
spread.[130] Having independent and robust methods for constraining point source emissions 
would improve the ability for regional inversion methods to allocate changes in emissions. 

Here, we use BEACO2N, an ambient AQ and CO2 monitoring network, to study and 
quantify GHG and AQ emissions from an oil refinery in Richmond, CA, a city in the San 
Francisco Bay Area. We demonstrate the potential for dense ambient monitoring networks to 
quantify emission rates from continuous point sources by calculating CO2 emission rates and 
assess the performance against reported emissions inventories and CO2 emissions inferred 
from aircraft observations. Additionally, we measure and assess CO emissions from the 
refinery, providing novel insight to a potentially large and underestimated source in the city’s 
emissions inventory. Finally, we assess dense networks as a strategy for characterizing point 
source emissions and make recommendations for approaches to deployment and analysis with 
broad applicability to the increasingly numerous dense sensor networks around the globe. 
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4.2 Approach, Site Information, and Methods 

Oil Refinery Site Information 

The Chevron Richmond Refinery is an oil refinery that has been in operation since 1902.[131] 
It is the third largest oil refinery in the state of California, refining approximately 250,000 
barrels of crude oil per day.[132] The refinery is located in Richmond, CA, a city of roughly 
115,000 people and part of the San Francisco Bay Area region of California.[133] West of the 
refinery site are hills where storage tanks are located and the San Francisco Bay, and east 
of the site is the city of Richmond, which is mostly below 60 m above sea level. The eastern 
part of the city rises into the East Bay hills (Figure 4.1). Details about the refinery site and 
operations can be found in Text C1. From the EPA FLIGHT data (Table C.1) we expect 
the majority of emissions to come from regions 2 and 3 of the refinery, as defined in Figure 
4.1. Region 2 (centered at 37.9498◦N, 122.3989◦W) is home to the hydroprocessing and fluid 
catalytic cracking units (FCCUs) for the refining process, and is reported as emitting 792,918 
metric tons of CO2 in 2023.[111] Region 3 (centered at 37.9454◦N, 122.3936◦W) is where the 
hydrogen production plant is located, which was reported to have emitted 1,225,083 metric 
tons of CO2 in 2023.[111] Hydrogen is used in several refining processes, though less than half 
of oil refineries produce their own hydrogen on-site.[134] A key assumption in this analysis is 
that the refinery operations and emissions are continuous over time. Generally, oil refineries 
operate continuously without pause, though the percent capacity at which they operate may 
fluctuate for a variety of reasons, including equipment maintenance and malfunctions.[135– 
137] Oil refineries in the US typically operate with >90% utilization rate.[138, 139] As such, 
fluctuations in emissions from standard operations are likely minimal. 

BEACO2N Observations 

Atmospheric measurements used in this analysis are from the Berkeley Environmental Air-
quality and CO2 Network (BEACO2N), which has been described extensively elsewhere.[24, 
84] Briefly, BEACO2N is deployed in several cities around the globe, with 56 sites currently 
in operation in the San Francisco Bay Area of California. Each sensor package measures a 
suite of gases and particles. Most instruments are installed on building rooftops (typically 
3-10 m above ground level) at approximately 2 km spacing (see Figure 4.1). CO2 is mea-
sured at 5 s intervals using a Vaisala CARBOCAP Carbon Dioxide Probe GMP343. The 
CO2 sensor calibration is described in detail in Delaria et al.[85] Briefly, the sensors have a 
temperature-dependent offset which is corrected for using comparisons to a reference-grade 
instrument. Hourly-averaged absolute CO2 measurements are found to have errors of less 
than 1.6 ppm. The limit of detection for the instrument, calculated as three times the stan-
dard deviation of the noise in the minute-level data, is 2.5 ppm.[130] This is in agreement 
with the manufacturer’s reported ±1 ppm repeatability/noise for 30 s averages.[142] CO, 
NO, NO2, and O3 are measured at 8 s intervals using the Alphasense CO-B4, NO-B4, NO2-
B43F, and Ox-B431 electrochemical gas sensors. Calibration methods for these individual 
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Map Data: Google Imagery @2025 Airbus, Maxar Technologies, Vexcel Imaging US, Inc. 

1: Sulfur Recovery 
2: Refining (FCCUs and Hydroprocessing) 
3: H2 Production 
4: Refining (Distillation and Reforming) 0                                         500 m 

Figure 4.1: Map of (left) Chevron Richmond Refinery with sectoral breakdown,[140, 141] 
and (right) BEACO2N sites near the refinery used in this study. Background map cred-
its: © Stadia Maps (stadiamaps.com), © Stamen Design (stamen.com), © OpenMapTiles 
(openmaptiles.org), © OpenStreetMap (openstreetmap.org/copyright). 

sensors are presented in Winter et al.[86] The calibrations account for cross-sensitivities and 
the influences of temperature and humidity at the sensor, as well as drifts in sensitivities 
and offsets over time. The CO sensor, of main use in this work, was found to not have 
cross-sensitivities to the other atmospheric gases measured in the BEACO2N node. The 
CO sensor has a temperature and humidity-dependent offset, which is corrected for with 
internal temperature and humidity measurements made by an Adafruit BME280 sensor.[47] 
The calibrated hourly-averaged CO measurements have an uncertainty of 0.033 ppm. The 
limit of detection (three times the standard deviation of the noise in the minute-level data) 
is 0.009 ppm.[130] This is slightly higher than the manufacturer’s reported noise of 0.006 
ppm (3σ).[143] PM2.5 is measured at 8 s intervals using a Plantower PMS5003 sensor. PM2.5 

in the BEACO2N network is calibrated using the methods outlined in Patel et al.[87] 
Data were averaged at 1-minute intervals for this study, with all raw data being included 

without any filtering. CO2 and CO were analyzed in detail. Measurable enhancements 
in NOx and PM2.5 coincident with CO2 plumes were not observed, despite being known 
pollutants emitted from refineries.[119] Enhancements are likely to be present in the observed 
plumes but below the detection limits of our sensors: 2 µg m-3 for PM2.5 and 3.2 ppb for NOx 

(M. Y. Patel et al., 2025). Based on these detection limits and the CO2 emissions reported 
in this paper, we can only establish an upper limit for NOx and PM2.5 emissions from these 
two point sources. The upper limit is much larger than the expected NOx emissions from the 
refinery of ∼500 tons/yr.[119] Additionally, PM2.5 is expected to be emitted from a different 
mix of processes at the refinery,[119] so its emissions and resultant enhancements are not 

https://openstreetmap.org/copyright
https://openmaptiles.org
https://stamen.com
https://stadiamaps.com
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expected to be correlated with CO2 plumes. 

