UC Berkeley

UC Berkeley Electronic Theses and Dissertations

Title
Constraining NOx and CO Emission Factors from Urban Transportation and Residential
Heating Using Dense Sensor Network Observations

Permalink
https://escholarship.org/uc/item/3v78669d

ISBN
9798189270826

Author
Zhu, Yishu

Publication Date
2026-05-01

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/3v78669c
https://escholarship.org
http://www.cdlib.org/

Constraining NO, and CO Emission Factors from Urban Transportation and Residential
Heating Using Dense Sensor Network Observations
by

Yishu Zhu

A dissertation submitted in partial satisfaction of the
requirements for the degree of
Doctor of Philosophy
in

Earth and Planetary Science

in the
Graduate Division

of the

University of California, Berkeley

Committee in charge:

Professor Ronald C. Cohen, Chair
Professor Joshua S. Apte
Professor Inez Fung

Spring 2026



Constraining NO, and CO Emission Factors from Urban Transportation and Residential
Heating Using Dense Sensor Network Observations

Copyright 2026
by
Yishu Zhu



Abstract

Constraining NO, and CO Emission Factors from Urban Transportation and Residential
Heating Using Dense Sensor Network Observations

by
Yishu Zhu
Doctor of Philosophy in Earth and Planetary Science
University of California, Berkeley

Professor Ronald C. Cohen, Chair

Cities are dominant sources of air pollutants and greenhouse gases, with transportation
and residential combustion representing two major sectors. Yet urban emissions are rarely
observed at the spatial resolution needed to resolve source heterogeneity or evaluate the effi-
cacy of local emission reduction efforts. As a result, persistent discrepancies remain between
activity-based emission inventories and estimates derived from atmospheric observations,
with unknown uncertainties across sectors. Seeking to address that gap, I developed and ap-
plied an analytical and calibration framework that leverages dense networks of miniaturized
sensors to infer sectoral emission factors in cities and diagnose biases in current emission
inventories.

Dense urban sensor networks, such as the Berkeley Environmental Air Quality and CO,
Network (BEACO,N) used in this study, have unveiled fine-scale spatial variability in at-
mospheric composition that was previously unresolved due to the limited spatial density of
traditional observing systems. This new observational capability also raises a new challenge:
how to translate dense concentration measurements into quantitative constraints on emission
sources. In the first part of this work, I developed an analytical approach to inferring trans-
portation and residential heating emission factors in the San Francisco (SF) Bay Area. The
framework models their decay away from major highways using a simplified transport scheme
and interprets spatial patterns in enhancement ratios (ERs), where enhancements are de-
fined as the difference between measured concentrations and a network-derived background
(i.e., ANO,/ACO2 and ACO/ACO;). Comparing the inferred emission factors with those
assumed in existing inventories revealed systematic differences, particularly for residential
NO, emissions.

Ensuring accurate and consistent sensor measurements across diverse urban settings presents
a second challenge, as co-located reference instruments are often sparse or absent depending
on deployment location. To address this limitation, the second part of the dissertation de-



veloped a physically grounded calibration strategy designed for dense sensor networks. The
method combines multi-variable linear regression with constraints from atmospheric chem-
istry, specifically the NO-Oj3 titration events that frequently occur in urban environments.
This calibration framework enables robust measurement of multiple pollutants while mini-
mizing dependence on co-located reference instruments, thereby providing a scalable pathway
for maintaining measurement accuracy in large urban sensor networks at manageable cost.

Equipped with the analytical and calibration frameworks developed above, I applied them
in the third part of this dissertation to multiple U.S. cities where BEACO,;N observations
were established—the SF Bay Area, CA, Los Angeles, CA, and Providence, RI—to track
and assess how urban emissions vary across space and time under differing infrastructure,
energy use patterns, and regulatory implementations, an area that still requires further at-
tention from the research community. Transportation emissions were broadly consistent
with inventory expectations, while residential heating emissions showed larger discrepancies.
Inventories overestimated residential NO, emission factors by a factor of 2-3, and residen-
tial CO emission factors exhibited inter-city variability. These results identify distributed
residential combustion as a major remaining uncertainty in urban emission inventories and
highlight the value of dense sensor networks for diagnosing sector-specific emissions across
diverse cities.

Together, this dissertation demonstrates that dense urban sensor networks, combined with
scalable and physically grounded calibration, provide the observational resolution needed to
refine emission inventories and inform city air quality and climate actions.
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Chapter 1

Introduction

1.1 Urban Emissions, Emission Factors, and the
Central Question

Fossil fuel combustion in cities produces both air pollutants—nitrogen oxides (NO, ), carbon
monoxide (CO), and particulate matter—and the greenhouse gas carbon dioxide (COs,).
Because more than half of the global population now lives in urban areas, and because cities
concentrate transportation, building energy use, and industrial activity within relatively
small footprints, urban combustion sources exert an outsized influence on both regional air
quality and global climate forcing [1, 2, 3, 4]. Among these sources, on-road transportation
and residential heating are especially important: they are spatially distributed throughout
the urban fabric, difficult to measure directly, and central to policies aimed at improving air
quality and reducing greenhouse gas emissions [5, 6, 7]. Accurate and current quantification
of emissions from these sectors is therefore essential not only for tracking progress toward
climate goals, but also for evaluating whether the anticipated co-benefits for public health
are being achieved.

Urban emissions are commonly represented through inventories that have historically de-
veloped along two largely separate paths. Air pollutant inventories, such as those produced
by the U.S. Environmental Protection Agency National Emission Inventory (NEI) and the
California Air Resources Board (CARB), are designed to support air quality management
and are typically updated on multi-year cycles [8]. Greenhouse gas inventories, including re-
search products such as Vulcan, Hestia, ACES, and the more recent GRA2PES, provide CO,
estimates at spatial resolutions of 1-10 km and have emerged primarily from the research
community [9, 10, 11, 12, 13]. Despite their different policy contexts, both traditions rely
on the same general accounting structure: emissions are estimated by multiplying activity
data—such as vehicle miles traveled or therms of natural gas consumed—Dby emission factors
that describe the amount of pollutant released per unit of activity [14]. While emissions from
large point sources can often be tied to direct facility-level measurements and remain reason-
ably current, distributed urban sources such as vehicles and residential heating appliances are
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more difficult to constrain. Their representation in inventories depends heavily on assumed
emission factors and source allocations that may not reflect the conditions, technologies, or
fuel mixes actually present in a given city at a given time [15, 16, 17, 18, 19].

Emission factors are not merely accounting parameters; they are also physical descriptors
of combustion processes. The ratio of a co-emitted pollutant to CO,—expressed, for exam-
ple, in ppbv of NO, per ppmv of COs—encodes information about combustion temperature,
fuel type, installed technology, and the overall source mixture contributing to an observation
20, 21]. These quantities vary across vehicle classes, engine operating conditions, appliance
types, fuel compositions, and regulatory environments [22]. A single emission factor assigned
to a broad sector in an inventory may therefore fail to represent the actual source mixture
in a particular city or neighborhood. When those values are inaccurate or not locally rep-
resentative, the resulting inventories inherit the bias—mnot only in the total emissions they
report, but also in how they distribute emissions across sectors and across space [23].

This dissertation asks whether dense urban atmospheric observations can provide robust,
observation-based constraints on transportation and residential emission factors for NO, and
CO, and whether those constraints can be extended consistently across cities with different
climates, vehicle fleets, and residential fuel mixes. It addresses that question by combining
multispecies enhancement-ratio analysis with dense sensor network observations, while also
confronting a critical prerequisite for quantitative NO, inference: preserving the fidelity
of network NO, measurements through physically constrained calibration. The sections
that follow provide the observational, analytical, and methodological background needed to
motivate and contextualize this work.

1.2 Observational Approaches to Constraining Urban
Emissions

Over the past decade, several observational approaches have emerged to improve fine-scale
mapping of urban air pollution and greenhouse gases beyond what conventional regulatory
monitoring provides [24, 25, 26, 27]. Satellite remote sensing now offers broad spatial cov-
erage of column-integrated NOy and CO,, but remains limited in temporal resolution, in
sensitivity to near-surface sources, and in its ability to resolve intra-urban gradients at the
neighborhood scale [28, 29, 30, 7]. Mobile monitoring platforms—including dedicated labo-
ratory vehicles and fleet-based sensor deployments—can achieve very high spatial resolution
along driven routes, but their temporal sampling is sparse and irregular, making it difficult
to capture the diurnal, weekly, and seasonal variability needed to distinguish source sectors
[31, 32, 33]. Dense stationary sensor networks take a different approach: they deploy tens
to hundreds of fixed, low-cost measurement nodes at roughly 1-3 km spacing across a city,
providing continuous multispecies observations that resolve both persistent spatial gradients
and rapid temporal fluctuations [34, 35, 36, 37]. Each platform addresses a different part of
the observational gap, but dense stationary networks are especially well suited to the analy-
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ses in this dissertation because they provide the combination of neighborhood-scale spatial
resolution and continuous temporal coverage needed to track distance-dependent emission
gradients, seasonal changes in source composition, and contrasts between transportation and
residential sectors over extended periods.

The analytical power of dense networks becomes especially clear when their observa-
tions are interpreted through enhancement-ratio analysis. Pollutants such as NO, and CO
are co-emitted with COy during fossil fuel combustion, and the ratio of their atmospheric
enhancements—AX/ACO,, where X is NO, or CO—is approximately conserved during
atmospheric transport and dilution because background subtraction and mixing affect the
numerator and denominator similarly [38, 39, 40, 41]. This ratio therefore serves as an obser-
vational proxy for the effective emission factor of the local source mixture, linking ambient
concentration measurements directly to emission characteristics without requiring a full at-
mospheric transport inversion. Previous studies have used enhancement ratios at individual
regulatory monitoring stations to track long-term trends in fleet-average on-road emission
factors [39, 40], at near-road sites and along roadway transects to separate contributions from
different vehicle classes [16, 17], and from eddy-covariance flux towers to evaluate city-scale
inventory totals [42]. However, most of these applications sample a limited range of source
types at one location and cannot resolve how enhancement ratios vary spatially across the
roadway and residential sectors within an urban area. Combining enhancement-ratio analy-
sis with a spatially distributed dense network makes it possible to distinguish sector-specific
emission signatures—separating the near-highway transportation signal from the distributed
residential background—rather than inferring only a single citywide average.

1.3 Calibration as a Scientific Prerequisite

The scientific value of dense sensor networks depends on calibration quality, and this de-
pendence is especially acute for reactive trace gases measured by low-cost electrochemi-
cal sensors. These instruments are subject to cross-interference from co-occurring species,
temperature-dependent sensitivity, and long-term drift [43]. Among the species considered
in this dissertation, NO, presents the greatest calibration challenge: the Alphasense NO,-
B43F electrochemical cell is sensitive to interference from Oz and NO, exhibits nonlinear
temperature-dependent gain, and can drift over deployment periods of months to years. At
the same time, NOs is one of the most important species for this work, because the NO, /CO4
enhancement ratio is a central diagnostic of source composition and combustion conditions.
If the calibrated NOy signal does not faithfully represent the true atmospheric variability,
the enhancement-ratio analyses that underpin this dissertation are directly compromised.
Previous work has advanced electrochemical sensor calibration from colocated multivari-
ate linear regression, in which each sensor is trained against a reference instrument at the
same site, toward remote-transfer and network-coherence-based approaches that extend cal-
ibration to nodes distributed across a city [44, 45]. These methods have enabled long-term
deployment of dense networks even when most nodes cannot be permanently colocated with
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reference monitors. The Berkeley Environmental Air-quality and COy Network (BEACO2N)
calibration framework, for instance, achieves R? = 0.66 and RMSE = 3.16 ppb for remotely
calibrated NOy over a full year using network-coherence-based training-hour selection and
rolling multivariate regression [45]. Multi-year evaluations further show that the Alphasense
electrochemical sensors maintain stable performance over deployments of three years or more,
indicating that the remaining calibration errors reflect limitations of the calibration model
rather than rapid sensor degradation [46]. An important remaining limitation is that un-
resolved nonlinear gain behavior in the NOy sensor compresses the dynamic range of the
calibrated signal: a single linear sensitivity coefficient fit across the full range of operating
temperatures necessarily represents only an average response and systematically attenuates
both positive and negative departures from the mean [43]. This is not simply a technical
inconvenience. The analyses in this dissertation depend not only on recovering the correct
mean NOs concentration, but on preserving the real spatial and temporal variability in NO,
needed for enhancement-ratio-based emission-factor inference.

The atmosphere itself can provide physically meaningful calibration information that
statistical regression alone cannot recover. After sunset, the gas-phase reaction of NO with
O3 drives a near-1:1 stoichiometric exchange in which each molecule of O3 consumed produces
approximately one molecule of NO, [47]. If the calibrated NO, signal carries a multiplicative
gain error, the observed ratio ANOy/(—AOQOj3) during these nocturnal titration events will
depart systematically from unity, directly diagnosing the temperature-dependent gain bias
that a linear model leaves unresolved. Earlier work showed that titration chemistry can
provide useful calibration constraints for BEACO,N sensors through zero-offset estimation
[44]. This dissertation extends that principle from offset estimation to gain diagnosis and
uses the titration-derived gain curve as the foundation of a physically constrained calibration
framework developed in Chapter 3. That framework strengthens the quantitative basis for
the emission-factor analyses in the surrounding chapters.

1.4 From Bay Area Inference to Cross-City
Evaluation

The San Francisco Bay Area provides the initial development site for the observational
emission-factor framework in this dissertation. The BEACO,;N network in the Bay Area
is the most mature deployment, with approximately 50 sensor nodes operating since 2012
at roughly 2 km spacing [35, 48]. The region features strong spatial gradients between
major highway corridors and adjacent residential neighborhoods, a residential heating sector
dominated by natural gas, and a moderate maritime climate. Prior studies using this network
have quantified urban CO, emissions through inverse modeling [49, 50], tracked multi-year
emission trends, and detected CO4 reductions associated with vehicle electrification [51, 52,
53]. These characteristics make the Bay Area an ideal setting in which to develop and
demonstrate an enhancement-ratio-versus-distance framework for separating transportation
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and residential emission signatures.

A single-city result, however well characterized, cannot establish whether inferred dis-
crepancies with inventories are locally contingent or reflect more general features of how
inventories parameterize distributed combustion sources. Extending the analysis to Los
Angeles and Providence, Rhode Island, introduces experimental contrasts that test both
the portability of the framework and the generality of its findings. Los Angeles shares the
Bay Area’s natural-gas-dominated residential fuel mix but differs markedly in urban form,
traffic patterns, and network geometry. Providence introduces a different residential fuel
composition—with appreciable fractions of fuel oil and liquefied petroleum gas in addition
to natural gas—together with a colder winter climate and stronger heating demand. These
contrasts make it possible to distinguish results that are reproducible across gas-dominated
cities from those that respond to fuel mix, climate, or deployment configuration. The phys-
ically constrained NO, calibration for non-colocated sites developed in Chapter 3 is what
makes internally consistent NO, comparisons across all three cities possible.

Comparison with gridded emission inventories is a unifying theme across the dissertation,
but the goal is not simply to ask whether inventories are biased high or low in aggregate.
A deeper question is whether they correctly represent the source partitioning and local
source mixtures resolved by the dense network, as well as the processes that govern how
emissions respond to changing societal and environmental conditions. The two species ex-
amined here provide complementary leverage in this evaluation: NO, enhancement ratios
are governed primarily by combustion temperature and fuel type, making them especially
sensitive to whether the inventory represents local source composition correctly, whereas CO
enhancement ratios depend more strongly on combustion completeness and on whether CO-
producing sources are allocated to the same sector sampled by the observations. Together,
these tracers help distinguish composition-related inventory mismatches from allocation-
related ones, an interpretive framework developed fully in Chapter 4.

1.5 Aims and Chapter Overview
This study has three linked aims:

1. Develop and apply an observational framework based on multispecies enhancement ra-
tios and spatial gradients to infer transportation and residential NO, and CO emission
factors from dense urban sensor network observations.

2. Develop a physically constrained NO, calibration approach for electrochemical sensors
in dense urban networks that resolves nonlinear temperature-dependent gain errors
and preserves the atmospheric variability required for quantitative emission-factor in-
ference.
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3. Test the generalizability of the observational framework across multiple cities and evalu-
ate how inferred source-specific emission factors compare with current gridded emission
inventories.

Chapter 2 develops the enhancement-ratio-versus-distance framework in the San Fran-
cisco Bay Area and uses it to infer sector-specific NO, and CO emission factors for on-road
transportation and residential heating. Comparison with the CARB and GRA?PES invento-
ries reveals that transportation emission factors are broadly consistent with inventory values,
whereas the residential NO, emission factor is a factor of four lower than current inventory
estimates. That result raises the question of whether the discrepancy is specific to the
Bay Area or reflects a more general feature of residential-emission parameterization. Chap-
ter 3 addresses the calibration prerequisite underlying reliable cross-city NO, comparison
by developing a physically constrained framework that preserves NO, dynamic range across
deployments without requiring permanent colocation with reference instruments. Chap-
ter 4 extends the emission-factor analysis to three cities—the Bay Area, Los Angeles, and
Providence—using gain-corrected observations from Chapter 3. It tests whether the obser-
vational framework is portable across different urban settings and uses the dual NO,/CO
comparison to distinguish composition-related from allocation-related mismatches between
observed and inventory-based emission factors.