Meteorological Parameters 

Meteorological inputs were used to both search for plumes and in calculating the emission 
rate. Meteorological data was taken from the National Oceanic and Atmospheric Adminis-
tration’s (NOAA) High-Resolution Rapid Refresh (HRRR) version 4 model.[144] The model 
outputs are at 3 x 3 km spatial resolution and hourly temporal resolution. The model pa-
rameters used are wind speed and direction (derived from u- and v-wind outputs), low cloud 
cover, and planetary boundary layer height (PBLH). As an assessment of the model, we 
compared the NOAA HRRR wind speed and direction to measurements made at a nearby 
site, Richmond Field Station (37.9131◦N, 122.3359◦W), measured with a Vaisala WXT520 
weather transmitter. The root-mean-square error in wind speed for hourly averaged winds 
in 2022 was 1.84 m s-1 . Deviations were mostly symmetric, with a mean bias of modeled 
winds found to be ∼0.27 m s-1 faster than observations. The root-mean-square error in wind 
direction was 82◦ , though wind direction is not used in the calculation of the emission rate, so 
this large uncertainty only impacts the number of plumes detected, as discussed below. The 
impacts of meteorological variable uncertainties in the analysis are discussed in the section 
”Plume Model Sensitivity to Parameters” below. 

Plume Identification 

Point source plumes are narrow and are typically observed as peaks as winds rotate, bringing 
the plume across the location of a sensor. In favorable conditions, plumes are observed 
sequentially as winds continue to rotate, bringing the plume to a nearby site or bringing 
the plume across two sites located along a single trajectory downwind of the source. We 
focus on the 15 sites shown in Figure 4.1. These are close to the refinery and have high 
data completeness in the study period of 2022-2023. The prevailing winds are typically from 
the southwest and blow the refinery plumes over the San Pablo Bay, away from the nearest 
population centers and our network. We begin by selecting hours when the wind direction 
is in the range 215-335◦ , when the wind is broadly blowing from the refinery towards the 
BEACO2N sites. This filter greatly reduces the search window for times of potential plume 
observation. We then searched the data for times with high CO2 and manually filtered these 
to identify moments when there were clear and identifiable enhancements. Despite winds 
typically blowing emissions over the water, the continuous monitoring record provided ample 
data for this analysis. In total, 266 plume observations across the 15 sites in the years 2022-
2023 were identified. This corresponds to roughly 15% of the times filtered by wind. This 
fraction reflects the broad search window used and cannot be interpreted as the percent of 
time with favorable winds where we observed a plume. 

Given the known uncertainties in modeled wind direction, the wind filter alone does not 
solely justify attribution of the observed plumes to the refinery. Other evidence includes the 
magnitude of the CO2 enhancements which are 10s of ppm, far in excess of other plausible 
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sources, and that we can trace the trajectories backward from large and coincident enhance-
ments across multiple sites downwind of the refinery (Figure C.4). The latter rules out the 
possibility of a hyperlocal source near an individual site. There are no other industrial sites 
in the vicinity of the refinery which the plumes could be attributed to. While there are 
major highways running through Richmond, they do not produce such concentrated CO2 

plumes as evidenced by other near highway observations in the BEACO2N network. From 
previous analysis we have found a 1-km stretch of I-580, the nearby highway, to emit ∼1% 
the amount of CO2 that the refinery is expected to emit.[130] There are no sources in the 
area that could produce the plumes being studied here other than the refinery. The plumes 
identified here only simultaneously enhance concentrations for sites in line with the refinery, 
and enhancements at other sites occur with temporal shifts consistent with a rotating wind 
field moving the plume trajectory radially from the refinery site (Figure C.5). 

Plumes are identified from the 1-min data as enhancements above a baseline concen-
tration. Plumes persisted at measurement sites anywhere from tens of minutes to several 
hours. For each CO2 plume observation, the CO2 and corresponding CO enhancement was 
calculated (Figure 4.2). The baseline was determined by fitting concentrations before and 
after the plume (typically 1-2 hours on either end) to a third-degree polynomial. A window 
of time is then selected as the peak of the plume, at least 10 minutes in length to account for 
turbulent fluctuations and ensure the measurements are compatible with the plume model 
parameterizations (discussed below). The enhancement is defined as the difference between 
the concentrations at the peak and the interpolated baseline at those same times. The 
uncertainty in the enhancement is defined as the uncertainty in the baseline (the root-mean-
square deviation in the baseline fit to the concentrations outside of the plume times) and the 
uncertainty in the plume height (the standard deviation of the concentrations in the plume 
peak window) combined in quadrature. For example, the enhancements derived for Figure 
4.2 are 49 ± 4 ppm CO2 and 0.084 ± 0.018 ppm CO for the Feb 5, 2023 plume and 42 ± 2 
ppm CO2 and 0.127 ± 0.007 ppm CO for the Nov 7, 2023 plume. Strong correlation between 
the CO and CO2 concentrations during plume periods indicates that the CO is most likely 
from a shared source as the CO2. In Figure 4.2, the Pearson correlations between the two 
species are 0.86 and 0.94 during the Feb 5, 2023 and Nov 7, 2023 plume periods. Across all 
observed plumes, the average correlation was 0.81, with 89% of plumes having correlations 
greater than 0.70. 

The Gaussian Plume Model 

The Gaussian plume is a simple model used for estimating the 3-D concentration field of a 
species resulting from a point source emission. The Gaussian plume model is one of many 
methods for determining emissions from measured concentrations, but offers many benefits, 
including being applicable to sparse sampling of the concentration field. When comparing 
different fence-line methods for emissions quantification, Mbua et al. found that the Gaussian 
plume model showed little bias compared to other methods, and as such produced robust 
estimations when the measurement sample size was sufficiently large.[126] The model assumes 
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Figure 4.2: Example calculations of the CO2 and CO enhancements of different observed 
refinery plumes. The enhancement is calculated as the difference in the concentration and 
the baseline during the peak enhancement window. 

that the wind field is uniform and that the wind field and emission rate are constant over 
time, producing a time-independent model for concentrations. The model dictates that at a 
given distance downwind from the source, the concentrations are normally distributed about 
the center of the plume in both the vertical and horizontal directions. The model can be 
expressed as: 
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where C(x,y,z) is the concentration of the species at a point in space resulting from a point 
source at location (0,0,H) with an emission rate of Q. In this form, z is the vertical distance, 
x is the distance along the wind axis, and y is the cross-wind direction in the horizontal 
plane. From this model, a plume concentration can be defined at each point in space (x,y,z) 
for a given emission rate and meteorological conditions. The equation can be inverted, and a 
known concentration from a fixed point in space can be used to determine the emission rate. 
The BEACO2N measurements provide the concentration at a fixed point in space, which can 
be linked to the emission rate through the above equation. As the plume’s trajectory changes 
with wind direction, the measurement sites will sample different parts of the plume over time. 
The plume concentration should be highest at the centerline, so for each plume observation at 
a site, the peak enhancement is measured and used in the above equation while setting y=0. 
When the y=0 assumption is incorrect, estimates of the emission rate will be biased low, 
though this is negligible if the measurement is within 100 m of the plume centerline (Figure 
C.3). The wind speed, U, was obtained from NOAA’s HRRR model, as detailed above. The 
parameters σy and σz are the atmospheric turbulence intensities in the y and z directions, 
respectively. The turbulence intensities dictate the degree to which the plume spreads away 
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from the plume centerline both vertically (σz) and horizontally (σy). Turbulence intensities 
are parameterized by the Pasquill stability class as a function of downwind distance, x, 
according to NOAA’s Atmospheric Turbulence and Diffusion Laboratory’s Handbook on 
Atmospheric Diffusion.[100] The intensities are parameterized under the assumption that 
inputs to the model like wind speed and measured concentrations are averaged for at least 
10 minutes to fulfill the assumption of a time-averaged plume distribution. The turbulence 
intensity parameterization used is specific to urban areas to account for the effects of building 
structures on surface roughness. The Pasquill stability class for each measured plume time 
is determined based on wind speed, cloud cover, and insolation at each time, with variables 
obtained from the HRRR model.[145] H is the height of the emission source, adjusted for 
plume rise. An emission height of 20 m was estimated using satellite imagery of refinery 
stacks (details found in Text C2). The Gaussian plume model used here contains multiple 
“reflections” of the plume at the ground (z=0) and at the boundary layer (z=L). These are 
added to account for the vertical containment of the plume within the planetary boundary 
layer (PBL). In the equation above, up to two reflections of each plume edge are represented, 
and adding additional reflections had negligible effects on the results. The PBL height was 
obtained from the HRRR model and was typically in the range of 200-1000 m. 