Together, these chapters demonstrate how dense urban observing networks can move
beyond qualitative pollution mapping toward quantitative, city-resolved evaluation of trans-
portation and residential emissions, inventory structure, and policy-relevant changes in urban
combustion sources.



Chapter 2

Observational Inferences of NO, and
CO Emission Factors for Vehicles and
Homes in the San Francisco Bay Area

The chapter was adapted from: Y. Zhu et al. “Observational Inferences of NO, and CO
Emission Factors for Vehicles and Homes in the San Francisco Bay Area”. ACS ES&T
Air 2.8 (Aug. 2025), pp. 1478-1487. issn: 2837-1402, 2837-1402. doi: 10.1021/acsestair.
5¢00004. url: https://pubs.acs.org/doi/10.1021/acsestair.5c00004

2.1 Introduction

The substantial urban share of air pollutants and greenhouse gases (GHGs) emissions origi-
nating from fossil fuel combustion is expected to undergo rapid change in the coming decades
[1, 2, 3, 4]. Cities are leading efforts to mitigate air pollution and prepare for climate change
by implementing policies that promote a transition to lower emissions of air pollutants and
GHGs [5, 6, 7, 54]. Emissions from urban sectors such as transportation, building energy,
and industrial processes vary drastically across space and time due to the complex distribu-
tion of sources and associated activity levels within cities. Accurate quantification of these
emissions and tracking their changes in response to specific policies enable the evaluation of
policy effectiveness. Such observational assessments are essential to verify that anticipated
reductions in GHG emissions, along with co-benefits for public health and reduced disparities
in air pollution exposure, are achieved as intended.

Urban emission inventories for air quality and GHGs in the U.S. have historically pro-
ceeded along separate paths, with few exceptions, such as the recent release of GRA2PES [13].
Air pollutant inventories are generally produced by national, state, or local governments to
guide air quality improvements [8]. For instance, the U.S. Environmental Protection Agency
National Emission Inventory (NEI) is provided at the county level with updates every three
years since 1970. In contrast, city-scale GHG inventories are typically not supported by na-
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tional agencies and are primarily developed by the research community. Inventories such as
VULCAN (The Vulcan Project, North Arizona University), HESTIA (The Hestia Project,
North Arizona University), ACES (Anthropogenic Carbon Emissions System, North Amer-
ican Carbon Program), and GRA?PES (The GReenhouse gas And Air Pollutant Emissions
System, National Institute of Standards and Technology) have recently emerged, offering an-
nual CO, estimates at 1-10 km resolution [9, 10, 11, 12]. Efforts to build emission inventory
estimates are commonly divided into two major approaches: activity-based and observation-
based [14]. Activity-based approaches estimate emissions by multiplying emission factors
(EFs) by corresponding activity data. EFs, representing the amount of pollutant released
per unit of activity (e.g., g COy per mile traveled or per therm of gas consumed), are thus
foundational to these accounting methods. Many existing inventories are activity-based, and
one key limitation is that the traceability of emissions to observational data differs. While
emissions from large point sources can often be tied to direct measurements and remain
up to date, emission estimations on mobile and other distributed sources rely on EFs and
activity proxies that may be changing over time and thus require extrapolation from the
date of inventory preparation to estimate current emissions. In contrast, observation-based
approaches use ambient atmospheric measurements to infer emissions directly.

Atmospheric concentration measurements provide an objective and consistent evaluation
of inventories when linked to emissions through an appropriate model. Nevertheless, discrep-
ancies among emission inventories persist [18, 19]. For example, there has been extensive
discussion about the bias in inventory estimates for on-road traffic emissions [15, 16, 17,
23]. These discrepancies are particularly notable in cities, where emissions and concentra-
tion profiles vary significantly on fine spatial scales and where understanding the impacts of
urban emissions on public health is especially important because of high population density
[55, 56, 57, 58].

Over the past decade, several innovative techniques have emerged to improve fine-scale
mapping of air pollution and GHGs. These include: (i) dense stationary networks, (ii)
mobile monitoring, and (iii) satellite remote sensing [24, 25, 26, 27, 31, 32, 30, 7, 28,
29]. Among these new techniques, dense stationary networks offer the distinct advantage
of providing multi-species continuous temporal information while simultaneously capturing
spatial patterns at high resolution [34, 35, 36, 37, 33]. This capability is particularly valu-
able for tracking temporal variations across daily, seasonal, and multi-year timescales with
neighborhood-level details. By combining measurements of multiple chemical species, ob-
servational constraints on sectoral emissions can be developed based on the characteristic
EFs of different sources [59, 42]. For example, NO, EFs (defined as ratios to CO;) from
heavy-duty trucks are much higher than NO, EFs from passenger cars due to differences in
combustion conditions and emission control technologies (see Table 1) [22].

Here, we use observations from the Berkeley Environmental Air Quality and CO, Network
(BEACO;,N), a ~2 km-spaced multipollutant monitoring network, to map the distribution of
observed enhancement ratios (ERs, i.e., ANO,/ACO, and ACO/ACO,) in the San Francisco
(SF) Bay Area and examine the spatial and seasonal patterns of these ratios. We organize
the observed ERs by distance from highways (as done previously to assess transportation
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CO4 emission rates[51, 52]), which allows us to derive observational estimates for NO, and
CO EF's from vehicles and residential homes in the region.

2.2 Materials and Methods

In Section 2.1, we discuss the BEACO,;N measurements of NO, NO,, CO, and CO,. In
Section 2.2, we describe the calculation of ERs based on these measurements. In Section 2.3,
we provide a brief overview of the ancillary datasets used in this analysis, including vehicle
miles traveled (VMT), natural gas usage, wind data, and emission inventories.

2.2.1 BEACO3;N Measurements

Hourly-averaged BEACO,;N measurements from approximately 40 locations in the SF Bay
Area that were active for most of 2022 were used in this analysis. NO, NO,, and CO
were measured by Alphasense electrochemical gas sensors: NO-B4, NO,-B43F, and CO-
B4. CO, was measured by a non-dispersive infrared CO, sensor: Vaisala CarboCap GMP
343. Figure 2.1 displays a map of BEACO;N site locations and measurement time se-
ries. Approximately 75% of the BEACO3N sensor nodes are mounted on one-story school
rooftops, with inlet heights around 4 meters above ground level. The remaining sites
are located on multi-story buildings, such as museums or municipal buildings, with inlet
heights ranging from approximately 12 to 16 meters. The data are transmitted in real
time through Wi-Fi or collected manually using a cellular hotspot and are publicly avail-
able (https://beacon.berkeley.edu/). Winter et al. provides details on the calibration
and performance evaluation of Alphasense sensors in the field [45]. For NO, NO,, and
CO sensors, uniform periods in concentrations across the network were leveraged to train
multivariate linear regression models for calibration at each site. The calibration models in-
cluded terms for the target analyte, cross sensitivities to interfering species, and zero-offset
corrections with respect to temperature and relative humidity. Measurement accuracy was
estimated at 1.1 ppbv, 2.4 ppbv, 20.2 ppbv, and 1 ppmv for NO, NO,, CO, and CO,, re-
spectively [45, 60]. Measurement precision was 1.6 ppbv for NO, 3.2 ppbv for NOy, 33.3
ppbv for CO, and 1.6 ppmv for COs, based on a 1-hour averaging period. Further details of
BEACO;N instrumentation, descriptions of CO4 and aerosol particle sensor calibration, and
quality assurance (QA)/quality control (QQC) methods are available in previous publications
(35, 48, 61].

2.2.2 Enhancement Ratio Calculation

Enhancement ratios of co-emitted species are conserved at spatial and temporal scales in
urban settings and are independent of atmospheric dilution into background air, which makes
them robust quantities linking dense sensor network data to emission information [38, 39, 40,
41]. The slope of the best-fit line between ACO5 and its co-emitted species AX represents
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Figure 2.1: The location of BEACO;N sites (left panel) in the SF Bay Area and time series
(right panel) of (a) NO, (b) NO, (c¢) CO, and (d) CO, measurements from September
2021 to April 2023. All available observations in the BEACO;N network are shown as
gray dots, while median values of the network for 1-hour time bins are shown by the solid
lines. Background map credits: (C) OpenStreetMap (https://www.openstreetmap.org/
copyright) contributors; (C) CARTO (https://carto.com).

the enhancement ratio at each location. This observed ratio essentially reflects the ER of
species X to CO., integrated across all sectors and as detected by the site (Equation 2.1),
where X denotes either NO, or CO.

AX . X measured — X background
AC()2 CO2,measured — CO2,background

The measurement uncertainties for CO5 are comparable to those of CO and NO,, neces-
sitating the use of bivariate least-squares linear regression analysis, which considers errors in
both variables, to determine the ERs of NO, and CO with respect to CO4 (i.e., ANO, /ACO,
and ACO/ACO,) [62, 63, 64, 65]. Data for enhancement ratio calculations were chosen to
be within selected ranges of wind direction and time of day. A modified interquartile range
method was adopted to exclude time periods reflecting exceptional events (e.g., wildfires,
cross-validated against CAL FIRE incident reports, https://www.fire.ca.gov/incidents,
accessed 2024-10-06) [66], resulting in the removal of less than 0.5% of the data. Concen-
tration enhancements are defined as the differences between measured concentrations and
background concentrations. Background concentrations were estimated using the lowest 5th

= ERX,integrated (2 1)
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percentile of the network measurements for each hour within a 4-week moving window.

The influence of background choice on ER fitting has been discussed widely in the liter-
ature. The lowest 5th percentile method used here has been shown to work well in urban
areas in prior urban studies and is well-suited for dense networks like BEACO,;N, where a
subset of sites typically samples upwind or cleaner air [41, 67, 68, 69, 42]. Enhancement
ratio pairs with squared Pearson correlation coefficient (r?) values below 0.5 were excluded
(i.e., 5 out of 25 sites reporting NO, ratios and 12 of 33 sites reporting CO ratios were
not included). This threshold was consistent with previous urban emission studies and was
set to ensure that the results reflect strong co-variation between CO5 and NO, or CO en-
hancements [41, 70]. Sites with lower r? values were typically influenced by non-synchronous
emission sources that introduce independent variability and weaken the collinearity between
CO, and NO, or CO concentrations. These sources include industrial activities (e.g., re-
finery operations, power generation, product manufacturing), commercial activities (e.g.,
restaurant cooking), biospheric fluxes (e.g., biogenic CO5 uptake), and off-road sources (e.g.,
construction equipment, lawn and garden equipment). Although a comprehensive under-
standing of all non-synchronous emission sources has not yet been achieved, four of the sites
were excluded due to their proximity to the largest point source in the region, the Richmond
Chevron Refinery, which accounts for nearly one third of the total COy emissions in the
study region and exhibits a distinct emission profile [71, 50]

2.2.3 Ancillary Datasets

The Caltrans Performance Measurement System (PeMS) monitors traffic on major highways
throughout California, with approximately 580 traffic counting stations located within the
study area. These stations count vehicle flow using magnetic loops embedded in roadways
and estimate the truck proportion based on vehicle speed and length [72]. After filtering for
data with > 99% observed and > 95% time coverage during the study period, 358 PeMS
sites remained. For each traffic monitor, hourly data on vehicle flow, VMT, and average fleet
speed from January to December 2022 were used.

The Pacific Gas and Electric Company (PG&E) supplies natural gas to the SF Bay Area
and publishes gas usage data aggregated by ZIP code and by month, on a quarterly basis
(available at https://pge-energydatarequest.com/public_datasets, accessed 2024-10-
06). Monthly total natural gas usage trends for 2022 were obtained.

Wind data were sourced from MesoWest, a cooperative weather database managed by the
University of Utah, which provides spatial coverage overlapping with BEACO,N [73]. The
distance to the nearest highway for each site, considering wind directions, was determined for
the hourly measurements with the assumption that wind speed (WS) variability within the
observed range does not affect ER-based EF analysis. A sensitivity test (detailed in Text S2—
S3 and Figure S3) showed that varying WS from 0.5 to 5 m s~! changed the emission mixing
length but did not alter key features of the ER profile (e.g., values at d = 0 and d > 3
km), supporting the robustness of the EF inference. Wind data were obtained from 44
MesoWest stations across the study region, reported at 15-minute intervals and averaged to
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hourly resolution. These stations overlap well spatially with BEACO2N sensor locations (see
Figure S1), allowing site-level wind matching. To assess representativeness, we compared
MesoWest wind speed distributions with HRRR reanalysis winds (hourly, 3-km grid) in
summer (June-September) and winter (December—February). After adjusting HRRR winds
to 5 m height, we found consistent modal WS values between MesoWest and HRRR (1.8 m
s~ in summer, 1.0 m s™! in winter; Figure S2).

Sectoral EFs from two inventories are discussed below: the criteria pollutant inventory
(https://ww2.arb.ca.gov/criteria-pollutant-emission-inventory-data, accessed 2024-
10-06) and the GHG emission inventory (https://ww2.arb.ca.gov/ghg-inventory-data,
accessed 2024-10-06) compiled by the California Air Resources Board (CARB), and the U.S.
GHG and Air Pollutant Emissions System (GRA?PES, https://data.nist.gov/od/id/
mds2-3520, accessed 2024-10-25). Statewide annual emission estimates for the transporta-
tion and residential sectors in 2022 were retrieved to calculate EFs in the CARB inventories.
The GRA2?PES inventory provides hourly emission information, including on-road vehicle
emissions based on 2021 taxable fuel sales, and scales the residential sector from the 2017
NEI at a 4-km resolution.

2.3 Results and Discussion

Our analysis begins with a model describing the mixing of emissions from a line source
(e.g., a highway) into a uniform field of emissions (e.g., residential housing). Transporta-
tion CO4 emission trends in the SF Bay Area have previously been assessed by BEACO,;N
observations coupled with multiple linear regression, Gaussian plume modeling, or inverse
modeling techniques [51, 52, 50]. The BEACO;N inference of COy emission reductions due
to improved vehicle fuel economy during 2018-2022 aligned with estimates from the Califor-
nia state emission model and electric vehicle sales. In Section 3.1, we present a numerical
advection—diffusion model to illustrate how ER profiles depend on the EF's of the two sectors,
the mixing length scale, and the relative strength of the two emission sources. In Section
3.2, we describe the observations organized by distance from highways, and in Section 3.3
we compare the BEACO,N-derived EFs to the CARB and GRA?PES inventories.

2.3.1 Idealized Mixing of Transportation and Residential
Emissions

We developed a simplified three-dimensional numerical advection—diffusion model, describing
a 10 km-long highway line source located at the edge of the domain as it mixes into an
adjacent 10 km x 10 km residential neighborhood downwind. The wind direction was set
to be perpendicular to the highway, with crosswind and vertical wind velocities set to be
zero. Many BEACO;N sites are located within 5 km downwind of a nearby highway, with
wind directions selected for the corresponding time periods (see Figure 2.1). The forward
Euler scheme (first order in time, second order in space) was used to discretize the advection—
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diffusion equation [74]. The vertical dispersion parameter was adjusted for surface roughness
using the Hosker Index for urban terrain [75, 76, 77]. Other wind and dispersion parameters
were chosen to match the e-folding length scales for NO, concentration decay from highways,
approximately 300-500 meters in urban settings [78, 79]. Details on model configurations
and sensitivity tests are provided in the Supplementary.

We used EFx transportation = 1.2 ppbv/ppmv and EFx residentiar = 0.2 ppbv/ppmv for the
transportation and residential sectors to simulate the distribution of ERx as a function of
distance from the highway. These EF values were consistent with the observations shown
in Section 3.2. Emission rates of the line and area sources were estimated based on the
posterior CO, emissions from Asimow et al.: 0.15 tC hr~! km~2 from building natural gas
usage (mostly heating and hot water) and 0.82 tC hr~! km™' from highways in summer
(June-September); 0.34 tC hr~! km~2 from buildings and 0.68 tC hr~! km™! from highways
in winter (December-February) [50]. The relative emission intensities in the 10 km x 10 km
model domain were 2:1 in summer and 6:1 in winter for building versus highway emissions.

We modeled the two scenarios representing summer (2:1 emission intensity) and winter
(6:1 emission intensity) conditions and added two additional extreme cases: one with no
building emissions (0:1 emission intensity) and another with very high building emissions
(25:1 emission intensity), as illustrated in Figure 2.2. When there are no area source emis-
sions, the modeled ER remains constant at the value of transportation EF x transportation =
1.2 ppbv/ppmv regardless of proximity to the highway. As the area source contribution
increases, the deviation of ERx integrated from EF x transportation at the origin grows. If the
chemical species X has a 5-hour lifetime, which is approximately the loss rate for NO, at
midday in summer, then a slow decrease reaching about 10% occurs over 8 km. A 5-hour
NO, lifetime was used in the model simulations, and we evaluated sensitivity to chemical
reactivity by simulating lifetimes ranging from 10 hours to 0.2 hours, as shown in Figure S4.