Plume Model Sensitivity to Input Parameters 

In addition to atmospheric composition measurements, the Gaussian plume model requires 
several inputs to constrain the meteorological conditions of the plume spread during any par-
ticular observation. We consider the impacts of these variables in the analysis by performing 
a series of sensitivity tests, where input parameters are intentionally biased to determine the 
impact on the final ensemble mean emission rate. Given the ensemble approach taken here, 
symmetric random errors in any particular parameter will likely have little impact on the 
average emission rate across all observations, and so systematic biases in the inputs are the 
most likely source of errors. The outputs of these sensitivity tests are shown in Figure C.3. 

The emission height (H) was set to 20 m, and the calculated emission rate is insensitive 
to the choice of emission height across a wide range of values (Figure C.3). This is due to 
sufficient vertical mixing of the plume during transport. For example, at 3 km downwind 
distance and under stability class “E”, σz is 204 m, so the plume has spread sufficiently to 
enable sampling near the surface. As such, biases related to calculation of the stack heights 
and incorporation of plume rise do not impact the final assessment. 

NOAA HRRR wind speeds were found to have a bias of +0.27 m s-1 compared to nearby 
ground-based measurements, as discussed above. We find that biasing the wind speed input 
in the model by the same amount leads to about an 8% increase in the calculated mean 
emission rate. This is slightly less than the uncertainty range introduced from the measure-
ments themselves as shown in the analysis below. The wind speed is also used to determine 
the stability class and subsequently the turbulence intensities. Sensitivity to changes in the 
turbulence intensities are shown in Figure C.3. The effect of wind speed errors on turbulence 
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intensity are non-linear. For example, when wind speeds are increased 0.27 m s-1 , only 5% 
of the plume observation times see a change in the determined stability class. 

PBLH was also taken from NOAA’s HRRR model. While PBLH measurements were not 
readily available for comparison to the model, we explore the sensitivity of the analysis to 
biases in the modeled PBLH in Figure C.3. Specifically, if we bias the HRRR calculations 
of PBLH by 20%, the resulting mean emission rate changes <10%. The effects are more 
severe if HRRR is significantly and systematically overestimating the PBLH. For example, 
if HRRR PBLH is reduced by 40%, the resulting mean emission rate decreases roughly 20%. 
We assume there to be no large systematic bias in the HRRR modeled PBL height over the 
region of interest. 

Carbon Mapper Observations 

Carbon Mapper is a nonprofit organization aimed at using remote sensing measurements to 
quantify methane and CO2 emissions from point sources around the globe. Carbon Mapper 
has made several aircraft measurements of CO2 plumes from the refinery in the period from 
2018-2022, which are detailed in Table C.3 and used as a point of comparison and discussion 
in this analysis.[146] Measurements were taken on three separate days during aerial surveys of 
the San Francisco Bay Area using NASA’s Airborne Visible/Infrared Imaging Spectrometer-
Next Gen (AVIRIS-NG) instrument. These flights were part of a series of flights aimed at 
mapping methane sources in the Bay Area and in California more broadly.[147] 

4.3 Results and Discussion 

CO2 Emissions Quantification 

Here, 266 plume observations made by the BEACO2N network were analyzed using a Gaus-
sian plume model to estimate the CO2 emissions from the Chevron Richmond refinery. These 
plume observations span a two-year period (2022-2023), so in aggregating these observations, 
we arrive at a time-averaged emission rate for the refinery processes. As detailed in the site 
information above, most refineries operate continuously and near full operating capacity at 
all times, so any variations in refinery operations (and subsequent emissions) are minimal 
and infrequent. To estimate the emission rate Q for each plume observation, the Gaussian 
plume equation above can be used as described in the methods, where the concentration 
at a point in space is the measured CO2 enhancement at a BEACO2N site. Using these 
measurements and the necessary meteorological variables from NOAA’s HRRR model, the 
emission rate can be estimated for each observation, producing a distribution of emission 
rates. However, this assumes that the refinery emissions are a single point source, which is 
valid at sufficiently far distances, but breaks down for measurements close to the refinery. 
The refinery is more accurately represented as two major point sources, one for the fluid 
catalytic cracking units (FCCUs) and hydroprocessing (HP) part of the site, and another for 
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the H2 production plant at the site. Within each region, emissions from individual stacks 
are happening in close enough proximity (Figure C.2) that they coalesce into a single plume 
from the perspective of a measurement outside the facility. However, as displayed in Figure 
4.1, these two regions are approximately 700 m apart from each other, which is significant on 
the scale of our closest measurement site (∼3 km away). Per the EPA’s Facility Level Infor-
mation on GreenHouse gases Tool (FLIGHT), these two operations emitted roughly 793,000 
and 1,225,000 metric tons (mt) CO2 in 2023, respectively (Table C.1).[111] Assuming uni-
form emissions across time gives emission rates of roughly 25 kg s-1 and 39 kg s-1 for the two 
sectors (Table 4.1). The only other significant emission sector reported on FLIGHT for this 
refinery was stationary combustion (Table C.1). Our measurements show no indication of 
these emissions manifesting as large point source plumes, as discussed further below. 

In order to make use of all the observations as constraints on the emissions from these 
two sources, we model a pair of identical emitters evolving downwind according to the Gaus-
sian plume equation (Figure 4.3). The plumes are modeled under the conditions of Pasquill 
stability class “E”, which accounted for roughly 40% of plume observations and was an in-
termediate meteorological scenario across the stabilities for observations in this work. For 
the first ∼3 km the two model plumes remain distinct, consistent with the observations of 
separately identifiable plumes at the site 3 km from the source (detailed below). Further 
downwind as the plumes merge, the peak CO2 reaches about 80% of the full value as the 
resultant plume remains slightly wider than a single source plume would have been, even 
downwind 12 km. We estimate total emissions from the sum of the two plumes by scaling 
calculations by the model results shown in Figure 4.3. The resulting emission rates are shown 
in Figure 4.4, with each point representing the mean rate at BEACO2N site. Importantly, 
there is no systematic variation in the calculated emission rate with measurement distance 
from the refinery. The mean emission rate is found to be 61.3 ± 6.3 kg CO2 s

-1 , in close 
agreement to the reports in the EPA FLIGHT database (Table 4.1). Carbon Mapper instan-
taneous emission rate estimates (Table C.3) from their plume measurements of these two 
sources are similar. 

Table 4.1: CO2 Plume Emissions (in kg s-1) from the Chevron Richmond Refinery, as Re-
ported in the EPA’s FLIGHT Inventory [111] and as Measured by Carbon Mapper [146] and 
BEACO2N (this work). 

EPA FLIGHT 
(2023) 

Carbon Mapper 
(2020–2022) 

BEACO2N 
(2022–2023) 

Refining (FCCUs & HP) 25.1 28.1 ± 5.7 35.6 ± 5.6 
H2 Production 38.8 31.0 ± 3.4 25.7 ± 5.0 

Total 63.9 59.1 ± 6.6 61.3 ± 6.3 
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Figure 4.3: (Top) simulated concentration field from two point sources with equivalent emis-
sion rates, colored on a log scale. (Bottom) calculated emission rate as a function of the 
distance from the two point sources, using the Gaussian plume equation, which assumes a 
single point source (the maximum concentration at each distance is taken as the concentra-
tion input for the calculation). 

CO Emissions and Process-Level Insights 

The BEACO2N network makes simultaneous measurements of CO2 and air pollutants, pro-
viding an observational constraint on emitted pollutants from the refinery. Specifically, the 
BEACO2N measurements show significant CO enhancements coincident and correlated to 
CO2 enhancements observed from the refinery plumes (Figure 4.2). No measurable increase 
in PM2.5 or NOx was observed in these plumes. Using the enhancements for plume obser-
vations where both CO and CO2 measurements were available, the CO/CO2 enhancement 
ratio was calculated. The distribution has a mostly uniform spread of values between 0 and 
5 ppb/ppm, with a mean of 2.4 ± 0.3 ppb/ppm. However, as noted before, the CO2 plume 
being observed is likely a confluence of emissions from the two point sources: the FCCU 
and hydroprocessing region and the hydrogen production plant. For sites measuring in the 
near field of the refinery, the two source plumes are not well mixed, and plumes of clearly 
differing composition are observed. An example is shown in Figure 4.5, where the CO/CO2 

enhancement ratio is ∼5.0 ppb/ppm in the plume measured from 20:00 – 0:00 local time 
(LT), whereas the plume measured from 0:00 – 6:00 LT has an enhancement ratio of ∼0.6 
ppb/ppm. The latter value is consistent with expected FCCU and hydroprocessing emis-
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Figure 4.4: Refinery plume mean emission rate calculated at each BEACO2N site, accounting 
for two point sources, versus distance from the measurement site to the refinery. The line of 
best fit (black) has no significant slope. 

sion ratios, which have been reported to range from 0.28–0.76 ppb/ppm.[148] The Chevron 
Richmond Refinery uses steam methane reforming (SMR) to produce H2 by first converting 
methane and water to CO, and subsequently CO and water to CO2, with H2 released at 
each step.[149] While no literature was found showing the expected CO/CO2 emission ratio 
in hydrogen production flue gas, it is possible that such a process would have significant CO 
emissions given its role as a reaction intermediate. The EPA, in its Emission Estimation 
Protocol for Petroleum Refineries, says that no default emission factors are available for 
hydrogen plant vent gases, allowing pollutant emissions to be estimated from a number of 
methods including efficiency metrics.[150] SMR can have conversion efficiencies from 30% 
up to 99%,[151] though the excess CH4/CO/CO2 mixture can be combined with other fuels 
to provide combustion heat for the process, further modulating the CO fraction.[152, 153] 
A conversion efficiency of 99.5% would yield CO/CO2 emission factors of ∼5 ppb/ppm as 
observed here. 

The distinct plume compositions shown in Figure 4.5 can be used to disaggregate the 
CO2 emissions from the two point sources. The two plume periods show ratios of 0.59 ± 0.10 
ppb/ppm and 4.98 ± 0.03 ppb/ppm. If we assign the lower ratio to the FCCU/hydroprocessing 
region of the plant and the higher ratio to the hydrogen production plant as suggested above, 
the total CO2 emissions can be separated into the two sectors, since the aggregate CO/CO2 

ratio (2.4 ± 0.3 ppb/ppm) is the sum of the two region-specific ratios weighted by their 
relative contributions. Doing so, we estimate that 58 ± 7 % of the CO2 comes from the 
FCCU and hydroprocessing region, while 42 ± 7% comes from the hydrogen production 
plant. This CO-based partitioning of the CO2 between the two point sources is similar to 
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Figure 4.5: CO and CO2 timeseries at a site near the refinery measuring two plume periods 
with different compositions on the left, and the corresponding CO/CO2 enhancement ratios 
on the right. 

the EPA FLIGHT and Carbon Mapper attributions but attributes slightly more CO2 to the 
FCCU and hydroprocessing region. 

Using the observed CO/CO2 ratio and the calculated emission rate of 61.3 ± 6.3 kg/s 
CO2, it is estimated that the two point sources at the refinery emit an average of 0.094 ± 
0.015 kg CO s-1 , which amounts to roughly 3000 mt CO per year. Despite the very low 
emissions as a fraction of the CO2 (∼0.24%), the point source refinery CO emissions are a 
substantial fraction of the city’s total estimated CO emissions. A 2024 emissions inventory 
for the Richmond-San Pablo Air Monitoring Community estimates that in the region, 6,800 
mt CO were emitted in non-refinery sectors in 2019, while refinery emissions were estimated 
to be roughly 190 mt,[119] a value 15 times lower than our observations imply. 

Insights for Network-Based Point Source Characterization 

Here, we constrain CO2 and CO emission rates from a large point source emitter using 
multiple downwind plume observations enabled by a densely spaced sensor network. The 
large enhancements observed (Figure 4.2) imply that these methods could similarly detect 
and quantify emission rates from point sources with much smaller emission rates than the 
refinery. Specifically, the average CO2 enhancement observed at the closest site was ∼37 
ppm. Given that, an emission source about 15 times smaller than the refinery (∼4 kg 
s-1) would be quantifiable if the resultant plumes are distinct from other local sources and 
influences. This sets the nearest sensor to observe an enhancement of at least 2.5 ppm, which 
is 3 times the short term noise of the instrument.[130] 

The success of this method as implemented here was reliant on a large sample size. Using 
266 plume measurements across the 15 sites produced a distribution of emissions estimates. 
The large spread of this distribution is in part attributed to the errors in using modeled 
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reanalysis meteorological variables to parameterize the plume. These errors are expected to 
be symmetric, however, so while individual inferences of emissions from the measurements are 
noisy, the mean of the distribution is quite robust, as has been found in other implementations 
of the Gaussian plume model.[126] Measurements of wind and turbulence at each site would 
provide better constraints on the model and should allow for use of this model with a smaller 
sample of measurements. 