The small difference (~10%) between the starting points of the 0:1 and 2:1 area-source-to-
line-source scenarios, as well as the convergence of the ERs after 3 km for all three scenarios
with area source contributions, suggested that transportation EF x transportation and residential
EF x residential can be estimated from the integrated ER x integrated at d = 0 km and d > 3 km,
respectively. The simulated profiles under summer and winter conditions both followed an
exponential decay with distance from the highway, as described by

ERx integrated (d) = 0.92 exp(—d/0.87 km) + 0.19

for summer, and

ERX integrated(d) = 0.73 exp(—d/0.56 km) + 0.20

for winter, where d is the distance from highways, the offset at large distance reflects the
EF of the residential sector and the y-intercept represents a lower bound to the highway EF.
While this ER-based EF estimation method is applicable in both summer and winter, optimal
separation of source signals can be achieved by using summer morning ERs near the highway
(d = 0 km) to infer transportation-related emissions. Far-field (d > 3 km) residential EF's
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Figure 2.2: The simulated mixing of area source (residential heating) and line source (trans-
portation) within a 10 km x 10 km modeling domain. The spatial gradient profiles of en-
hancement ratios under different relative emission source strengths (area source: line source)
are labeled by different colors.

are consistent across all times of day and both seasons studied. The e-folding length scale
(k) of the winter scenario (k = 0.56 km) was shorter than that of the summer scenario fitting
(k = 0.87 km), reflecting the greater influence of the area source in winter.

2.3.2 Observed Emission Ratios versus Distance to Highway

We generate observational analogs of Figure 2 by calculating the distance to the nearest
highway along the wind vector for each hour and plotting the observed ERs as a function
of these distances. Although changes in wind speed can affect the absolute concentration
magnitudes measured at a site and the mixing length scale, the enhancement ratios derived
from relative differences in concentrations remain little affected for the range of wind speeds
in the study region (see Figure S3). Also, our analysis based on ERs between co-emitted
species is largely insensitive to planetary boundary layer height (PBLH) variations since
both species undergo the same mixing.

We compared observed ERs during peak and low traffic hours (6:00-9:00 AM and 0:00—
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3:00 AM) as well as during peak and low natural gas usage months (December—February
and June-September of 2022). Monthly VMT measured by Caltrans PeMS and natural
gas consumption data reported by PG&E for 2021-2023 are shown in Figure S5. During
peak morning traffic, vehicle flow was approximately 10 times higher than during late night
hours, and natural gas usage in winter months was over three times higher than in summer
months. These patterns are consistent with previous studies describing the diurnal and
seasonal variation of transportation and natural gas use in California, and are similar to the
CO; emission ratios for transportation and building energy reported by Asimow et al [50,
80, 81, 82].

Figure 2.3 displays the spatial gradients and distance-decay relationship of observed ERs
during morning rush hours and late night, in both summer (June-September) and winter
(December—February). Each point represents the ER calculated at a single BEACO:N site
for a given season, time window, and wind direction (120°-260°) to ensure comparability of
downwind transport from major highways. Although the BEACO;N network includes 40
active sites, only data passing three filters were used in the analysis: (1) data completeness
> 80% in 2022 (25 NO, sites, 33 CO sites); (2) regression 72 > 0.5 (yielding 20 NO,, and 21
CO sites); and (3) location constraints—one site upwind and two sites > 7 km from highways
were not shown in the figure but included in distance-decay fitting. Site-level inclusion in the
distance-decay analysis was based on data completeness, regression quality, and proximity
to highways; full site status is documented in Table S2.

During summer morning rush hours, marked by low natural gas usage and peak traffic
volumes, elevated NO, and CO ERs were observed at the three sites closest to highways
(Figure 2.3a and 2.3c), along with near-constant lower values observed beyond 3 km from
the highways. The e-folding length obtained from exponential decay fitting represents the
distance at which the ER drops to 1/e (= 36.7%) of its initial value. To estimate the
characteristic mixing length, the distance required for the ER to decay fully to the far-field
offset, we divide the e-folding length by 0.36. These mixing length scales, calculated as
k/0.36, provide a physically interpretable measure of the spatial extent over which highway
emissions blend well with building emissions. The e-folding distances k for the NO, and CO
ER fittings were 0.95 km and 0.66 km, which indicated that transportation NO, and CO
emissions mixed with other urban emissions over distances of 2.6 km and 1.8 km, respectively.
At d = 0 km, where transportation emissions dominate, we estimated that

EFNOI,transportation ~ ERNOz,integrated(d =0 km) = 1.0 ppr/pleV

and
EFCO,transportation ~ ERCO,integrated<d =0 km) =178 ppbv/ppmv,

recognizing that the model shown above indicates these values are lower-bound limits. At
long distances d > 3 km, where building energy use dominates, the well-mixed ERs were
0.21 ppbv/ppmv for NO, and 4.1 ppbv/ppmv for CO. These findings align with expectations
that EFno, transportation a1d EFco transportation are higher than EFs for the building energy
sector [20].
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Figure 2.3: BEACO,N observed ANO,/ACO, and ACO/ACO, in 2022 versus distance to
highways. Panels (a) and (c) show the summer values (June-September), and panels (b) and
(d) display winter values (January, February, and December). Morning (6:00-9:00 AM local
time) data and distance-decay fitting lines are represented in green for ERno, integrated ()
and pink for ERco integrated (d). Midnight (0:00-3:00 AM local time) data and distance-decay
fitting lines are shown in blue for ERNo, integrated (d) and purple for ERco integrated (). Only
data corresponding to wind directions between 120° and 260° within each time window were
included. Uncertainties of the ER estimates are represented as error bars. Parameters of the
exponential fitting for each line are provided in Table 1.
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At night during summer, the ERNo, integrated 8t d = 0 km dropped by about 50%, and
ER 0 integratea decreased by 25%, reflecting reduced transportation on the highways and con-
sequently increased effects of building energy emissions on the observed ERs. The smaller
fractional reduction in ER¢o integrated (d = 0 km) than in ERNo, integrated (d = 0 km) is consis-
tent with the smaller difference between transportation and residential EF's for CO compared
to NO,. Day-night differences in decay length and offset for summer were not significant.

In winter, while elevated NO, ERs were still observable, CO ERs became flat with re-
spect to proximity to the highway (Figure 2.3b and 2.3d). This shift is consistent with the
threefold increase in building energy use during the winter months. Seasonal differences in
observed ERs, driven by changes in residential heating, were also identified in the city of
Paris, France [67]. The day—night variations seen in summer data were absent in winter, in-
dicating that residential heating emissions remained more stable and pronounced throughout
the day, masking the influence of transportation emissions, as the approximately doubled
COy emissions in the denominator dampened the spatial variations [50]. These summer—
winter differences highlight how additional residential emissions from heating during winter
months influence the spatial gradients of integrated ERs. During winter midnight hours at
d = 6 km, where residential emissions dominate, we estimated that

EFNOI,residential ~ ERNOz,integrated(d =6 km) =0.15 ppbv/ppmv

and
EFCO,residential ~ ERCO,integrated(d =6 km) =43 ppbv/ppmv

The residential EFs estimated at long distances from highways were nearly identical for ob-
servations from summer and winter. This consistency supports interpreting the ERs beyond
3 km from the highway as representing the building energy EF. The e-folding length (k),
mixing length scales (k/0.36), and integrated ERs for NO, and CO at peak and low traffic
volumes, as well as periods of peak and low natural gas usage, are summarized in Table 1.

Table 2.1: Summary of e-folding distances (k), mixing length scales (k/0.36), and integrated
emission ratios for NO, and CO at peak and low traffic volumes, and during periods of peak
and low natural gas usage.

Time Period k for ~ ERvo, k for ~ ERco ERyo, ERno, ERco ERco
ERno,  mixing length ERco mixing length at d=0km atd=6km atd=0km atd=06km
(km) (km) (km) (km) (ppbv/ppmv)  (ppbv/ppmv)  (ppbv/ppmv)  (ppbv/ppmv)
Summer 6:00-9:00 am 1.0 £0.2 2.6 £0.6 0.66 = 0.5 1.8+1.4 1.0+£0.02 0.21 £0.02 78+£0.6 4.1£0.6
Summer 0:00-3:00 am 2.5+ 2.2 70+£7.6 0.93+0.9 25+24 0.51 £0.02 0.11 +£0.02 6.3+0.6 3.1£0.6
Winter 6:00-9:00 am  1.5+04 41+£1.1 n/a n/a 0.75£0.01 0.15£0.01 43£0.3 43£0.3
Winter 0:00-3:00 am  1.4+04 39+1.1 n/a n/a 0.75+0.01 0.154+0.01 43+0.3 4.3+0.3

Although the observed spatial patterns and seasonality of emission ratios in Figure 2.3
generally matched the simulated spatial gradients of ERx jntegratea for area-source-to-line-
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source ratios of 2:1 and 6:1 in Figure 2, there was one difference worth noting. The shorter
mixing length modeled for winter data was not observed in measurements, though the mod-
eled and observed mixing length scales were comparable (approximately 2-3 km; see Ta-
ble 2.1). This discrepancy could be explained by faster turbulent dispersion during the
measurement periods than the 10® m? s7! used in the model [83].

2.3.3 BEACO:;N-Derived Emission Factors Compared to CARB
and GRA?’PES Emission Inventories

A comparison of EFs derived from the BEACO,;N observations to EFs in the CARB and
GRAZPES emission inventories is shown in Table 2.2. Our goal in this study is to infer up-to-
date EF's for the overall transportation and residential sectors in the SF Bay Area, rather than
to resolve detailed EF's for individual subcategories. We acknowledge that transportation
EFs can vary with vehicle type, engine load, and driving conditions, and that residential EF's
depend on factors such as fuel type, installed equipment, and infrastructure design, which
present valuable opportunities for future investigation.

Our transportation CO EF estimate of 7.8 ppbv/ppmv is higher than the inventories by
15% relative to GRA?PES and 18% relative to CARB. The BEACOyN-derived residential
CO EF of 4.3 ppbv/ppmv is close to the GRA?PES value for building energy and is about
33% lower than the CARB value. The transportation NO, EF estimate of 1.0 ppbv/ppmv
is within 8% of both the GRA?PES and CARB values. In contrast, the observed building
energy NO, EF is four times lower than the identical estimates from these inventories. It
is worth noting that CARB and GRA?PES values represent statewide averages, which may
not fully capture localized differences in installed equipment or regulatory enforcement.

We speculate that the effective flame temperatures assumed in inventories for natural-
gas-fired equipment are overestimated. Given the strong temperature dependence of NO,
formation during combustion, even small errors in temperature assumptions can result in
large errors in EF estimates [21]. While some emission measurements exist for commer-
cial boilers, most research on natural-gas-fired appliances in residential settings has focused
on their impact on indoor air quality [84, 85, 86]. Detailed characterization of residential
appliance-level combustion temperatures remains rare. Although overestimated tempera-
tures most likely contribute to this discrepancy, we also note that the Bay Area Air Quality
Management District has implemented more stringent regulations on NO, emissions from
natural-gas-fired water heaters, boilers, and process heaters than other air districts in Califor-
nia since 2008 [87]. These local policies may have further contributed to the lower residential
NO, EF observed in our study, while the turnover time of building energy systems is typ-
ically expected to be on the scale of decades. Stricter regulations and lower combustion
temperatures together could explain the observed discrepancy between BEACO,N-derived
and inventory-based residential NO, EF.
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2.4 Conclusions

The lower NO, EF observed for the building energy sector, compared to current inventory
estimates, underscores the importance of observational efforts in verifying emissions and
emission factors. Beyond identifying mismatches between observed and inventory-based
EFs, our framework offers a scalable and demonstrative pathway for emissions monitoring
and verification. By leveraging spatial gradients in ERs across a dense urban sensor network,
we generate emission factor estimates that are both spatially disaggregated and temporally
current, filling a critical gap in city-level emissions data. This method is particularly valuable
in regions where activity-based inventories lack the resolution or update frequency to track
changes in urban infrastructure, policy, or technology. Looking ahead, this approach can be
used to assess the real-world impacts of emerging technologies (e.g., electric vehicles, heat
pumps) on emissions patterns, as cities accelerate efforts to decarbonize.

Furthermore, while this study primarily focused on network-wise ER profiles, future work
examining temporal variations at diurnal, weekly, and seasonal scales at individual sites holds
promise for detecting emission signatures from additional sources, such as industrial point
sources and biogenic fluxes. Together, these extensions lay a foundation for tracking the
spatial and temporal evolution of urban emissions in support of both air quality management
and climate action goals.

Table 2.2: BEACO,;N-derived emission factors and sectoral emission factors in current emis-
sion inventories.

Emission Factor

Inventory Transportation  Residential
(ppbv/ppmv)

BEACO,N 1.0 £0.02 0.15£0.01
ANO,/ACO, CARB 1.0 0.60

GRA?PES 1.1 0.60

BEACO;N 7.8+ 0.6 4.34+0.3
ACO/ACO; CARB 6.6 6.2

GRA?PES 6.8 4.0




20

Chapter 3

Physically Constrained
Non-Collocated Calibration of
Electrochemical NO, Sensors in Dense
Urban Networks

3.1 Introduction

Urban emissions of air pollutants and greenhouse gases exhibit strong variability at spatial
scales that have historically been difficult to observe directly. Within cities, pollutants such
as NOs and other reactive tracers can vary by factors of two to five over distances of only
a few hundred metres, driven by proximity to traffic corridors, industrial point sources, and
the channeling of emissions within the urban canopy [79, 78]. These fine-scale gradients
are increasingly recognized as central to understanding air pollution inequities and the ways
in which pollution burdens are distributed across communities [88, 89]. Observations that
resolve this heterogeneity are therefore needed not only to refine urban emission inventories
and quantify spatial and temporal variability in emissions, but also to evaluate disparities in
exposure and to assess how local pollution patterns align with land use, infrastructure, and
demographic patterns. Conventional observing platforms, including regulatory monitoring
networks and satellite remote sensing, provide essential information at regional to national
scales, but they are typically too sparse in space or too coarse in time to fully resolve
intra-urban variability at the scales most relevant for neighbourhood exposure and source
attribution [90, 91].

Dense networks of electrochemical and metal-oxide sensors, deployed at tens to hundreds
of fixed locations within a single city, offer a path toward closing this observational gap at
manageable capital and labor cost. Operating at high temporal resolution, such networks
can capture both persistent spatial gradients and rapid fluctuations associated with traffic
pulses, episodic emissions, and meteorological transitions. Compared with ground-based reg-
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ulatory networks, they are better suited to characterizing the temporal evolution of pollution
within and between neighbourhoods, especially where existing monitoring sites are sparse or
unevenly distributed across communities. This capability creates new opportunities for ex-
posure mapping, inventory evaluation, source attribution, and neighbourhood-scale analysis
of urban chemistry.

Realizing those applications, however, depends on a scientific prerequisite: the mea-
surements must be sufficiently well calibrated to preserve spatial and temporal variability.
These calibration challenges are particularly acute for NO,. Among the species measured
by typical multi-pollutant sensor nodes, NO, is both the most susceptible to electrochemical
artefacts—in particular, pronounced temperature-dependent gain and cross-interference from
co-occurring O3 and NO—and one of the most important for constraining urban emissions,
diagnosing neighbourhood-scale chemistry, and assessing disparities in exposure. By com-
parison, the Oz, NO, and CO channels are generally more straightforward to calibrate [43].

In situ measurements of NOy are central to atmospheric chemistry, and several reference-
grade techniques are well established. These methods are briefly summarized here to contrast
their strengths and operational constraints with those of electrochemical NO, sensors. The
most widely used method converts NO; to NO and detects the resulting NO through its
chemiluminescent reaction with O3 [92]. Optical absorption methods, including cavity ring-
down and cavity-attenuated phase-shift spectroscopy [93, 94, 95], measure NO, directly with
delicate optical path alignment. Both approaches are typically calibrated at least daily by
measuring an instrument zero with NOo-free air and an instrument response with a known
amount of NOs. For chemiluminescence instruments, biases from non-specific conversion of
other reactive nitrogen species, such as organic nitrates (e.g., methyl nitrate) and HNOs,
have motivated the use of more selective photolytic converters in place of thermal con-
verters [96, 97, 98]. These instruments are commercially available from multiple vendors,
but require trained personnel, temperature-controlled enclosures, and dedicated sample in-
lets to reach their nominal performance: typical accuracy of 5-10% with precision around
0.1 ppb min~! [99]. Capital costs are typically $10,000-$100,000 per instrument. Where
high time resolution is not required, absorbent cartridges followed by ion chromatography
can also map NO, on day-to-week timescales [97].

The electrochemical sensors used in dense networks operate on a fundamentally different
principle and under a different set of operational constraints. They generate a current asso-
ciated with redox reactions of the target gas at a working electrode, achieve few-second time
resolution, and cost orders of magnitude less than reference instruments, making it possible
to deploy many nodes without temperature-controlled enclosures or intensive maintenance.
However, deployed electrochemical sensors are rarely accompanied by on-site gas standards,
so their zero and analyte response cannot be directly assessed during routine operation.
Bringing gas standards to every node would undermine the cost and deployment advantages
that motivate their use. As a result, electrochemical sensors are often calibrated initially at
a colocated reference site and then moved to remote locations under the assumption that the
calibration is stable and transferable across time and local conditions. In practice, this as-
sumption is problematic: zero offsets drift over time, and both baseline and sensitivity have
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complex temperature and humidity dependencies that may not be captured during a short
colocation and may themselves evolve over the deployment. This open problem—preserving
the spatial coverage enabled by electrochemical sensors while maintaining sufficient accu-
racy and precision for quantitative network analysis—motivates the calibration framework
developed in this chapter.

Currently, most of the framing of the calibration problem emphasizes reference distance:
standard practice colocates each sensor with a reference instrument and trains a multivari-
ate linear regression, which performs well locally but does not scale naturally to distributed
deployments where most nodes lack direct reference supervision. Machine learning methods
and other statistical approaches exploiting network-wide properties have been developed to
extend calibration to remote nodes, but generalisability across locations remains limited. The
BEACO;N calibration achieved R? = 0.66 and RMSE = 3.16 ppb for remotely calibrated
NO, over a full year using network-coherence index selection and rolling multivariate regres-
sion, representing the best published result for this network [45]. However, its training-hour
selection relies on the relative standard deviation of NOy across multiple reference stations,
limiting portability to other cities with fewer regulatory grade instruments. Winter et al.
further showed that the Alphasense electrochemical sensors maintain consistent performance
over three years [46], indicating that the remaining calibration errors are more likely to re-
flect model limitations than sensor degradation. The remaining question is therefore more
specific: what error persists even after a well-designed remote linear calibration?

We show here that the dominant remaining obstacle is not reference distance alone, but
unresolved nonlinear sensor response. The NO,-B43F electrochemical cell exhibits non-linear
temperature-dependent sensitivity [43], so a single linear sensitivity coefficient necessarily
represents only an average response across the training period. The result is dynamic-range
compression: positive and negative departures from the mean are both damped, even when
the calibrated record appears reasonable in average level. This problem persists even under
colocation, implying that the main limitation is model structure rather than distance from
the reference.

This study shows that nocturnal NO—-Oj titration provides the diagnostic needed to
measure and correct that gain error. Previous work showed that titration chemistry can
provide useful calibration constraints for BEACO,N sensors through zero-offset estimation
[44]. Here we extend the same physical principle from offset estimation to gain diagnosis.
After sunset, the reaction

NO+03 —)NOQ+OQ

drives a near-1:1 exchange in which each ppb of O3 consumed produces approximately one
ppb of NO, [47]. Systematic departures of the observed ratio ANOy/(—AOQO3) from unity
directly quantify the multiplicative gain error. By accumulating these events across the
seasonal temperature cycle, a temperature-dependent gain curve can be estimated inde-
pendently at each sensor node from its own atmospheric observations, without additional
hardware, laboratory characterization, or a colocated reference monitor.

Building on the existing BEACO,N calibration infrastructure [44, 45], we develop a three-
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stage calibration framework. The framework is evaluated using a withheld-truth design at
two Bay Area colocated sites and then applied at network scale in the Bay Area, Providence,
and Los Angeles. The goals in this study are threefold: to determine whether unresolved
temperature-dependent gain is the principal source of remaining NOy calibration error; to
test whether node-specific nocturnal titration signals can improve non-colocated calibration
beyond what remote linear transfer alone achieves; and to evaluate whether the resulting
framework recovers site-level NOy variability robustly across nodes and deployment settings.

3.2 Methods and Materials

This section describes the observational platform, reference data, and calibration framework
used to develop and evaluate a three-stage titration-based calibration method for electro-
chemical NOy sensors in BEACO,N. We first describe the sensor network and regulatory
reference measurements that define the observational constraints of the problem. We then
introduce the three-stage calibration framework and the validation design used to test it.
Finally, we describe the implementation of each calibration stage in sequence.
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Figure 3.1: Locations of BEACO3N nodes and AirNow reference monitors in the three study
regions: (a) San Francisco Bay Area, (b) Los Angeles, and (c¢) Providence, Rhode Island.
Blue circles denote BEACO,N nodes, orange circles denote non-colocated AirNow reference
monitors, orange triangles denote colocated AirNow reference monitors, and the green square
marks the Richmond Field Station colocated site. Sites highlighted for later analyses are
labeled in panels (a) and (c). Scale bars are 10 km in (a) and (b) and 5 km in (c).
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3.2.1 Sensor network and reference measurements

This study uses observations from the Berkeley Environmental Air-quality and CO, Network
(BEACO;N), a dense urban sensor network deployed across three U.S. metropolitan regions
(Figure 3.1; Table 3.1): the San Francisco Bay Area (~50 nodes), Los Angeles (~20 nodes),
and Providence, Rhode Island (25 nodes, of which 22 have sufficient data coverage for April
2023—-April 2024). Sensor nodes are typically spaced 1-3 km apart and measure NO,, Os,
NO, and CO using Alphasense B-type electrochemical sensors (NO,-B43F, O,-B431, NO-B4,
and CO-B4) mounted on individual sensor boards (ISBs). Signals are sampled every 8 s and
averaged to one-minute intervals [44, 45]. Sensor-box temperature (T) and relative humidity
(RH) are recorded concurrently with an Adafruit BME280. Winter et al. [46] show that
these sensors maintain stable performance over multi-year deployments, indicating that the
calibration errors addressed here arise primarily from model limitations rather than rapid
sensor degradation. Because all three deployments use identical hardware and firmware, dif-
ferences in calibration performance across cities should mainly reflect atmospheric conditions
and calibration transfer challenges rather than instrument design.

Reference measurements are obtained from the U.S. EPA AirNow system [99], which
provides quality-controlled hourly NOy (chemiluminescence), NO (chemiluminescence), and
O3 (UV photometry) measurements from Federal Reference or Equivalent Method analysers.
Reference observations are aligned with sensor data at hourly resolution. Each sensor node
is assigned to the AirNow station whose NO, regime best matches its local environment.
In Providence, 16 residential nodes are assigned to the East Providence (EP) station and 7
traffic-adjacent nodes to the South Providence (CCRI) station. Laney College is excluded
from the NOy calibration index because it lacks an Oz measurement. The Richmond Field
Station (RFS) ozone measurement is used for ozone measurement error characterization.
Station metadata are listed in Supplementary Table S1.

Table 3.1: Deployment summary. Colocated nodes are within 10 metre of a reference station.

City N nodes Period Dist. range (km)  Median dist. (km) N colocated
SF Bay Area ~50 2018-2025 0.01-21.4 3.6 3
Providence ~25 2022-2025 0.01-9.5 6.0 1
Los Angeles ~20 2022-2025 1.2-10.5 7.7 0

Together, these deployments provide a common instrumental framework across diverse
atmospheric settings, allowing the calibration method to be evaluated under both colocated
and non-colocated conditions. We next describe the three-stage calibration pipeline applied
to these observations.
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3.2.2 Calibration framework overview

The starting point for this work is the BEACO,;N multivariate linear regression framework
[44, 45], in which each gas channel is calibrated against a reference monitor using electrode
voltages and sensor temperature and humidity covariates. The present study retains that
general structure for all species, but extends the NO, calibration with two additional stages
that target errors a linear model cannot resolve. The resulting framework (Figure 3.2)
consists of three stages: a reference-based baseline calibration, a physically constrained gain
correction, and a residual offset adjustment.

Stage 1 removes linear cross-interferences through weighted least-squares (WLS) regres-
sion against an assigned reference, selecting training hours with a COy enhancement-based
coherence index. This index replaces the multi-reference NO, index used by Winter et al.
[45], which requires three or more NO, reference stations, with a metric derived from the CO,
measurements already available at every BEACO,;N node. This generalization is necessary
because the multi-reference approach cannot be applied in cities with fewer than three NO,
references; for example, Providence has only two NO, reference stations. Stage 2 applies
a titration-based gain correction using only the sensor node’s own observations, with the
gain curve applied up to a sensor-box temperature cap of 35°C — extending the corrected
range by approximately 10% of the data relative to a more conservative 30°C threshold in
previous BEACO;N NOs calibration. Stage 3 re-anchors the absolute concentration level
with a temperature-dependent rolling offset.

The same three-stage framework is used for both colocated and non-colocated nodes (Fig-
ure 3.2). In all cases, Stage 2 relies only on the sensor’s own observations, whereas Stages 1
and 3 use information from the assigned reference station. The O3 data are calibrated using
the Stage 1 regression only, and the calibrated outputs are then used as inputs to the NOy
gain-correction framework.

3.2.3 Validation design

Before describing the implementation details of each stage, we briefly outline the evaluation
design used throughout the paper. The framework is tested using a progressive comparison of
four calibration methods at two Bay Area nodes colocated with regulatory reference monitors
(sites 43 and 42; locations in Figure 3.1). In this validation design, the colocated reference
is withheld entirely from the remote calibration steps. Stages 1 and 3 therefore use only
remote AirNow stations, and Stage 2 uses only the sensor’s own atmospheric observations.
The colocated reference is used solely as independent truth for evaluation. This design
reproduces the information available at a truly non-colocated node while still retaining an
end-to-end benchmark.

Table 3.2 lists the four calibration method choices. The comparison of the first two meth-
ods tests whether the gain correction improves calibration even when a colocated reference
is available. This comparison separates structural limitations of the linear model from er-
rors that arise only because the reference is remote. The latter two methods then evaluate
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Sensor node AirNow reference
voltages, T, RH, CO-» NO,, O3 hourly
v v
Colocated Non-colocated
Stage 1: WLS regression Stage 1: WLS regression
on-site reference remote reference
all training hours CO5-index-selected hours
v v

gain / add. signals

Stage 2: gain correction
g(T) via nocturnal titration

v
[ Stage 3: drift correction ]

b(T, m) temperature offset

v
Calibrated NO-

{ Stages using reference Sensor data only

Figure 3.2: Calibration pipeline for the BEACO;N NO; channel. Both colocated and non-
colocated nodes pass through the same three stages. Stage 1 and Stage 3 use reference data,
whereas Stage 2 uses only the sensor’s own nocturnal titration events. For colocated nodes,
Stage 1 uses all training hours with an on-site reference; for non-colocated nodes, it uses
COs-index-selected hours with a remote reference.
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the remote pipeline with and without the gain correction, isolating its contribution under
realistic dense-network conditions.

Table 3.2: Progressive comparison: four calibration methods evaluated against the withheld
colocated EPA reference. The colocated reference is never used as a calibration input except
in the colocated MLR baseline.

Method Reference Index What it tests

MLR Colocated All hours Baseline performance of a linear
calibration with direct reference
supervision

WLS+GC Colocated COg index Effect of gain correction under
colocated conditions

WLS Remote CO2 index Remote pipeline without gain
correction

WLS+GC Remote COg2 index Full remote pipeline with gain
correction

Performance is evaluated over the full deployment period at each site. In addition to
full-year metrics, seasonal diagnostics are reported separately for summer (July—September,
JAS) and winter (December—February, DJF). JAS isolates the period when temperature-
dependent gain error is expected to be largest, owing to higher temperatures and elevated
O3, whereas DJF provides a complementary test under colder conditions, when titration
events are most frequent but the gain departure from unity is expected to be smallest. This
seasonal decomposition helps distinguish improvements that are concentrated in one regime
from those that hold across the full annual cycle.

Results for site 43 under a representative remote reference assignment are presented in
the main text; site 42 results and the full validation matrix across all remote reference
assignments are provided in Supplementary Figures S1 and S30, respectively.

With the evaluation framework established, we now describe the three calibration stages
in detail.

3.2.4 Stage 1: Reference-based baseline calibration

Stage 1 establishes the baseline calibration by removing the dominant linear cross-interferences
and additive meteorological dependence through multivariate regression against the assigned
reference station. This stage includes three components: pre-processing, training-hour selec-
tion, and weighted least-squares fitting.
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Pre-processing

Raw sensor data are first cleaned by converting invalid values to NaN, computing working-
minus-auxiliary electrode differentials, and applying manufacturer temperature and humidity
corrections [43]. Outliers are then removed using an asymmetric interquartile range filter
(L5XIQR below @Qq; 2.2xIQR above @3). This filtering removes approximately 0.6% of
minute-level data, predominantly instrument transients and communication dropouts rather
than atmospheric signals.

Training-hour selection

For non-colocated nodes, training hours are selected using a network-coherence index de-
signed to identify periods when the sensor and its assigned remote reference are most likely
sampling comparable air. The index is computed from the coefficient of variation (CoV) of
CO3 enhancement, defined as the difference between each node’s CO; measurement and a
rolling network background, rather than from absolute CO,. Computing the CoV on en-
hancement rather than on the raw CO, signal is important because the ~420 ppm common-
mode background would otherwise compress all CoV values toward zero and reduce the
index’s ability to distinguish spatially homogeneous from heterogeneous periods. For the
NO;y channel, this CoV is further scaled by the diurnal reference NO, profile in order to
suppress photochemically active afternoon hours:

Covscaled = /-SEVCO2 (31)

NO2,ref<h)/P95
Within rolling 3-month windows, hours falling in the lowest 25th percentile of this scaled
CoV are selected for training. The Oj calibration uses an analogous index that favours
midday hours. For colocated nodes, all hours in the training window are used. Further
details of the CO5 enhancement calculation are provided in S-Methods-2.

Weighted least-squares fitting
The baseline NO, model is

NOg2 pase = Brno, VN0, + Brvo Vo + Bo, Vo, + BrT + fru RH + By (3.2)

This model is fitted in rolling 9-month windows using the selected training hours. Ob-

servation weights are defined as
1

U ) 33
where g (y;) is the standard deviation of the difference between colocated BEACO,N mea-
surements and the reference, evaluated at concentration ;.

A key limitation of this linear model is that the coefficient fno, represents only the av-

erage NOy sensitivity across the temperatures sampled during training. Because the B43F
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working-electrode sensitivity is temperature dependent [43], a single value of fyo, cannot
fully represent the sensor response across the full temperature range. This remaining temper-
ature dependence is non-linear, and therefore cannot be resolved by a linear model alone (i.e.,
the colocated multivariate linear regression). In Winter et al. [45], this issue was resolved
by omitting data at temperatures above 30 °C where the issue is most significant.Stage 2 is
therefore designed to diagnose and correct that temperature-dependent gain error using the
sensor’s own atmospheric observations.

3.2.5 Stage 2: Titration-based gain correction

Stage 2 uses the sensor’s own nocturnal atmospheric observations to diagnose and correct
the temperature-dependent multiplicative gain error that remains after Stage 1. The method
exploits the stoichiometry of NO-Oj titration and extends earlier uses of titration chemistry
as a calibration constraint from zero-offset estimation [44] to gain-curve diagnosis.

Physical basis

After sunset, the gas-phase reaction

NO+O3—>NOQ+OQ

drives a 1:1 exchange in which each ppb of O3 consumed produces one ppb of NO, [47].
If the electrochemical NOy channel carries a multiplicative gain error g(7), the observed
ANO; equals g(7") times the true value. The O3 channel is not assumed to be free of error,
but it is generally more stable in this framework and Oj is spatially more homogeneous than
NOa,, so —AOQOj3 provides the most useful available event-scale reference for the expected NO,
response. We therefore define the titration ratio through a per-event regression,

R=m from ANO;=m(—AO;3)+a (3.4)

where m is the event slope and a is an intercept that absorbs residual baseline mismatch
between the two channels. Including a ensures that small baseline offsets do not bias the
slope estimate; in practice, the fitted intercepts are small (median |a| = 0.12 ppb across
all Providence events). Under ideal 1:1 titration and a correctly calibrated NO, response,
R should be close to unity. Systematic departures of R from unity therefore diagnose the
multiplicative error remaining in the NO, calibration.

Importantly, this diagnostic constrains only the part of the Stage 1 prediction that par-
ticipates directly in the apparent NO, response during titration. In the Stage 1 model, that
response is carried primarily by the Vxo, term and by the Vi cross-sensitivity term. Both
arise from electrochemical channels whose effective sensitivity varies with temperature, so
both are expected to inherit the same multiplicative gain structure diagnosed by titration.
By contrast, the NO cross-interference term and the explicit meteorological and intercept
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terms are additive regression adjustments; they are not identified by the titration slope it-
self and should not be multiplicatively rescaled by a titration-derived gain factor. Stage 2
therefore applies the gain correction only to the NOy and Ogz-cross-sensitivity terms, while
leaving the other Stage 1 terms outside the gain scaling.

By accumulating R over the annual temperature cycle, a continuous gain curve can be
estimated entirely from the sensor’s own observations.

Event detection

Nocturnal titration events are identified from the minute-level NO, and O3 time series be-
tween 20:00 and 05:00 local time. The algorithm first applies a 3-minute rolling median
to both channels to suppress short-timescale instrument noise. It then estimates the back-
ground noise level in each channel from successive minute-to-minute differences. An event
onset is flagged when the rate of change in both channels exceeds 1.2 times this noise level.
The event end is defined as the first point at which both channels have remained stable for
at least five consecutive minutes.