The discussion above focuses on CO2 but is generally applicable to other species. A 
multi-pollutant observing network is particularly beneficial in plume analysis, since plumes 
of differing compositions will enhance different pollutants to varying degrees. For example, 
fires produce large enhancements in PM, while ships emit large amounts of NOx.[130] These 
pollutant species can better trace out certain plumes due to lower ambient concentrations 
and larger relative sensor sensitivity in the atmosphere compared to CO2. Overall, GHG 
and AQ monitoring networks are expected to provide useful constraints on a wide variety of 
urban plumes. 

Several factors can affect the number and frequency of plume detections by a stationary 
monitoring network. In this work, typical wind patterns advected refinery plumes over the 
water and greatly limited the number of detections. Additionally, the plumes can be narrow 
and pass between sparsely placed measurement sites. While these spatial gaps are not a ma-
jor concern for continuous emissions, they impose restrictions on the observation of episodic 
events, which are often a concern for communities. For example, flaring events are shown 
to emit large amounts of air pollutants which can lead to negative health consequences for 
exposed communities, yet these events are often unplanned and difficult to monitor.[154–156] 
In such situations, a denser network would limit the likelihood of missed pollutant plumes 
regardless of meteorological conditions and can be used to provide real-time monitoring of 
these unplanned episodes. 

This method targets large point source plumes and is not the optimal approach for 
quantifying the stationary combustion emissions from the refinery. Those emissions are 
reported to account for ∼50% of total CO2 emissions from the refinery (Table C.1). The 
spatial distribution of stationary combustion emissions across the refinery site is presumably 
broad, best represented by many smaller-magnitude sources distributed across the refinery 
site which cannot be individually assessed with these methods. Emissions that are more 
distributed are better quantified with other methods, such as the inverse modeling used to 
calculate total Bay Area CO2 emissions in our other research.[82, 157] 

While the inverse model used in those papers is a widely used method and yields new 
insights into emissions, we observe that point source plumes are especially challenging to 
the framework. The sharp concentration gradients caused by large point source emitters, 
particularly in the near field of the source, can make it challenging to properly apportion 
enhancements in space at the resolution of typical inverse models (∼1-4km). One of the 
challenges is related to the resolution of the inversion grid. Based on the typical atmospheric 
conditions observed in this study, the width of a point source plume would only reach 1 
km (σy of 500 m) after travelling approximately 10 km downwind. In a 1-km inversion 
model, observations made close to the site will then greatly over- or under-estimate the true 
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pixel-wide average concentration since the plume is not yet well mixed to the grid scale. 
A similar issue arises with the temporal resolution of the model, where a 1-hour timestep 
may misrepresent the changes in wind direction that can cause sharp changes in measured 
enhancements within a 1-hour time window. Separate methods for constraining individual 
point sources may help provide greater stability to regional high-resolution atmospheric 
inversions. 

4.4 Conclusions 

Plumes from an oil refinery in Richmond, CA were measured and quantified using a dense 
sensor network, BEACO2N, with 266 plume observations made over a two-year period. The 
Gaussian plume model was used to infer emissions from these observations. Modelling the 
refinery emissions as two point sources, the total emission rate from the two sources was found 
to be 61.3 ± 6.3 kg CO2 s

-1 , agreeing with self-reported emissions in the EPA FLIGHT 
inventory and with independent Carbon Mapper measurements. Additionally, the plume 
measurements had an average CO/CO2 enhancement ratio of 2.4 ± 0.3 ppb/ppm, which 
suggests that the refinery emits roughly 3000 mt CO annually, a substantial portion of the 
region’s total CO emissions. 
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Chapter 5 

Conclusion 

As we increasingly try to understand urban emissions with greater specificity and at finer 
scales, low-cost, dense sensor networks show strong potential to supplement the existing 
observational systems for atmospheric composition. Dense sensor networks provide high 
spatial and temporal resolution data for long deployment time periods that can span entire 
cities and urban domains. Data from these networks can not only help identify emission 
sources but also disentangle sources in complex emission landscapes, providing information 
on both source location and emission processes. The BEACO2N network provides such 
data for many years over the San Francisco Bay Area, measuring both air pollutants and 
CO2, providing insights relevant both to climate change and public health goals. In this 
dissertation, I demonstrate the ability of such a network to provide useful insights into point 
source emissions within complex urban landscapes. 

In Chapter 2, I devised a time-evolving calibration method for the Plantower PMS5003, 
the PM sensor used in the BEACO2N sensor packages. The calibration uses a hygroscopic 
growth correction factor derived from κ-Köhler theory to account for particle growth due 
to ambient humidity. By comparing Plantower readings with EPA AQS reference moni-
tors, I empirically derive the hygroscopic growth factors for PM2.5 in the Bay Area and Los 
Angeles, CA in 2022 and 2023. Importantly, the hygroscopic growth factor shows strong 
seasonality, with higher values in the summer and lower values in the winter. This matches 
our expectations based on speciated particle data which shows that particulate sulfate frac-
tion peaks in the summer whereas black carbon fraction peaks in the winter. Allowing the 
hygroscopic growth factor to change smoothly and sinusoidally over the year reduced sea-
sonal biases in the measurement. Overall, the developed seasonal RH dependence calibration 
outperformed uncorrected sensor outputs and sensors calibrated with the EPA’s national cal-
ibration scheme, increasing the utility of PM2.5 measurements from the BEACO2N networks 
in the Bay Area and Los Angeles. Future work should be done to test the generalizability 
of this method to other regions of the world, given that PM composition follows distinct 
regional patterns. Additionally, this calibration assumes slow and smooth changes in PM 
composition over the year and thus is not well suited for unique pollutant events like wild-
fires, where PM composition and hygroscopicity would be quite different. Such events require 
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unique corrections to account for the changing aerosol population. 
In Chapter 3, I test the ability for a dense sensor network to constrain emissions from a 

transient pollution event. I used data from the BEACO2N network to calculate emissions 
from a small urban fire in Albany, CA in June of 2022. Using measured pollutant enhance-
ments at 1-minute time steps, I used a 2-D Gaussian model to estimate the shape of the 
pollutant plume produced from the fire and track its path across the region. With this 
model, I was able to calculate the bulk emissions of PM2.5, CO, NOx, and CO2 released by 
the fire. The novel insight brought by the network is highlighted by the fact that this event 
was not observed by satellite observations nor the EPA AQS network, and transport model 
simulations incorrectly predicted the trajectory of the fire smoke. Additionally, from this 
analysis I estimated the limit of detection (observing an event) and the limit of quantifica-
tion (calculating emission rates) for a BEACO2N-like dense sensor network, which allowed 
assessment of the utility of these networks in point source quantification. An important 
conclusion is that a multi-species network greatly increases the scope of events which can be 
studied, given that different processes have unique emission fingerprints. For example, ships 
are most likely to be detected through NOx observations, whereas fires are most apparent in 
PM2.5 or CO enhancements. Overall, I found that limits of detection and quantification are 
both highly sensitive to the density of the network as well as the sensitivity of the sensors. 