Candidate events are then filtered to retain only those that are physically consistent with
NO-Og titration. First, the NOy change during the event must be at least 1.0 ppb, ensuring
sufficient signal above the instrument noise floor. Second, the pre-event baseline must be
stable, with a concentration span no greater than 6.0 ppb, so that the event amplitude is
referenced to a well-defined background level. Third, the fitted slope of ANO, against —AO3
must fall between 0.10 and 1.80, excluding both failed regressions and events influenced by
fresh traffic plumes that can produce anomalously large slopes. Finally, the coefficient of
determination (R?) of the per-event regression must exceed 0.50, retaining only events whose
NO;, and O3 changes are reasonably well described by the expected titration relationship.

All detection parameters (Table 3.3) are held fixed across nodes and cities. A one-at-
a-time sensitivity analysis shows that the resulting minimal gain curve changes across all
tested configurations (Figures S20, S21, and S28; Table S2).

Table 3.3: Event detection parameters, held constant across all nodes and cities.

Parameter Value Physical motivation

Night window 20:00-05:00 local Captures titration without photolysis

NOgs change minimum 1.0 ppb Signal-to-noise floor for reliable slope fitting
Baseline span < 6.0 ppb Pre-event stability requirement

End condition 5 stable minutes, both channels Ensures physically complete events

Slope acceptance range 0.10-1.80 Excludes failed fits and traffic contamination

Per-event R? minimum  0.50 Stoichiometric consistency filter
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Gain-curve construction

At each node, the retained per-event R values are binned by temperature at event onset
using 2°C bins. Within each bin, the gain ¢g(T") is estimated as the weighted median

o — N; - median(|ANOy;|)
t IQR(R;)

where NV; is the number of events in the bin, |[ANOs| is the event amplitude, and IQR(R;)
is the within-bin interquartile range of R. This weighting favours bins that are well sampled,
contain larger-amplitude events, and exhibit more internally consistent stoichiometry. Bins
with fewer than 5 events are excluded.

The gain curve is fit within rolling 9-month centerd windows rather than from all events
pooled together, allowing g(T") to evolve over the deployment. For each calendar month m,
events within [m—4, m+4] months are used; edge months inherit the nearest well-sampled
curve. The bin medians are interpolated to a continuous function, and outside the populated
temperature range g(7') is held at the nearest valid value. Sensitivity to window length and
weighting scheme is evaluated in Supplementary Figures S21 and S23.

(3.5)

Signal decomposition and gain application

The titration-derived gain correction is not applied to the full Stage 1 output. Instead, the
baseline prediction is separated into the part whose amplitude is directly constrained by
NO-Oj titration and the part that is not:

Sgain = BNO2 VN02 + BOz VOZ
Sadd = PxoVno + BrT + Bru RH + 5

This grouping follows directly from what the titration diagnostic can and cannot con-
strain. During a nocturnal titration event, the fitted slope R = ANO,/(—AO3) diagnoses
the amplitude of the apparent NOs response relative to the paired Os loss. In the Stage 1
model, those event-scale changes are carried primarily by the Vxo, term and by the Vo,
cross-sensitivity term. The gain correction is therefore applied only to Sgain-

By contrast, the remaining terms are not identified by the NO-Oj titration slope. The
BnoVio term represents cross-interference from the NO channel rather than the NOy re-
sponse itself, and it shows little systematic temperature dependence (Supplementary Fig-
ure S8). The terms frT, fruRH, and [y are additive regression adjustments that account
for baseline offset, not signal amplitudes diagnosed by titration stoichiometry.

Within Sgain, the correction should be applied only to the NOg-related anomaly above
the sensor’s effective zero, that is, the output level when ambient NO, is absent. Under
zero-NOs conditions, the sensor still responds to Og through the Bo Vo, cross-sensitivity
term, so Sgain remains non-zero even when there is no ambient NOg. If Sy, were divided
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directly by ¢(T'), this Os-driven floor would be spuriously rescaled together with the true
NO, signal.

The NO; zero level, denoted Zno,, estimates this floor. It is obtained by regressing Sgain
against Vo_, T, and RH during hours when ambient NO, is near zero (remote reference below
its rolling 10th percentile within a 3-month window). During these hours, Sgain is dominated
by the Ogs cross-sensitivity term, and the regression captures how this floor varies with the
O3 electrode signal and meteorological conditions (Supplementary Section S-Methods-1).

Because Vg, responds to both O3 and common-mode noise shared with the NOs electrode,
but does not perfectly reproduce the Os-related contribution captured in the NOy channel,
the raw regression estimate ZN02 is expected to overestimate the effective zero level. A
scaling factor A = 0.7 is therefore applied:

Znos = A+ Zno, (3.8)

The sensitivity of the calibration performance to A is evaluated in Supplementary Fig-
ure S26. Calibration performance is optimised near A = 0.7, so this value is adopted empir-
ically in the present framework. This result indicates that the unscaled regression estimate
tends to overestimate the effective zero level.

The gain-corrected concentration is then

Sgain - ZN02
9(T)
The numerator isolates the part of the Stage 1 signal whose amplitude is diagnosed by

titration. Dividing by ¢(7") restores that amplitude, after which the effective zero level

and the additive terms are restored without gain scaling. The correction is bypassed above a

sensor-box temperature cap (Tcap = 35°C), where titration events are too sparse to constrain

the gain curve reliably, and when NOgpase < —2.5 ppb to avoid amplifying noise near the
detection limit. The adopted cap of 35°C represents an increase from the 30°C value used in

Winter et al. [45], extending the correction to approximately 10% more of the minute-level

data. Sensitivity testing across caps of 25-45°C (Supplementary Figure S29) shows that

full-year slope improves monotonically up to Teap &~ 35°C, beyond which the gain curve
relies increasingly on extrapolation into temperature bins with few events and performance
levels off.

NOg g = + Zno, + Sada (3.9)

3.2.6 Stage 3: Rolling offset correction

After the gain correction, a slowly varying residual bias remains. This bias reflects both true
sensor drift and the persistent spatial NOy gradient between the sensor node and its assigned
reference. Stage 3 addresses this remaining error with a temperature-dependent rolling offset
that is intended to correct low-frequency residual bias without altering the gain-corrected
variability recovered in Stage 2.
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Table 3.4: Calibration models for all gas channels. V' denotes the working-minus-auxiliary
electrode differential. O3, NO, and CO are calibrated by Stage 1 regression only, and their
outputs feed the NO; correction stages. [ coefficients follow the notation of [45] with chem-
ically descriptive subscripts.

Species Model

NO2 (Stage 1) Bno, VNO, + BvoVro + Bo, Vo, + BrT + Bru RH + 5o

NO; (Stage 3) Pro, Vo, +g?%Voz — 2Ny + BnoVNO + BrnewT + Bru RH + Bo new
(OF BosVos + Bno, Vo, + Bno Vo + BrT + Bru RH + 5o

NO Bro.rVaor + Bwo.re Vo + Ano, Vo, + BT + Bru RH + 5o

CO BeoVeo + Brno, Vo, + BrT + Bru RH + o

In the main derivation, Sgain = Sno, VNo, + Bo, Vo, and Saad = Bnvo Vo + BrT + fruRH + By. In the
compact Stage 3 table entry, Or newl = BT + b(T, m) and B new = Bo + Zno, are used only as shorthand
to highlight where the offset terms are updated after the gain correction. The Stage 1 NOs model follows
the multivariate linear regression form of Winter et al. [45], but is fit here using weighted least squares.
When ¢g(T) =1 and b = 0, the Stages 3 model reduces to Stage 1.

Within each calendar month, centred in a rolling 5-month window, background hours are
identified as those when the remote reference NO, falls below its 15th percentile. These are
the conditions under which the reference is expected to be most spatially representative of
the sensor location. Within each window, the background hours are binned by temperature
(5°C bins), and the offset is defined as

b(Tk, m) = NOerelewm — NO?7gCTk,m (310)

The per-bin offsets are linearly interpolated to form a continuous b(7,m). When temper-
ature coverage is insufficient, the offset falls back to a scalar b(m). This final stage therefore
updates only the additive part of the calibration, not the multiplicative gain correction estab-
lished in Stage 2. In the compact notation of Table 3.4, this update is represented through
the effective terms Bz new?’ and By new, which absorb the temperature-dependent offset surface
and the restored constant offset, respectively.

Sensitivity to the rolling-window length and percentile threshold is shown in Supplemen-
tary Figure S22. The final calibrated concentration is

NOs final = NOo g + b(T, m) (3.11)

For clarity and completeness, the calibration models used in this study are summarised
in Table 3.4.
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3.3 Results and Discussion

This section evaluates the titration-based gain correction from four complementary perspec-
tives. We first test whether the correction improves agreement with independent truth using
Bay Area sites with withheld colocated reference measurements (Section 3.3.1). We then
examine the titration-ratio diagnostics that identify the underlying error source in Provi-
dence (Section 3.3.2), followed by residual diagnostics that show which systematic biases
are removed and which remain (Section 3.3.3). We next ask whether the fitted gain curves
behave as a reproducible sensor property across nodes and cities (Section 3.3.4). We then
show the practical network-scale consequence of the correction, namely recovery of site-level
NO, variability (Section 3.3.5). Finally, we discuss the main limits of the framework (Sec-
tion 3.3.6).

3.3.1 Validation against withheld colocated truth

We begin with the most direct test of performance: agreement with independent truth. This
validation is carried out in the Bay Area, the only BEACO,N deployment with more than
two colocated regulatory reference sites and therefore the only city where a withheld-truth
design can be implemented while preserving realistic remote-reference options. We evaluate
the four methods in Table 3.2 at two Bay Area sites: node 43, colocated with the San Pablo
reference, and node 42, colocated with the EBMUD reference. Table 3.5 summarises full-year
performance at site 43. For the colocated methods, the table reports single values because
the on-site reference assignment is unique. For the remote methods, it reports the median
and standard deviation across four remote reference assignments, thereby capturing both
typical performance and sensitivity to reference choice. Site 42 results are similar and are
provided in Supplementary Table S3.

The colocated and remote comparisons address two distinct questions. The colocated
case tests whether the dominant calibration error persists even when the sensor is trained
against an on-site reference. The remote case then tests whether the same correction remains
effective under the conditions that apply to most of the network, where no colocated reference
is available. This separation distinguishes structural limitations of the linear model from
errors introduced by remote reference transfer.

In the colocated case, the baseline MLR already performs reasonably well by conventional
metrics, with RMSE of 2.71 ppb and R? = (.74, yet its slope against truth is only 0.72. Even
under direct local reference supervision, a true 10 ppb change in ambient NO, is represented
as only about 7 ppb. Applying the gain correction raises the slope to 1.00.

That slope recovery is accompanied by increases in RMSE (2.71 to 3.62 ppb) and MAE
(1.80 to 2.49 ppb), with a modest decrease in R? (0.74 to 0.69). This pattern is physically
consistent with the removal of dynamic-range compression. A compressed calibration pulls
predictions toward the mean and suppresses apparent scatter around the reference, even
when it is damping real atmospheric variability. Once the gain correction restores the full
amplitude of the signal, scatter-based metrics increase accordingly. For applications that
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Table 3.5: Progressive comparison results at site 43, evaluated against the withheld colocated
reference on hourly data. Colocated methods use on-site reference hours and yield single
values; remote methods report the median + 1s.d. across four remote reference assignments.
Slope is from OLS regression of calibrated values against truth (ideal = 1.0). Site 42 results
are in SI Table S3.

Method RMSE NRMSE MAE Bias Slope R?
(ppb) (ppb) (ppb)
Colocated reference
MLR 2.71 0.44 1.80 —0.15 0.72 0.74
WLS+GC 3.62 0.59 2.49 —0.28 1.00 0.69
Remote reference (median £ 1s.d.)
WLS 3.48+0.52 0.56+0.09 2514+0.51 0.85+£1.26 0.77+£0.11 0.66+0.05
WLS+GC 3.64+0.34 0.59+£0.06 2.70+0.28 —0.79£0.71 0.924+0.07 0.65£0.02

depend on recovering neighbourhood-scale contrasts, this tradeoff is not a weakness of the
correction but a consequence of evaluating a less compressed and therefore more realistic
signal.

The remote case is more operationally relevant. Under remote WLS alone, the median
slope is 0.774+0.11. Adding the gain correction raises the median slope to 0.92+0.07,
showing that most of the missing amplitude can be recovered from the sensor node’s own
atmospheric observations. The spread in slope across reference assignments also decreases,
indicating that the correction makes performance less sensitive to which remote reference
is used in Stages 1 and 3. The remaining departure from unity is therefore more plausibly
attributed to spatial mismatch in the reference-based stages than to failure of Stage 2.

The bias shifts from 40.85 4+ 1.26 ppb under remote WLS to —0.79 + 0.71 ppb under
remote WLS+GC. Restoring dynamic range and reapplying the rolling offset changes not
only the slope but also the mean level. More importantly, the standard deviation of the
bias is reduced, so the final bias is more consistent across remote reference assignments. Its
remaining magnitude lies within the range of pairwise biases among Bay Area EPA reference
stations themselves (Supplementary Figure S17), suggesting that the residual error has been
reduced to the level of spatial variability already present in the regulatory network.

These full-year metrics also place the new framework in context. Winter et al. [45]
report R? = 0.66 and RMSE = 3.16 ppb for remotely calibrated NO, using a linear model
alone. The remote WLS+GC pipeline achieves a comparable RMSE (3.64 + 0.34 ppb) while
improving slope from 0.7740.11 to 0.92+0.07. The main value of the new framework is
not a reduction in headline RMSE, but a substantially more faithful recovery of atmospheric
variability.

Seasonal diagnostics further clarify both the value and the current limits of the framework.
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Figure 3.3 presents seasonal scatter plots for remote WLS and remote WLS+GC at site 43
under a representative reference assignment. Summer (JAS) is the most challenging regime.
Under remote WLS, the JAS slope falls to 0.37 with R?* = 0.10; in winter (DJF), the
corresponding values are 0.64 and 0.53. The gain correction improves both seasons: in JAS,
slope rises from 0.37 to 0.64 and R? from 0.10 to 0.28; in DJF, slope rises from 0.64 to 0.75
and R? from 0.53 to 0.61. The largest absolute improvement occurs in summer, where the
temperature-dependent gain error is expected to be strongest.

At the same time, WLS+GC does not eliminate seasonal degradation. Two factors likely
contribute to the remaining summer difficulty. First, ambient NO, concentrations are lower
in summer, so the signal lies closer to the electrochemical noise floor and the effective signal-
to-noise ratio is reduced. Second, summertime photochemistry may introduce additional
cross-interferences from reactive species that are not represented explicitly in the current
calibration model. The gain correction removes the dominant temperature-dependent bias,
but it cannot compensate for these additional error sources.

A further practical advantage of the remote framework is that training-hour selection
does not depend on a dense set of NO, reference sites. Instead, it uses the accompanying
BEACO3;N COs observations to identify spatially homogeneous periods through the CO,-
index method. This makes the approach portable to cities where a dense NO, reference
network does not exist. The withheld-truth results therefore establish the central empirical
result of the paper: relative to linear remote transfer alone, the titration-based gain correc-
tion recovers substantially more of the true NOy variability under the conditions that matter
for dense-network deployment. The same qualitative pattern is observed at site 42 (Sup-
plementary Table S3), confirming that the improvement is not specific to a single colocated
site.

3.3.2 Titration ratio diagnostics

The withheld-truth analysis shows that the gain correction improves performance. We next
turn to the physical diagnostic that explains why. A temperature-dependent multiplicative
gain error in the NOs electrochemical cell predicts a simple and testable pattern: the titration
ratio R = ANOy/(—AQO3) should deviate systematically from unity as temperature changes.
Providence provides a particularly strong setting for this test because the network spans a
broad seasonal temperature range and all nodes rely on remote-reference calibration. We
focus here on node 261, calibrated against a remote reference approximately 9 km away.
The event-detection algorithm identifies 1,114 nocturnal titration events over the 10-month
deployment period. Figure 3.4 shows how R varies with five environmental quantities before
and after the per-node gain and offset correction.

Before correction, the clearest structure is a pronounced negative correlation between R
and temperature (Spearman p = —0.454, p < 0.001): cold-weather events cluster near or
above unity, whereas warm-weather events fall systematically below 1. This is the expected
signature of a multiplicative gain error whose magnitude increases with temperature. A
weaker but still significant negative correlation with relative humidity is also present (p =
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Figure 3.3: Calibrated NOy versus withheld colocated truth at site 43 for remote WLS (left
column) and remote WLS+GC (right column), evaluated over three windows: summer (JAS;
top), winter (DJF; middle), and full year (bottom). Colour indicates hexbin point density
on a log scale. Dashed line: 1:1. Metrics are computed from a single representative remote
reference assignment; Table 3.5 reports the median across all four assignments.
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—0.140, p < 0.001), together with a positive correlation with baseline NOy (p = +0.326,
p < 0.001) and a weaker positive correlation with Oz drawdown amplitude (p = +0.164,
p < 0.001). In contrast, baseline O shows essentially no relationship with R before correction
(p = +0.004, p = 0.91).

After applying the per-node gain curve and monthly offset, the structure of R changes
in a physically interpretable way. The temperature dependence is effectively removed (p:
—0.454 — —0.035, p = 0.24), and the humidity correlation collapses at the same time
(p: —0.140 — +0.026, p = 0.39), even though the correction is parameterized only on
temperature. That joint disappearance strongly suggests that the two relationships do not
reflect independent environmental controls, but rather a shared underlying sensor process,
most plausibly the effects of temperature on the electrochemical kinetics at the working
electrode [100].

The remaining structure is weaker and more selective. The positive dependence of R on
baseline NOs is reduced but not eliminated (p: +0.326 — +0.210, p < 0.001), indicating that
some concentration-dependent structure remains after the multiplicative correction. The
correlation with O3 drawdown amplitude weakens substantially and becomes only marginally
significant (p: +0.164 — +0.058, p = 0.055), showing that most of the amplitude dependence
is removed together with the gain bias. Finally, baseline O, which showed no detectable
relationship with R before correction, develops a weak positive correlation after correction
(p = +0.095, p = 0.0016). Because this residual structure is small relative to the pre-
correction temperature signal and appears only after the dominant bias is removed, it can
be reasonably interpreted as a secondary atmospheric or concentration-dependent effect than
as evidence against the correction.

Taken together, these diagnostics show that the correction is targeting the correct error
source. The strongest pre-correction structure in R is the one expected from sensor physics,
and it is the one that collapses after applying the node-specific gain curve. What remains is
weaker: a reduced dependence on baseline NO,, a marginal dependence on event amplitude,
and a small positive dependence on baseline O,. Those residuals are consistent with effects
that a temperature-only multiplicative correction would not be expected to resolve fully. The
same qualitative behaviour is observed across all 22 Providence nodes (Supplementary Fig-
ure S4) and in the Bay Area and Los Angeles networks (Supplementary Figures S5 and S6),
indicating that the ideal performance of gain correction at node 261 is representative.

The logic connecting this section to the withheld-truth validation is straightforward.
The Bay Area analysis showed that WLS+GC recovers slope against independent truth.
The Providence analysis shows that this improvement is not a black-box statistical effect:
it corresponds to removal of the specific temperature-structured departure from 1:1 NO-O3
titration expected from a temperature-dependent gain error.

3.3.3 Remote calibration error structure

The progressive comparison shows that the gain correction primarily improves calibration by
restoring slope. We next examine the residual structure in order to identify which systematic
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CHAPTER 3. PHYSICALLY CONSTRAINED NOy, SENSOR CALIBRATION 40

biases are removed by the correction and which persist. Figure 3.5 shows the calibration
residual (calibrated NOy minus withheld truth) as a function of temperature, relative hu-
midity, and reference NOy concentration for the two remote methods at site 43.

Under remote WLS alone, the most prominent feature is a clear temperature-dependent
decline in the residual. Residuals are near or slightly above zero under cool conditions,
but become increasingly negative as temperature rises, reaching their most negative values
under the warmest conditions. This is the same bias diagnosed through the titration-ratio
analysis in Providence, now seen directly against withheld truth. In other words, the baseline
remote WLS calibration systematically underestimates NOy under warm conditions, which is
exactly the behaviour expected from a linear model that uses a single temperature-averaged
sensitivity coefficient.

A corresponding but weaker structure appears in the humidity panels. Residuals are
most negative at the driest conditions, increase toward near-zero or slightly positive values
at intermediate relative humidity, and then decrease again somewhat at the highest humidity.
This is consistent with the fact that low humidity in the Bay Area often coincides with warm
conditions where the gain bias is strongest. The humidity dependence therefore appears
not as an independent source of error, but largely as a secondary reflection of the same
temperature-dependent sensor response.

After applying the gain correction, the temperature-structured bias is substantially flat-
tened. Residuals remain close to zero across most of the observed temperature range, and
the strong warm-temperature underestimation seen under WLS alone is greatly weakened. A
modest negative residual persists above approximately 35°C, where nocturnal titration events
are sparse and the gain curve is therefore least well constrained. The humidity dependence
is flattened at the same time, reinforcing the interpretation from Section 3.3.2 that the ap-
parent humidity sensitivity is largely inherited from the underlying temperature-dependent
gain bias rather than reflecting a separate correction target.

By contrast, the residual dependence on reference NOy concentration changes relatively
little after the gain correction. In both methods, residuals remain near zero at low NO,
and become increasingly negative at higher concentrations. That remaining structure is
not unexpected, because the gain correction is designed to remove temperature-dependent
multiplicative bias, not all residual error. Two effects likely contribute. First, remaining
instrument noise is partly multiplicative and therefore grows with signal amplitude. Second,
spatial mismatch between the sensor and its assigned remote reference becomes most im-
portant during high-NO, episodes, when local source influence is strongest and the two sites
are least likely to sample the same air mass.

This residual analysis clarifies the division of labour among the three stages of the
pipeline. Stage 2 removes the dominant temperature-structured component that cannot
be represented by a linear model. What remains is concentrated in regimes where either
the gain curve is weakly constrained, such as very warm conditions, or where the remote
reference itself becomes a limited proxy for local truth, such as high-concentration episodes.
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Figure 3.5: Calibration residual (calibrated NOy minus withheld truth, ppb) as a function
of temperature (top), relative humidity (middle), and reference NOg concentration (bot-
tom) at site 43, full-year evaluation. Left column: remote WLS; right column: remote
WLS+GC. Colour indicates point density on a logarithmic scale; grey lines show bin means
with 1 standard error bars. The dashed horizontal line marks zero residual.
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3.3.4 Gain-curve convergence across nodes and cities

The preceding sections show that the gain correction improves agreement with withheld
truth and removes the temperature-structured bias expected from sensor physics. The next
question is whether the fitted gain curve reflects a reproducible property of the B43F sensor
response or instead absorbs site-specific atmospheric structure. If the titration diagnostic
is primarily capturing sensor behaviour, then independently estimated gain curves should
converge across nodes exposed to different local environments and, more broadly, across
cities with different climates.

Figure 3.6 presents the per-node gain curves for all three BEACO,N cities. In each
network, the independently fitted curves cluster around a common negative temperature de-
pendence without any city-specific retuning of the method. The network-median slopes are
—0.004°C~! in Providence (22 nodes; median per-node dg/dT = —0.002 [—0.004, —0.0005]),
—0.001°C~! in the Bay Area (41 nodes; —0.0003 [—0.002, +0.0001]), and —0.003 °C~" in Los
Angeles (7 nodes; —0.004 [—0.006, —0.002]). All three are negative, consistent in sign with
the temperature-dependent sensitivity reported for the B43F cell [43]. At a given tempera-
ture, the interquartile spread across nodes within each city remains modest relative to the
total change in the network median over the observed temperature range. This convergence
across nodes exposed to distinct local environments argues that the titration diagnostic is
capturing a reproducible sensor response rather than simply fitting local atmospheric vari-
ability.

The differences in slope magnitude across cities are also physically interpretable. Provi-
dence, which spans the widest annual temperature range, shows the steepest median slope;
the Bay Area, with its more moderate maritime climate, shows the shallowest; and Los
Angeles falls between the two. This ordering is consistent with the same underlying B43F
temperature dependence being expressed under different ranges and covariances of tempera-
ture and humidity. The Bay Area curves show greater scatter near the temperature extremes,
where nocturnal titration events are sparse and the fitted curves are therefore less well con-
strained. Los Angeles, with only 7 nodes, shows the widest interquartile range, reflecting
both the smaller sample size and the more heterogeneous photochemical environment of the
LA basin. Even so, the network medians in all three cities remain monotonically decreasing
with temperature.

The network-level R diagnostics support the same interpretation (Table 3.6). In Prov-
idence and the Bay Area, the pre-correction median R is well below unity (0.65 and 0.54,
respectively), indicating that the Stage 1 calibration systematically under-reports NOy vari-
ability during titration events. After correction, both networks shift toward nearly the same
median value (R =~ 0.9) with similar interquartile ranges, and the fraction of events within
the physically expected range R € [0.7, 1.3] roughly doubles (from 39% to 81% in Provi-
dence and from 24% to 79% in the Bay Area). Although the fitted gain curves differ in slope
and shape between climates, the correction moves both networks toward the same physically
expected 1:1 titration behaviour.

Los Angeles presents a qualitatively different pre-correction pattern: the median R is 1.10,
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Figure 3.6: Per-node gain curves across three cities: (a) Providence, (b) Bay Area, (c) Los
Angeles. Thin lines show individual nodes; bold black lines show the network median;
shading indicates the interquartile range. The median slopes are annotated. The dotted
horizontal line marks g(7") = 1.

above unity rather than below it, indicating that the Stage 1 calibration over-reports NO,
variability during titration events. This most likely reflects the proximity of both available
LA reference stations to major transportation sources. North Main Street station is located
within 1 km of highways in all directions, and West Los Angeles station is approximately
220 m from the nearest highway. Both stations therefore read systematically higher in NO,
than most sensor locations in the network. The Stage 1 WLS regression, trained against this
elevated reference, fits an inflated NOy sensitivity coefficient that amplifies the calibrated
ANO, during titration events at the sensor sites. Because Oz is more spatially homogeneous,
the calibrated —AOQj is less affected, and the ratio R exceeds unity. In Providence and the
Bay Area, by contrast, nodes can be assigned to the reference station that best matches their
local NO, regime, reducing this reference-mismatch effect. Despite the opposite starting
point in Los Angeles, the per-node gain correction brings the network to a post-correction
median of 0.99 with 89% of events within [0.7, 1.3], closer to the ideal than either of the
other two cities. That the same framework corrects both under- and over-reporting of NOy
variability without city-specific tuning provides additional evidence that the gain curve is
diagnosing a genuine sensor property rather than a statistical artefact of a particular reference
configuration.

The full per-node distributions of R before and after correction are shown in Supplemen-
tary Figure S4 (Providence) and Figures S5 and S6 (Bay Area and Los Angeles). In all three
cities, the distributions shift toward more compact shapes near R = 1.

Together, these convergence tests strengthen the physical interpretation of the method.
The gain curve is not merely a flexible empirical adjustment that improves validation statis-
tics at an individual site. Rather, it behaves as a reproducible feature of the sensor response
that can be estimated independently from each node’s own atmospheric observations and
that corrects gain errors in both directions across climatically distinct deployment settings.
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Table 3.6: Titration ratio R diagnostics before and after gain and offset correction. Med. R
is the median across per-node median values; IQR is the interquartile range across per-node
medians; R € [.7,1.3] is the percentage of individual events falling within that range.

Before correction After correction
City Neyi Med. R IQR [0.7,1.3] Med. R IQR [0.7,1.3]
Providence (22 nodes) 39,653 0.65 [0.50, 0.83] 39% 0.91 [0.78, 1.04] 81%
Bay Area (41 nodes) 111,382 0.54 [0.42, 0.71] 24% 0.91 [0.77, 1.04] 79%
Los Angeles (7 nodes) 41,476  1.10  [0.89, 1.28] 69% 0.99  [0.89, 1.10] 89%

3.3.5 Recovery of site-level NO, variability

The preceding sections show that the gain correction improves agreement with withheld
truth, removes the dominant temperature-structured bias, and behaves consistently across
nodes and cities. We now turn to its practical consequence at network scale: recovery of the
site-level dynamic range that remote linear calibration compresses.

A remote-reference linear calibration assigns a single effective sensitivity to the NO,
electrode across all training temperatures, optimized to minimize the average residual against
a distant reference. That objective can produce reasonable agreement in the mean while
attenuating departures from the local site mean in both directions. Because the gain curve
is estimated from each node’s own titration events, the per-site correction restores the node-
specific dynamic range that the remote linear fit cannot represent.

Figure 3.7 summarizes this effect using three network-wide diagnostics for the Providence
deployment, evaluated against each node’s assigned reference and interpreted alongside the
Bay Area inter-reference diagnostics (Supplementary Figure S17), which provide a bench-
mark for the disagreement expected solely from spatial heterogeneity among regulatory-grade
stations.

Mean bias (Panel a) is already near zero before correction at most nodes, as expected from
the WLS objective function. Because Stage 1 is trained to minimize squared residuals against
the assigned reference, small mean bias does not by itself imply accurate site-level calibration.
After correction, biases shift modestly at some nodes as the gain correction changes the
effective sensitivity and Stage 3 re-anchors the absolute level. The post-correction biases
lie within the range of pairwise biases among Bay Area EPA stations (roughly 1-6 ppb at
separations of 1-40 km; Supplementary Figure S17).

The variability ratio (Panel b) and OLS slope (Panel ¢) provide more direct measures of
dynamic-range recovery. Before correction, both are suppressed below unity at most nodes,
indicating that the baseline calibration compresses the temporal spread of the NO, signal.
After correction, both shift upward toward unity across the network, with post-correction
values falling within the range of inter-reference agreement among Bay Area EPA AirNow
stations. This recovery of variance and slope is the clearest network-scale consequence of



CHAPTER 3. PHYSICALLY CONSTRAINED NOy, SENSOR CALIBRATION 45

(a) Mean bias (b) Variability (c) Dynamic range

UH uﬂ UHUHUH = DHD UHDH B B | LT 1:2
TP ym M e

o R N

Mean Bias (ppb)
4

1 1 1 1
o o & ow
o ratio (sensor / reference)
o o o o =~
s N 0 9w o
g & & & 8
0
)
0 e
R
— '
]
N —
]
S —
1
——————
OLS Slope
o o o o o
o v B o
0 e

S P DO DO S D DN D © A @O AN N PO ON D 0 a
AP AP A N D AP AP ACAP RO AN A NOACAGATHNANTY AP PP AP AP AONCAONATN RN AN DN P AR A
=9 Before correction [ After correct

Figure 3.7: Network-wide calibration diagnostics for all 22 Providence nodes, evaluated
against each node’s assigned reference. (a) Mean bias (ppb). (b) Variability ratio: standard
deviation of the calibrated sensor divided by that of the reference. (c) OLS slope of cali-
brated sensor against reference. Green: before gain correction; purple: after gain and offset
correction. Dashed lines mark zero bias, unit variability ratio, and unit slope.

applying a per-site multiplicative correction informed by each node’s own atmospheric ob-
servations.

The variability-ratio diagnostic is conceptually related to moment matching [101], a re-
mote calibration approach that derives slope and offset corrections by matching the mean and
standard deviation of the sensor distribution to those of a proxy reference over the same pe-
riod. That approach is effective for correcting bulk distributional shifts, but it assumes that
the true concentration variability at every sensor site matches that of the proxy reference. In
a dense urban network, this assumption suppresses exactly the site-to-site differences in NOy
variability that arise from local source proximity, street geometry, and ventilation. Those dif-
ferences are central to the dense-network applications that motivate the observations in the
first place, including exposure disparity mapping and neighbourhood-scale emission quan-
tification. The titration-based gain correction avoids this limitation because it diagnoses
multiplicative error from each node’s own atmospheric signal rather than rescaling the node
to match a distant reference distribution. It therefore restores local dynamic range while
preserving the heterogeneous variability that dense urban networks are designed to resolve.

3.3.6 Limitations

The analyses above show that the gain correction removes the non-linear temperature-
dependent bias in the NO, calibration, but they also unveil the current limits of the frame-
work. These limits are most evident under summer conditions, when ambient NOs is low
and the signal approaches the electrochemical noise floor. More broadly, the remaining un-
certainties arise from incomplete warm-temperature constraint on the gain curve, unresolved
behaviour of the O3 electrode and the NOy zero level, use of remote hourly references, and
departures from ideal titration chemistry.
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A first limitation is the sparse warm-temperature coverage of titration events. Nocturnal
titration events occur predominantly on cooler nights, so the warm-temperature bins used
to construct g(T') are relatively poorly sampled even though the gain error is expected to
be largest at high temperature. The hold extrapolation and Tcap bypass reduce the risk
of overcorrection in this regime, but they do not fully compensate for the lack of direct
observational constraint. This limited warm-temperature sampling likely contributes to the
residual summer degradation seen in the withheld-truth validation, together with the smaller
summertime NO, signal itself.

A second limitation is that the Oz electrode likely has its own temperature-dependent
sensitivity (gox(7) # 1), which cannot be separated cleanly from the NOs response using a
single NO-QOj titration constraint. Degradation of the ozone filter on the B43F sensor further
complicates this interpretation [43, 46]. As the filter depletes, the NOy electrode becomes
increasingly sensitive to Og, which can bias both the WLS decomposition and the inferred
titration slope. Winter et al.[46] suggest that this degradation is slow enough to be a minor
effect over the deployment periods considered here, but it may become more important over
longer deployments.

Related to this, estimation of the NOs zero level Zno, remains one of the more weakly
constrained parts of the pipeline. This component is sensitive to tuning choices (Supplemen-
tary Figures S25 and S26). The regression used to estimate Zyo, relies on hours identified
as near-zero NO, by the remote reference, and the empirical scaling factor \ is introduced to
compensate for the imperfect correspondence between the O, electrode signal and the actual
O3 contribution to the NOy channel. Better characterization of O3 cross-sensitivity, or direct
measurement of ozone-filter attenuation, would help constrain this part of the pipeline more
physically.