In Chapter 4, I used the BEACO2N network to constrain emissions from a continuous 
point source emitter, the Richmond Chevron Refinery in Richmond, CA. During a two-year 
period, 266 plumes were identified across nearby sites as having origins at the refinery. Us-
ing the Gaussian plume model, concentration enhancements from BEACO2N were combined 
with meteorological data to predict the CO2 emission rate from the refinery’s point sources. 
The calculated rate, 61.3 ± 6.3 kg s-1 , is in close agreement with values from both the 
EPA’s FLIGHT inventory and with independent Carbon Mapper aerial measurements at 
the site. CO enhancements were also observed, with CO/CO2 ratios varying between 0–5 
ppb/ppm. Additional analysis suggests that the two point sources being identified (the hy-
drogen production plant and the FCCU/hydroprocessing site) likely have different CO/CO2 

enhancements, with the hydrogen plant likely being an overlooked source of CO emissions 
from the refinery. The overall calculated CO emissions from the refinery point sources are 
roughly 15x larger than estimated by the city. The agreement between CO2 emissions from 
BEACO2N calculations and external sources highlights the fidelity of this method, showing 
that dense sensor networks can be used to constrain point source emissions in cities. Ad-
ditionally, the CO measurements are a novel external constraint on CO emissions from the 
refinery and suggest that current inventories may be underestimating their emissions. 

These chapters provide only a sampling of case studies for point source detection with the 
BEACO2N network, and many other sources remain as future areas for analysis. One promis-
ing area of future direction is analysis of ship emissions. The geography of the San Francisco 
Bay, alongside the presence of a major cargo port and several oil refineries, leads to a large 
volume of ship traffic with significant consequences for total air pollutant and greenhouse gas 
emissions. This is particularly pertinent for NOx emissions, which by some estimates account 
for 1/5th of the regions total NOx emissions.[158] Shipping emission inventories are reliant 
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on emission factors that likely do not reflect true conditions, and observational constraints 
on these emissions are limited and generally reserved for large ships traveling through open 
waters, where fuel sources and ship engine operations are different from near-coast opera-
tions. Networks like BEACO2N have the potential to quantify emissions from individual 
ships through ambient sampling of shipping plumes. Combined with information from the 
Automatic Identification System (AIS), observed plumes and emissions can be tied to ship 
identifications, creating a dataset that links ship type, activity, size, and emissions. This 
would allow for the construction of a detailed and observationally-constrained shipping emis-
sions inventory, a valuable asset for assessing air pollution effects and monitoring sectoral 
CO2 emissions. In a preliminary analysis over a 7 month period at a BEACO2N site on a 
pier, 110 individual ship NOx plumes were identified and assigned to specific ships. Plumes 
were observed from ships across all ship types (cargo, oil tanker, passenger, tug/tow) and 
simultaneous CO2 observations allow for the measurement of NOx/CO2 enhancement ratios, 
which appeared to be distinct by ship class. These enhancements can further be used to 
calculate emission rates with Gaussian plume modeling. Given this, the BEACO2N dataset, 
combined with plume modeling and AIS ship data, has the potential to construct a Bay 
Area-specific ship emission inventory with ship class-specific and observationally-constrained 
emission factors. Methods like these could be further extended to factories, power plants, 
airports, and other point sources in the BEACO2N domain, providing important constraints 
to total emission budgets given that large point sources often have outsized contributions to 
regional emissions. 

In this dissertation, I have demonstrated case studies in which dense sensor networks 
allowed identification and quantification of point source emissions of both air pollutants and 
CO2 and extraction of process-level insights, highlighting the many ways in which dense 
sensor networks can provide additional utility and novel information to our ever-growing 
atmospheric observing systems. In this network and the many dense networks being de-
ployed worldwide, I believe the datasets generated hold a wealth of information about urban 
emission sources, and with analytical tools like those presented here, our understanding of 
urban emissions and the urban atmosphere can be further advanced. 
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Appendix A 

Supplemental Material for “Towards a 
hygroscopic growth calibration for 
low-cost PM2.5 sensors” 

This chapter was adapted from the supplement of: Patel, M. Y.; Vannucci, P. F.; Kim, J.; 
Berelson, W. M.; Cohen, R. C. Towards a hygroscopic growth calibration for low-cost PM2.5 

sensors. Atmos. Meas. Tech. 2024, 17, 1051-1060. 

Table A.1: Summary statistics for the datasets from the Laney and LA sites for Plantower 
PM2.5 measurements (PM PM2.5, in µg/m3), BME relative humidity measurements (RH, 
%), and EPA AQS PM2.5 measurements (AQS PM2.5, in µg/m3). 

Laney LA 
Statistic PT PM2.5 RH AQS PM2.5 PT PM2.5 RH AQS PM2.5 

count 17024 17024 17024 12701 12701 12701 
mean 9.74 51.83 9.11 12.14 46.89 13.41 
std 10.58 18.79 6.34 9.86 22.88 8.39 
min 0.00 2.48 -5.0 0 1.22 -3.0 
25% 2.71 34.94 5.0 5.14 27.29 8.2 
50% 6.13 55.41 8.0 9.67 46.23 12.0 
75% 11.97 67.68 12.0 16.15 67.84 17.0 
max 73.52 100 60.0 144.51 100 265.3 
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Table A.2: Sinusoidal fitting parameters for κ, m, and the Sulfate and EC fractions at the 
Laney Site as shown in Figure 2.1. The sine wave takes the form y = a ∗ sin 2π 

365 (x − δ) + b 
where x is the day of the year and the phase shift δ has units of days. The goodness of fit 
is given by r, the Pearson Correlation between the true values and the sine wave fit. 

y a b δ r 

κ (2021) 0.286 0.498 53.3 0.73 
κ (2022) 0.242 0.366 72.8 0.86 
m (2021) 0.998 1.668 53.2 0.85 
m (2022) 0.745 1.429 73.6 0.89 

Sulfate Frac 0.046 0.091 94.0 0.63 
EC Frac 0.046 0.071 265.8 0.74 

Figure A.1: Empirically calculated κ for the Laney site (Table 1), as shown in Figure 2.1, 
alongside κ reconstructed from particle speciation data, displayed as a 4-week rolling aver-
age. Note the speciation data is not collocated with the PM2.5 measurements. An organic 
matter/organic carbon ratio of 1.6 was used to assign the organic matter fraction of the 
particle. 
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Table A.3: Monthly performance statistics for the sensor at Laney, relative to the co-located 
EPA AQS site, before and after the calibration was applied (r: Pearson Correlation Coeffi-
cient, MFB: Mean Fractional Bias, NRMSE: Normalized Root-Mean-Square Error). 