Additional limitations arise from the use of remote hourly reference data. The rolling
offset applied in Stage 3 necessarily conflates true sensor drift with the persistent spatial
NO, gradient between the sensor node and its assigned remote reference. Without a colo-
cated reference, these two contributions cannot be separated. In addition, because AirNow
observations are available only at hourly resolution, the pipeline cannot correct sub-hourly
bias structure. More broadly, any remaining interference from reactive species or chemical-
state variables that are not measured across the network cannot be represented explicitly in
the current model. This is likely part of the reason that summer calibration remains more
difficult even after the gain correction.

The framework also assumes that the detected events approximate ideal 1:1 NO-Oj
titration. In practice, incomplete mixing within the sensor footprint, nearby fresh-NO plumes
arriving during an event, and residual photochemistry near the edges of the night window
can all perturb the observed ANO,/(—AO3) ratio. The event-quality filters are designed to
remove the most contaminated events, but they cannot eliminate all departures from ideal
stoichiometry.

The main conclusions are not highly sensitive to reasonable implementation choices de-
spite these limitations. The circular dependency between O3 and NOy calibrations changes
g(T) by less than 0.2 units across alternative Og references (Supplementary Figure S24), and
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one-at-a-time changes in event-detection parameters alter g(7") by less than 0.1 units across
all other tested configurations (Supplementary Table S2). These sensitivity tests indicate
that, although the framework remains imperfect, its central findings do not depend on a
narrow set of tuning choices. With the currently available observations, WLS+GC therefore
represents the most complete implementable framework for network-wide NO, correction,
even though further improvement will likely require additional measurements beyond those
currently available at BEACO,;N nodes.

3.4 Conclusions

This study develops a physically constrained calibration framework for electrochemical NO,
sensors in dense urban monitoring networks. The central result is that the dominant remain-
ing error in non-colocated NO, calibration is not reference distance alone, but unresolved
temperature-dependent multiplicative gain. Standard linear calibration assigns a single ef-
fective sensitivity across the full range of operating conditions and therefore compresses the
sensor dynamic range. Because this limitation persists even under colocation, the main ob-
stacle is not simply the lack of a nearby reference monitor, but the inability of a linear model
to represent the underlying sensor response.

We address this problem by combining remote WLS regression with a titration-based
gain correction that uses each sensor node’s own nocturnal atmospheric observations. During
NO-Og titration events, the stoichiometric relationship between O3 loss and NO, production
provides a physically interpretable diagnostic of gain error. This allows a temperature-
dependent gain curve to be estimated independently at each node, after which a rolling
temperature-dependent offset is applied to correct the slower residual bias that remains.

Four main conclusions follow from the results. First, the gain correction is a dominant
contributor to improved performance under realistic non-colocated conditions. In Bay Area
withheld-truth tests, it recovers much of the slope lost under both colocated and remote
linear calibration, when other calibration performance metrics (i.e., RMSE, NRMSE, MAE,
R?, bias) change only modestly. Second, the correction targets the physically relevant error
source. The node-specific gain correction removes the strong temperature dependence of
the titration ratio and simultaneously collapses its residuals with respect to temperature,
humidity, and baseline NO,, indicating that the dominant residual structure arises from a
common underlying sensor process. Third, independently estimated gain curves converge
across nodes within Providence and show qualitatively consistent behavior in the Bay Area
and Los Angeles, supporting the interpretation that the titration diagnostic captures a repro-
ducible sensor property rather than a purely local atmospheric artefact. Fourth, at network
scale, the correction provides a practical scientific benefit beyond improved slope: it restores
the site-level dynamic range of NO, variability that a remote linear fit cannot fully preserve.

These results show that atmospheric chemical constraints can provide calibration infor-
mation that cannot be recovered from remote regression alone. In this framework, the sensor
node’s own atmospheric observations are not only an evaluation target but also an essential
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calibration input. That distinction is especially important for dense urban networks, where
most nodes cannot be permanently colocated with reference instruments but where accurate
recovery of local variability is necessary to interpret neighbourhood-scale gradients, chemical
environments, and exposure contrasts.

The framework also has clear limitations. Warm-temperature conditions remain less
well constrained because strong nocturnal titration events are less common on warm nights,
even though gain departures are expected to be largest there. The method does not fully
separate the temperature-dependent responses of the NO, and Oj electrodes, estimation
of the effective NOy zero level remains partly empirical, and the rolling offset necessarily
combines true sensor drift with persistent node-to-reference spatial gradients. In addition,
because the method relies on remote hourly reference data, it cannot resolve all sub-hourly
or chemistry-dependent residual errors.

Despite these limitations, the main conclusions are robust to reasonable implementation
choices, and the framework substantially improves the scientific usefulness of non-colocated
NO, measurements. With the currently available observations, WLS+GC provides the most
complete implementable approach for network-wide NO, correction in BEACO,N-alike sen-
sor networks. More broadly, this work shows that physically constrained calibration can
extend accurate NO,; measurements beyond permanently colocated sites and provides a
scalable path for improving high-resolution urban observations in applications ranging from
exposure assessment to emissions evaluation.
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Chapter 4

Cross-City Comparison of
Transportation and Residential NO,
and CO Emission Factors Inferred
from Dense Urban Observations

4.1 Introduction

Urban emissions of air pollutants and greenhouse gases remain difficult to represent ac-
curately. Activity-based inventories must assign emission factors to diverse combustion
sources—vehicles, residential heating systems, and industrial activities—on grids of a few
to tens of kilometers, often using values derived from laboratory tests, fleet models, or fuel-
use statistics that may not reflect local conditions. Urban sources are also highly heteroge-
neous in space: highways, residential neighbourhoods, and industrial facilities can lie within
hundred-meter scales of one another while contributing very different emission signatures.
Residential heating is especially variable, spanning modern low-NO, gas furnaces as well as
older oil- and propane-fired systems, with the source mix differing sharply across cities and
neighbourhoods. Capturing this fine-scale structure is essential for evaluating mitigation
policies and understanding disparities in air pollution exposure. Yet the emission factors
embedded in current inventories are rarely tested against observations at the scales where
these differences matter most.

Dense urban sensor networks offer a way to verify these emission factors observationally.
By measuring co-emitted tracers such as NO,, CO, and CO4 at 20 — 50 of fixed locations
within a city, these networks capture both the spatial decay of roadway signals and the dis-
tributed background from area sources such as residential heating. Because NO, and CO are
predominantly co-emitted with CO, during fossil fuel combustion, the surface enhancement
ratio AX/ACO; reflects the effective emission factor of the local source mix, with atmo-
spheric dilution affecting numerator and denominator similarly. This approach has been
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used at individual monitoring stations, near-road transects, and satellite pixels, but these
applications usually sample only a limited range of source types at one location and cannot
resolve how enhancement ratios vary across source sectors within an urban area [102, 39,
65]. Dense networks extend this framework by resolving both the near-roadway signal and
the broader urban background across space.

The Berkeley Environmental Air-quality and COy Network (BEACO2N) has operated in
the San Francisco Bay Area at roughly 2 km spacing since 2012 [35], with newer deploy-
ments in Los Angeles and Providence since 2022. Its combination of CO, and air-quality
measurements at neighbourhood scale has supported a growing body of observational emis-
sions research, including city-scale COq trend detection and sectoral attribution [49, 52,
50, 103], point-source emissions quantification [104, 105], and characterisation of residen-
tial heating behavior across cities [106]. More recently, enhancement-ratio analyses showed
that ANO,/ACOy and ACO/ACO, decay approximately exponentially with distance from
major highways, allowing sector-specific emission factors to be inferred from the fitted near-
highway amplitude and far-field plateau [107]. In that framework, the near-highway limit
represents transportation sources, whereas the far-field plateau represents distributed resi-
dential combustion after direct roadway influence has mixed away.

That framework has so far been demonstrated in only one city. In the San Francisco
Bay Area, transportation ANO,/ACO, and ACO/ACO, agree well with on-road inven-
tory values, whereas the residential NO, emission factor is substantially lower than the
inventory [107]. This result suggested that inventories may overestimate the NO, inten-
sity of residential combustion, but it remained unclear whether the discrepancy was specific
to the Bay Area or reflected a more general feature of residential-emission parameterisa-
tion. The portability of the ER-versus-distance framework to cities with different climates,
fleet compositions, and fuel mixes has also not been tested. A recently developed physi-
cally constrained calibration framework for electrochemical NOs sensors resolves nonlinear
temperature-dependent gain errors and enables consistent NO, comparisons across multiple
deployments (see Chapter 3), making such a cross-city test possible.

Here we extend the observational emission-factor framework to a three-city comparison
spanning the San Francisco Bay Area, Los Angeles, and Providence, Rhode Island, using
BEACO3N deployments in all three cities. These cities provide a useful experimental con-
trast. The two California cities are both dominated by natural gas in the residential sector,
but differ substantially in urban layout, traffic characteristics, and the spatial configuration
of the sensor network. Providence, by contrast, has a colder winter climate, stronger heating
demand, and a more diverse residential fuel mix that includes appreciable fractions of fuel
oil and liquefied petroleum gas in addition to natural gas. Applying the same ER-versus-
distance framework across all three cities makes it possible to distinguish patterns that are
reproducible across gas-dominated cities from those that vary with fuel mix, climate, or
deployment geometry.

This study evaluates the consistency of observationally inferred transportation and resi-
dential emission factors across the three cities and examines the factors that shape cross-city
variation. It also compares the inferred emission factors with a gridded inventory—here
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GRAZPES v1.0 [12]to assess the character of observation-inventory disagreement. The
two species provide complementary leverage in that comparison. ANO,/ACO; is more
closely linked to fuel type, combustion conditions, and source composition, making it es-
pecially informative about whether the inventory represents the local source mix correctly.
By contrast, ACO/ACO, reflects a broader set of combustion conditions and source contri-
butions, making it useful for evaluating how inventories partition emissions across sectors.
Together, these two ratios provide a framework for distinguishing mismatches related mainly
to source composition from those related more to sector allocation.

4.2 Measurements and Methods

4.2.1 Networks and observations

This analysis uses observations from the Berkeley Environmental Air-quality and COy Net-
work (BEACO,N) in three U.S. metropolitan regions: the San Francisco Bay Area, Los
Angeles, and Providence, Rhode Island. Each network uses Alphasense B-type electrochem-
ical sensors for NO, NO,, and CO, together with Vaisala CarboCap nondispersive infrared
COg sensors. Nodes are mounted primarily on one-story school rooftops at ~1-3 km spac-
ing [35, 44, 45]. Hardware, firmware, and primary data-processing pipelines are common
across all three deployments. NOy is defined here as the sum of NO and NO,, computed
from the independently calibrated NO and NOy channels at each node.

NO, is calibrated using the physically constrained three-stage framework described in
Chapter 3. NO, CO, and CO, are calibrated using the rolling multivariate linear regression
framework described by Winter et al [45]. Wind data used for highway-distance calculations
and wind-direction filtering are obtained from the Synoptic Data MesoWest cooperative
mesonet [73], averaged to hourly resolution, and matched to the nearest BEACO,N node.

Figure 4.1 shows sensor locations and nearby major highways for the three deployments.
Approximately 25 of Bay Area nodes (2022), 8 of Los Angeles nodes (2023), and 20 of
Providence nodes (2023) provided data passed the data-completeness and regression-quality
filters described in Section 4.2.2.

4.2.2 Enhancement ratio computation and distance-decay fitting

Enhancement ratios and their distance-decay relationships are computed following Zhu et
al. [107], extended here from the Bay Area to Los Angeles and Providence. ERyo, and
ERco denote the measured enhancement-ratio profiles (ANO,/ACO, and ACO/ACO, as
functions of distance), whereas EFyo, and EFco denote the emission factors inferred from
those profiles or extracted from GRA?PES.

For each sensor node, hourly enhancements AX and ACO,, where X is NO, or CO,
are defined relative to a rolling network background taken as the 5th percentile of network-
median concentrations within a 4-week moving window. Hourly AX-ACO, pairs are then
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Figure 4.1: Sensor node locations for the three BEACO3N deployments: (a) San Francisco
Bay Area, (b) Los Angeles, (¢) Providence. Major highways (Interstate and state routes)
are shown as grey lines. Filled blue circles indicate where the sensor nodes are installed.

selected within a seasonal window, a time-of-day window, and a wind-direction window
oriented toward the nearest major highway. The seasonal windows are summer (June, July,
August, September, JJAS) and winter (December, January, February, DJF). The time-of-
day windows are morning rush hour (06-09 local) and late night (00-03 local). City-specific
wind-direction windows and other fitting settings are listed in Supplementary Table S1.

Within each pooled subset, the node-level enhancement ratio (ER) is defined as the
bivariate least-squares slope of AX against ACOs in units of ppbv/ppmv [62]. Following
Zhu et al. [107], nodes with regression R? < 0.5 are excluded from the subsequent distance-
decay analysis.

The resulting node-level ERs are then arranged by each node’s distance to the nearest
highway along the local hourly wind vector and fitted with

ER(d) = a - exp(—d/k) + ¢, (4.1)

where a is the near-highway amplitude, £ is the e-folding mixing length, and c is the far-field
plateau. In this framework, the transportation emission factor is defined as the extrapolated
near-highway value, a + ¢, while the residential emission factor is defined as the far-field
plateau, c.

Uncertainties in the fitted parameters (a, k, and ¢) and in the derived emission factors are
reported as £1 standard error from the nonlinear least-squares fit, based on the parameter
covariance matrix. For the transportation emission factor, a + ¢, the propagated variance is

Var(a + ¢) = Var(a) + Var(c) + 2 Cov(a, c).
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Per-city analysis settings, including seasonal month ranges, time-of-day windows, wind-
direction windows, bivariate regression error scaling, and the set of major highways used in
the distance calculation, are listed in Supplementary Table S1.

4.2.3 Comparison with GRA?PES inventory

Observed emission factors are compared against the U.S. Greenhouse Gas and Air Pollu-
tant Emissions System (GRAZPES) v1.0 [12], a 4 km hourly gridded inventory with sector-
resolved emissions and weekday—weekend and diurnal temporal profiles.

For each city, inventory emissions are extracted over the geographic footprint of the
sensor network using a city-specific bounding box. A land mask based on the residential
COy emission field is applied to exclude unpopulated grid cells. For transportation, three
on-road sector groupings are considered: on-road gasoline alone (ONROAD_GAS), on-road
diesel alone (ONROAD_DSL), and the combined on-road total. Residential combustion is
represented by the RES sector. For residential-sector comparisons, the lowest 5th percentile
of COy pixel-level values within each network footprint is excluded, removing about 3% of
the data.

Inventory emissions are grouped by season, local time window, and sector using the same
seasonal and time-of-day definitions applied to the observations. For each city, season, time-
of-day window, and sector, NO,, CO, and CO, emissions are summed across the masked
network footprint and across the three months within that season before taking the ratio.
The resulting seasonal emission ratio, computed in mol/mol, is converted to ppbv/ppmv by
multiplication by 103.

For comparison with the observationally inferred emission factors, the reported GRA2PES
values are the pixel-median emission factors within each network footprint for the selected
season and time-of-day window, reported separately for the transportation and residential
sectors. Per-pixel spatial-variability statistics for the inventory fields are listed in Supple-
mentary Table S3.

4.3 Results and Discussion

The results are organised in three parts. Section 4.3.1 examines whether near-highway
gradients resolve transportation emission factors in each city and compares the inferred values
with GRA?PES on-road sub-sectors. Section 4.3.2 turns to the far-field plateau under winter
midnight conditions to isolate residential emission factors, estimates oil-heating emission
factors from the cross-city contrast in fuel mix, and evaluates the inventory comparison for
both species, including the role of off-road sources in explaining the different behaviour of
NOy and CO. Section 4.3.3 discusses the main uncertainties and limitations of the analysis.
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4.3.1 Transportation emission factors from near-highway
gradients

Figure 4.2 shows a clear decline in ER with distance from the nearest highway in two cases:
the Bay Area during summer morning rush hour and Providence during winter morning
rush hour. In both cities, the observations are consistent with the exponential form in
Equation 4.1, indicating that the ER-versus-distance framework resolves a distinct near-
highway enhancement against a broader urban background. The Bay Area profile drops
rapidly and approaches a stable background within about 2 km, whereas the Providence
profile decays more gradually over a longer distance range. The fitted parameters in Table 4.1
quantify this contrast. The Bay Area e-folding lengths are 186 + 93 m for ERyo, and
200+ 140 m for ER¢o, whereas Providence yields 444 + 460 m and 524 +480 m, respectively.
The Bay Area k values are reasonably well constrained, with fractional uncertainties of
approximately 50-70%, whereas the Providence k values carry uncertainties comparable to
the estimates themselves, reflecting the small number of near-highway nodes available to
constrain the steep part of the decay. These k£ uncertainties do not enter the definition of
EF transportation directly, because the transportation EF is defined as a 4+ c¢. However, poor
constraint on k can still broaden the uncertainty in the fitted values of a and ¢ through
parameter covariance, and therefore reduces the precision with which the decay structure
can be compared across cities. Within each city, the e-folding lengths for NO, and CO are
similar (Bay Area: 186 m vs. 200 m; Providence: 444 m vs. 524 m). This similarity is
expected because the decay is governed by physical turbulent mixing rather than chemical
loss at these spatial scales. At typical wind speeds of 0.5-2 m/s, transport from the highway
to 2 km downwind takes roughly 15-60 minutes, far shorter than the NO, photochemical
lifetime (approximately 5 hours at midday in summer); CO is effectively inert on these
timescales. The modest difference that does exist—k is slightly shorter for NO, in both
cities—Ilikely reflects differences in the spatial distribution of sources. Off-road equipment
and other distributed combustion sources contribute a larger fraction of urban CO than of
urban NO,, which may smooth the highway-to-background transition over a slightly longer
distance for CO.