Before After 
Month r MFB NRMSE r MFB NRMSE 

Jan 2021 0.818 0.455 0.918 0.842 -0.021 0.43 
Feb 2021 0.740 -0.023 0.666 0.808 -0.101 0.529 
Mar 2021 0.711 -0.305 0.558 0.789 -0.152 0.461 
Apr 2021 0.666 -0.335 0.486 0.768 -0.087 0.343 
May 2021 0.611 -0.406 0.553 0.755 -0.145 0.365 
Jun 2021 0.728 -0.433 0.702 0.84 -0.205 0.479 
Jul 2021 0.564 -0.154 0.54 0.714 0.035 0.452 
Aug 2021 0.825 0.134 0.47 0.863 0.203 0.519 
Sep 2021 0.782 0.107 0.606 0.836 -0.021 0.543 
Oct 2021 0.727 -0.358 0.581 0.815 -0.575 0.684 
Nov 2021 0.862 0.809 1.051 0.914 -0.1 0.263 
Dec 2021 0.902 0.971 1.563 0.914 -0.004 0.425 
Jan 2022 0.886 0.925 1.157 0.924 0.202 0.363 
Feb 2022 0.862 0.446 0.896 0.896 0.187 0.555 
Mar 2022 0.622 -0.2 0.57 0.726 -0.272 0.491 
Apr 2022 0.647 -0.325 0.549 0.731 -0.201 0.459 
May 2022 0.721 -0.406 0.577 0.808 -0.208 0.427 
Jun 2022 0.674 -0.345 0.537 0.77 -0.127 0.431 
Jul 2022 0.716 -0.263 0.57 0.783 -0.112 0.5 
Aug 2022 0.741 -0.109 0.533 0.794 -0.015 0.517 
Sep 2022 0.570 -0.201 0.515 0.705 -0.211 0.453 
Oct 2022 0.728 0.123 0.556 0.764 -0.164 0.417 
Nov 2022 0.870 0.181 0.627 0.901 -0.27 0.412 
Dec 2022 0.916 0.391 0.918 0.934 -0.253 0.384 

Table A.4: Sinusoidal fitting parameters for κ, m, and the Sulfate and EC fractions at the 
LA Site as shown in Figure 2.6. The sine wave takes the form y = a∗ sin 2π 

365 (x − δ)+b where 
x is the day of the year and the phase shift δ has units of days. The goodness of fit is given 
by r, the Pearson Correlation between the true values and the sine wave fit. 

y a b δ r 

κ 0.057 0.248 34.9 0.36 
m 0.211 1.307 70.0 0.65 

Sulfate Frac 0.072 0.115 100.5 0.77 
EC Frac 0.042 0.086 267.9 0.64 
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Table A.5: Performance statistics for the sensor in LA relative to its nearest EPA AQS site 
with different calibration schemes applied (R2: Coefficient of Determination, RMSE: Root-
Mean-Square Error) 

Calibration Scheme R2 RMSE (µg/m3) 

No Calibration 0.312 6.96 
National EPA Calibration 0.116 7.89 
Seasonal RH Calibration 0.472 6.09 

Figure A.2: Measurement residuals (Sensor output – EPA AQS values) for Laney data 
without and with the seasonal RH dependence calibration, binned into 30 temperature bins. 

Figure A.3: Sensor predicted PM2.5 values versus EPA reference values for Laney site from 
2021–2022 with different correction algorithms. The non-seasonal RH dependence calibration 
uses a constant optimized κ and m value (κ = 0.311, m = 1.02) rather than values changing 
sinusoidally in time (Figure 2.1). Performance metrics are the Coefficient of Determination 
(R2), root-mean-square error (RMSE), and mean bias. 
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Figure A.4: Reproduction of Figure 2.4 with bad air quality days (Aug 20 – Sep 16, 2021) 
removed. Sensor predicted PM2.5 values versus EPA reference values for Laney site from 
2021–2022 with different correction algorithms. Performance metrics are the Coefficient of 
Determination (R2), root-mean-square error (RMSE), and mean bias. 

Figure A.5: Calculated calibration parameters for two co-location sites in the Bay Area, CA: 
Laney and EBMUD (Table 2.1). 
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Figure A.6: Pairwise differences of 17 Plantowers from two different manufacturer batches 
from 2 months of co-location in lab show that instrument noise is about 1 µg m–3 , similar 
to the manufacturer’s reported uncertainty. Analysis by size bin shows that the uncertainty 
is an absolute uncertainty of about 0.5 µg m-3 with an added relative uncertainty of about 
15%. 

Figure A.7: Empirically calculated κ for the Los Angeles site (Table 2.1), as shown in Figure 
2.6, alongside κ reconstructed from particle speciation data, displayed as a 4-week rolling 
average. An organic matter/organic carbon ratio of 1.6 was used to assign the organic matter 
fraction of the particle. 
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Appendix B 

Supplemental Material for “Plume 
Detection and Emissions 
Quantification Potential Using a 
Dense Sensor Network” 

This chapter was adapted from the supplement of: Patel, M. Y.; Zhu, Y.; Winter, A. R.; 
Asimow, N. G.; Cohen, R. C. Plume Detection and Emissions Quantification Potential Using 
a Dense Sensor Network. ACS EST Air 2025, 2, 1099-1106. 
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Figure B.1: PM2.5 and CO enhancements at site 23 shown in blue, with the baseline fit shown 
as the grey line, fitted to data outside the shaded region. Enhancements are calculated at 
the time indicated by the grey dashed line. 
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Figure B.2: Fire location and the trajectory from the plume (x0 and y0 from the Gaussian 
equation) from the Gaussian fitting of the concentrations. 
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Figure B.3: BEACO2N sites in the region of interest. Sites with site ID labeled observed the 
smoke plume. 
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Figure B.4: Cumulative PM2.5 concentrations for the fitted Gaussian model (left) and from 
NOAA HYSPLIT Dispersion model (right). 
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Appendix C 

Supplemental Material for “Using 
Network Observations to Constrain 
CO and CO2 Emissions from an Oil 
Refinery in the San Francisco Bay 
Area” 

This chapter was adapted from the supplement of: Patel, M. Y.; Asimow, N. G.; Win-
ter, A. R.; Zhu, Y.; Cohen, R. C. Using Network Observations to Constrain CO and CO2 

Emissions from an Oil Refinery in the San Francisco Bay Area. JGR Atmos. 2026, 131, 
e2025JD045035. 

Text C1. Chevron Richmond Refinery Site and Operations 

While the oil refining process is interconnected, the Chevron Richmond refinery site contains 
several process-specific sections as shown in Figure C.1 below.[140, 141] Region 1 is where 
the sulfur recovery occurs. Gases with high hydrogen sulfide concentrations are treated 
to reduce the emissions of hydrogen sulfide compounds into the atmosphere. Region 2 is 
where the hydroprocessing and fluid catalytic cracking units (FCCUs) are located. FCCUs 
use heat, pressure, and catalysts to convert heavy hydrocarbon molecules into lighter ones. 
Hydroprocessing includes the use of hydrogen gas to facilitate this process. Region 3 is 
the hydrogen production plant, where steam-methane reforming (SMR) is used to convert 
methane to hydrogen gas. Hydrogen gas is used for hydroprocessing and desulfurization. 
Region 4 is where distillation and reforming occurs. Distillation is the process of separating 
fuel components into different products based on their boiling points. Reforming is a process 
using heat and pressure to convert naphtha, one of the distillation fractions, into a gasoline 
component. 
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Map Data: Google Imagery @2025 Airbus, Maxar Technologies, Vexcel Imaging US, Inc. 
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Figure C.1: Map of the Chevron Richmond Refinery, with regions corresponding to sectors 
in Table C.1 

The US EPA requires large facilities to report emissions of greenhouse gases. This data is 
found in the EPA’s Facility Level Information on GreenHouse gases Tool (FLIGHT).[111] The 
information is provided with sectoral breakdown, as shown in Table C.1. The largest emission 
source is from stationary fuel combustion; however, it is not clear where this process happens 
and if it is distributed or concentrated. The other two large CO2 emission sectors, fluid 
catalytic cracking units (FCCUs) and hydrogen production, can both be spatially located 
and produce large identifiable plumes. The marked locations of these emission sources are in 
agreement with aerial measurements of CO2 plumes found by Carbon Mapper (Table C.3). 

Text C2. Plume Height Estimation 

To determine the height of the emission sources, satellite imagery was used to measure the 
length and azimuthal angle of the shadows cast by the emission stacks, which can be used 
to determine the height of the stack. The height of the stack, h, is related to the length of 
the shadow, d, through the equation: 

h = d tan θs 
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Table C.1: Richmond Chevron Refinery Sectors and Reported CO2 Emissions from the EPA 
FLIGHT Inventory (mt = metric tons) 

Map Identifier Sector CO2 Emissions (2023) 

1 Sulfur Recovery 14,980 mt 
2 Refining: FCCUs and Hydroprocessing 792,918 mt 
3 H2 Production 1,225,083 mt 
4 Refining: Distillation and Reforming 90 mt 
– Stationary Fuel Combustion 2,300,394 mt 

where θs is the solar zenith angle. The solar zenith angle can be determined from the 
azimuthal angle of the shadow, ϕs, with the equation: 

θs = sin−1 

 
sin δ  

cos2(ϕs) cos2(Φ) + sin2(Φ) 

 

− tan−1 

 
sin Φ 

cos ϕs cos Φ 

 

where Φ is the angle of latitude and δ is the declination of the sun, which is a function of 
the day of the year, N, and can be approximated as: 

δ ≈ −23.44 ◦ ∗ cos 

 
360◦ 

365 
∗ (N + 10) 

 

The stack heights were measured at multiple stacks with visible emissions, which were found 
to correspond to Carbon Mapper plume origin locations. These locations in regions 2 and 
3 of Figure C.1 are shown in Figure S2, with the corresponding calculated heights shown in 
Table C.2. The average across all 7 measured stacks is about 17.7 m. The two stacks at 
the hydrogen production plant are taller than the stacks in the refining section. However, 
as shown in Figure C.3, the analysis is highly insensitive to the choice in emission height, so 
this difference is unlikely to impact any of the analyses. Additionally, the emission height 
used in the Gaussian plume model should account for plume rise, though this will depend 
on several unknown factors, including the vertical velocity and source temperature of the 
emitted gas. Given the insensitivity of the analysis to the chosen source height (Figure C.3), 
the true plume rise is not considered further, and we instead use 20 m as an estimated 
average emission source height. 

Additional Tables and Figures 
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Map Data: Google Imagery @2025 Airbus, Maxar Technologies, Vexcel Imaging US, Inc. 
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Figure C.2: Location of plume stacks in regions 1 (left) and 2 (right) as designated in Figure 
C.1. 

Table C.2: Calculated stack heights for the stacks numbered in Figure C.2 using shadow 
lengths and directions from satellite imagery taken on different days. Omitted values are from 
instances when the shadow was not well defined, typically due to surrounding obstructions. 

Stack # May 12, 2023 June 28, 2022 Feb 11, 2022 Mean 

1 15.1 m – 10.8 m 12.9 m 
2 8.5 m 11.4 m 7.8 m 9.2 m 
3 – – 15.8 m 15.8 m 
4 10.4 m 11.6 m – 11.0 m 
5 6.2 m 7.2 m – 6.7 m 
6 – 33.1 m 34.0 m 33.5 m 
7 – 33.6 m 36.6 m 35.1 m 
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Figure C.3: Distribution of the emission rate estimated from the Gaussian plume model and 
multi-point source correction under alternative parameter scenarios (in green), with the base 
case (in black) as comparison. Top Row: On the left, windspeed is increased or decreased 
by different amounts compared to HRRRv4 model outputs, with the unaltered output used 
in this analysis. On the right, and are scaled up and down from the default parameterization 
used in this analysis. Bottom Row: On the left, the PBL height is scaled from HRRRv4 
model outputs, with the unscaled output used in this analysis. In the middle, the emission 
height H is varied from 10 to 160 m, with 20 m being the value used in the analysis. On the 
right, y is varied from 0 to 500 m with y=0 being the default value used in the analysis. 
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Table C.3: CO2 Plumes at the Chevron Richmond Refinery Identified and Quantified by 
Carbon Mapper.[146] Regions are defined in Figure C.1 Multiple plumes measured in the 
same region at the same time were combined. 

Location Date and Time Emission Rate (kg CO2/hr) 

2 May 14, 2022 19:45 UTC 63,300 ± 17,000 
2 May 14, 2022 19:40 UTC 85,400 ± 21,500 
2 Oct 5, 2018 19:01 UTC 56,100 ± 24,100 
2 Oct 5, 2018 19:49 UTC 199,700 ± 73,800 

3 May 14, 2022 19:45 UTC 93,700 ± 16,600 
3 May 14, 2022 19:40 UTC 117,900 ± 28,300 
3 Sep 18, 2020 22:39 UTC 123,300 ± 15,400 
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Figure C.4: Examples of coincident plume measurements for different sets of BEACO2N 
sites that linearly extend from the refinery site. Background map credits: © Stadia Maps 
(stadiamaps.com), © Stamen Design (stamen.com), © OpenMapTiles (openmaptiles.org), 
© OpenStreetMap (openstreetmap.org/copyright). 

https://openstreetmap.org/copyright
https://openmaptiles.org
https://stamen.com
https://stadiamaps.com
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Figure C.5: Example of coincident plume measurements for different sets of BEACO2N 
sites that are consistent with a plume extending from the refinery rotating across the 
network. Background map credits: © Stadia Maps (stadiamaps.com), © Stamen 
Design (stamen.com), © OpenMapTiles (openmaptiles.org), © OpenStreetMap (open-
streetmap.org/copyright). 

https://streetmap.org/copyright
https://openmaptiles.org
https://stamen.com
https://stadiamaps.com
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