Providence also has a higher NO, far-field level (¢ = 0.50 versus 0.35 ppbv/ppmv), con-
sistent with a stronger distributed winter background, likely reflecting residential heating.
The shorter Bay Area decay length is consistent with stronger summer daytime mixing,
whereas the longer Providence decay length is consistent with more stable winter conditions
that allow roadway signals to persist over a broader horizontal footprint. Because the trans-
portation EF is defined as a + ¢, the near-road signal is recovered relative to a city- and
season-specific background rather than a common baseline.

The Bay Area transportation emission factors, EFyo, = 1.2140.23 ppbv/ppmv and EF ¢
= 10.68+2.45 ppbv/ppmv, are modestly higher than the 1.04+0.02 and 7.8 £0.6 ppbv/ppmv
reported by Zhu et al. [107] for the same network in 2022. This shift likely reflects a combi-
nation of methodological differences. First, Zhu et al. [107] reported uncertainty on a alone,
whereas the present estimates propagate uncertainty through both a and ¢, including their
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Figure 4.2: Enhancement ratios as a function of distance to the nearest highway for the
Bay Area summer morning rush hour and Providence winter morning rush hour: (a) ERxo,
= ANO,/ACO, and (b) ERco = ACO/ACO,. Points show per-node ER values from
bivariate least-squares regression of AX versus ACOy hourly pairs within the respective
seasonal, wind-direction, and time-of-day windows. Dashed curves are least-squares fits
to Equation 4.1. Stars mark EFiansportation = @ + ¢ obtained by extrapolating the fit to
d = 0. Per-node error bars are bivariate regression uncertainties. Fit parameters are listed
in Table 4.1. Per-city analysis settings are listed in Supplementary Table S1; full ER-versus-
distance panels for all profiles are shown in Supplementary Figures S1-S3.

Table 4.1: Fitted parameters of Equation 4.1 for the near-highway decay cases shown in
Figure 4.2. a: near-highway amplitude; k: e-folding mixing length; ¢: far-field plateau;
EF i ansportation (= @ + ¢): transportation emission factor at d = 0. All emission-related
quantities are in ppbv/ppmv; k is in meters.

City SpeCieS a k c EFtransportation
(ppbv/ppmv) (m) (ppbv/ppmv)  (ppbv/ppmv)
SF Bay Area ERno, 0.85 4+ 0.23 186 + 93 0.354+0.04 1.21 £0.23
ERco 6.71+240 2004140 3.97+0.46 10.68 4+ 2.45
Providence ERno, 0.92+£1.10 444 4 460 0.50 £ 0.05 141 +1.17
ERco 4.314+3.60 5244480 3.76 = 0.38 8.07 £ 3.72
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covariance. Second, plausible alternatives in wind-direction and time-window selection can
shift the inferred EF by up to ~20%. Third, and most importantly for NO,, the gain cor-
rection restores near-highway signal amplitude that was partly suppressed under the earlier
calibration. Overall, agreement at the level of approximately 20% supports the robustness
of the Bay Area estimate, while also indicating that transportation EFs inferred from the
distance-decay framework should not be overinterpreted more precisely than that.

Los Angeles does not yield a resolvable transportation emission factor because the net-
work lacks sites sufficiently close to major highways to constrain the near-highway amplitude.
In that limit, Equation 4.1 becomes weakly constrained, and the network-median ER is bet-
ter interpreted as a far-field quantity (Supplementary Figure S3 and Table S1). Rather than
contradicting the framework, this outcome highlights a practical deployment requirement:
recovering EF i ansportation Observationally requires at least some sites within roughly 100 m
of major roadways.

Table 4.2: Comparison of observed transportation emission factors with GRA2PES on-road
sub-sector values. Observed EFs are the extrapolated near-highway value a + ¢: Bay Area
from summer morning rush hour (JJA, 06-09 local), Providence from winter morning rush
hour (DJF, 05-09 local). Los Angeles is omitted because the network geometry does not
resolve a transportation EF. GRA2PES columns show on-road gasoline, on-road diesel, and
the combined on-road total, extracted over each network footprint for the corresponding
season and time-of-day window. Full sub-sectoral breakdown in Supplementary Table S2.
All values in ppbv/ppmv.

BEACO,N GRAPES
City Species Observed Gasoline  Diesel  Gasoline+Diesel
SF Bay Area  EFno, 1.214+0.23 0.64 2.77 1.10
EFco  10.68 +2.45 8.14 1.83 6.78
Providence EFvo, 1.41+1.17 0.79 2.77 1.63
EFco 8.07 £3.72 9.90 1.83 6.47

Table 4.2 compares the observational transportation EFs with GRA2PES on-road values.
For EFyo,, the observed values fall between the inventory gasoline and diesel sub-sector val-
ues in both cities. In the Bay Area, the observed value (1.21 ppbv/ppmv) is close to the com-
bined on-road total (1.10 ppbv/ppmv). In Providence, the observed value (1.41 ppbv/ppmv)
falls below the winter combined total (1.63 ppbv/ppmv) but remains within the range
bounded by the gasoline and diesel values. This pattern is consistent with the Providence
near-highway fleet being somewhat more gasoline-dominated than the footprint-average fleet
composition in GRA?PES, although the large uncertainty (£1.17 ppbv/ppmv) means that
this inference should be viewed as suggestive rather than definitive. Overall, the NO, compar-
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ison indicates that the inferred transportation signal is broadly consistent with the on-road
inventory structure.

The CO comparison is less uniform. In the Bay Area, the estimate (10.68 ppbv/ppmv)
exceeds both the gasoline sub-sector (8.14 ppbv/ppmv) and the combined on-road total
(6.78 ppbv/ppmv), although the gasoline value still lies within the 1o range of the obser-
vation. Several explanations are plausible. One is that sources assigned to other inventory
sectors, particularly off-road emissions, contribute CO in near-highway environments and not
in residential environments; the monthly sectoral composition in Supplementary Figure S7
shows that off-road sources represent a substantial fraction of summer CO emissions in all
three cities. Cold-start and idling emissions may also contribute [108]. In Providence, by
contrast, the observed value (8.07 + 3.72 ppbv/ppmv) falls below the winter gasoline sub-
sector (9.90 ppbv/ppmv) and within the gasoline—diesel range, remaining broadly consistent
with the on-road inventory.

4.3.2 Residential emission factors from the far-field plateau

The transportation analysis above identifies the spatial scale over which direct roadway
influence decays. Beyond about 2 km from the nearest highway, the resolved Bay Area
and Providence profiles are already close to their background level, so the remaining ER
can be interpreted primarily as a distributed urban signal. Following Zhu et al. [107], this
stable far-field plateau is identified with the residential emission factor. Figure 4.3 shows
winter midnight ERxo, and ER¢o for all three cities; per-city fit parameters are listed in
Supplementary Table S4.

For both species, the Bay Area and Los Angeles yield similar values (EFno, =~ 0.27-
0.30 ppbv/ppmv and EFco &~ 2.5-2.9 ppbv/ppmv), whereas Providence is higher (EFyo,
= 0.45 + 0.06 ppbv/ppmv and EFco = 3.66 & 0.39 ppbv/ppmv). The close agreement be-
tween the two California cities, despite their different urban layouts and network geometries,
suggests that the residential signal is reasonably reproducible when the dominant combustion
mix is similar.

A plausible explanation for the higher Providence values is fuel composition. The Bay
Area and Los Angeles are overwhelmingly natural-gas-dominated, whereas Providence in-
cludes appreciable fractions of heating oil (15%) and liquefied petroleum (3%, LP) (Supple-
mentary Figure S4). Oil- and LP-fired systems generally emit more NO, or CO per unit CO4
than modern gas appliances, and the same city ordering in ACO/ACOs is consistent with
a larger contribution from less efficient combustion in Providence. The parallel behaviour
across both species therefore supports a source-based interpretation, although it does not
prove a unique mechanism. The GRAZPES monthly sectoral composition (Supplementary
Figure S6) also shows residential combustion as a larger fraction of winter NOy in Prov-
idence than in the two California cities, consistent with the stronger observed residential
EFxo, there.

The cross-city contrast also permits a rough estimate of the emission factor associated
with non-gas heating in Providence. Because electric heating does not produce combus-
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Figure 4.3: Winter midnight enhancement ratios as a function of distance to the near-
est highway for the three BEACO:N cities: (a) ERnxo, = ANO,/ACOy and (b) ERco =
ACO/ACO,. Each point represents one sensor node from its city’s winter midnight pool.
Dashed horizontal lines indicate the fitted far-field plateau c for each city, with shaded bands
showing the fit uncertainty. The vertical dotted line at 2 km marks the threshold beyond
which near-highway contribution is negligible given the k£ values recovered in Figure 4.2. The
plateau c is identified with EFcgidential following Zhu et al. [107].

tion emissions within the network domain, only fuel-burning households contribute to the
observed AX/ACO,. Excluding electric heating from the Providence fuel mix and round-
ing the census shares gives approximately 80% natural gas and 20% oil+LP (Supplemen-
tary Figure S4). Taking the California observations as an idealized natural-gas-only case
(EFcogas = 2.5 ppbv/ppmv and EFNo, gas & 0.28 ppbv/ppmv), a simple two-component
mixing model gives
EFX,observed —0.80 EFX,gas
0.20 ’

which yields EFco oiiLp = 8 ppbv/ppmv and EFyo, oirrp ~ 1.1 ppbv/ppmv, roughly three
to four times the corresponding gas values. These are order-of-magnitude estimates: housing-
unit fractions are used as proxies for COy-weighted combustion shares, LP is grouped with
oil, and the California observations are treated as a pure natural gas EF despite small non-
gas fractions. Even so, the two species yield internally consistent results, and the implied
values are physically plausible given that oil-fired systems typically operate at higher flame
temperatures and with less emission control than modern gas appliances.

Table 4.3 compares the observed residential EFs with GRA?PES using the pixel-median
inventory value within each network footprint. The median is used because residential CO

EF x oiltrp = (4.2)
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in GRA?PES is spatially heavy-tailed, so the footprint mean can be dominated by a small
number of high-EF pixels.

Table 4.3: Comparison of observed residential emission factors with GRA2PES residential-
sector values. Observed values are the far-field plateau ¢ from the winter midnight ER profiles
(Figure 4.3). GRAZ?PES values are the pixel-median EF within each network footprint
(winter DJF, 00-03 local window); the median is less sensitive to the heavy-tailed spatial
distribution of residential CO than the pixel-mean aggregate (see Supplementary Table S3
for per-pixel statistics). All values in ppbv/ppmv.

BEACO2N GRAZPES

City Species Observed Residential
SF Bay Area EFno, 0.30 + 0.04 0.76
EFco 2.49 +£0.16 6.37
Los Angeles EFno, 0.27 +0.05 0.60
EFco 2.93 +0.82 2.50
Providence EFno, 0.45 £ 0.06 1.00
EFco 3.66 +0.39 4.28

For EFno,, the inventory preserves the same directional contrast seen in the observa-
tions — California cities lower, Providence higher — but every inventory value exceeds the
corresponding observation by roughly a factor of two to three. Consistent with the previous
study done for Bay Area [107], this pattern suggests that the inventory assigns residential-
combustion NO, emission factors that are systematically higher than those implied by the
network observations. The agreement in cross-city ordering indicates that the inventory
captures part of the underlying source contrast, while the magnitude mismatch points to a
bias in how residential NO, intensity is parameterized. Whether that bias reflects overes-
timated combustion temperatures, under-representation of modern low-NO, appliances, or
some combination of the two cannot be determined from the ER observations alone.

For EF¢o, the disagreement is not only in magnitude but also in ordering. The ob-
served relationship among cities — Bay Area < Los Angeles < Providence — is not repro-
duced by the pixel-median inventory values (Los Angeles 2.50, Providence 4.28, Bay Area
6.37 ppbv/ppmv). In GRA%PES, residential CO/COy is strongly heterogeneous within each
city, with winter pixel CoV of 0.71 in the Bay Area, 0.52 in Providence, and 0.44 in Los An-
geles (Supplementary Table S3), visible in the per-pixel maps (Supplementary Figures S21
and S22). No comparable heterogeneity exists for residential NO, (CoV < 0.06). The full
set of per-pixel maps (Supplementary Figures S15-S26) illustrates this contrast: the on-road
panels are spatially uniform, whereas the residential CO panels show pronounced sub-grid
texture.
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This difference between NO, and CO can be understood in the context of the sectoral
structure of each species’ emission budget. In GRA?PES, CO, and NO, are dominated
by gasoline vehicles, diesel vehicles, and residential combustion (Supplementary Figures S5
and S6) — the same three sectors that the two-sector ER framework is designed to separate.
CO has a different sectoral budget: off-road sources — construction equipment, lawn and
garden machinery, generators, and other diffuse mobile sources — account for roughly 30—
50% of total CO emissions in all three cities (Supplementary Figure S7). These sources
are spatially diffuse, temporally variable, and not cleanly attributable to either the highway
or the residential sector in the two-sector framework. Near highways, off-road CO that
correlates spatially with traffic would inflate the apparent transportation EF¢g; in the far
field, it would contribute to the plateau alongside residential combustion. Because off-road
activity patterns likely differ across cities, this unresolved third sector may also contribute
to the cross-city CO ordering disagreement. This is a plausible interpretation consistent
with the inventory sectoral budgets, but the ER observations alone cannot directly attribute
the CO discrepancies to off-road sources. What the data do establish is that the two-sector
decomposition is structurally better suited to the NO, emission budget than to the CO
budget, and that CO-based comparisons should be interpreted with that limitation in mind.

4.3.3 Limitations and outlook

Several caveats should apply. The fitted transportation EFs carry propagated uncertainties
of roughly 20-50% (Table 4.1), and the Providence values in particular have standard errors
comparable to the central estimates. The residential EFs are more precisely determined
(£10-25%), but even for these the inferred values can shift by up to ~20% with plausible
changes to the wind-direction window, seasonal pooling, or R? threshold (Supplementary
Table S1). The observation—inventory comparisons should therefore be read as indicating
the direction and approximate magnitude of agreement or disagreement, not as precise quan-
titative benchmarks.

The inventory comparison uses GRA?2PES v1.0 for 2021, whereas the observational anal-
ysis spans later periods; this temporal mismatch is likely more important for transportation
than for residential emissions because fleet composition is changing more rapidly than build-
ing stock. The Los Angeles deployment cannot constrain a transportation EF because it lacks
near-highway sites, so the three-city comparison remains asymmetric across sectors. The in-
terpretation of EF cgdentiai as the far-field plateau assumes that direct highway influence is
negligible beyond 2 km; this is well supported by the resolved Bay Area and Providence
decay lengths but cannot be verified independently in Los Angeles. Finally, the non-gas
heating emission factors derived from the two-component mixing model (Equation 4.2) rest
on several simplifying assumptions and should be treated as order-of-magnitude estimates.

These limitations also point to several directions for future work. A near-highway de-
ployment in the sensor network would enable the transportation EF analysis to be extended
to any other cities on equal footing. Additional information on building-level fuel use or
appliance characteristics would help move the home heating EF estimate beyond the present
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two-component approximation. More generally, the CO comparison suggests that future
ER-based analyses should consider extending the current two-sector framework to include
off-road or other diffuse mobile sources explicitly, particularly in cities where those sources
make a substantial contribution to the urban CO budget.

4.4 Conclusions

This study extends the BEACOsN enhancement-ratio framework from a single-city demon-
stration to a three-city comparison across the San Francisco Bay Area, Los Angeles, and
Providence. By combining dense observations of NOy, CO, and CO, with the distance-to-
highway analysis, the framework separates a near-highway signal associated primarily with
on-road transportation from a far-field signal associated primarily with distributed residen-
tial combustion. The cross-city design allows us to test both whether the inferred emission
factors are reproducible across cities and whether observation—inventory disagreements are
primarily local or structural.

Where the network includes sites within a few hundred metres of major roadways, the
ER-versus-distance relationship resolves transportation emission factors with physically in-
terpretable decay lengths. Both the Bay Area and Providence yield clear near-highway decay,
and the inferred transportation EFyq, falls between the inventory gasoline and diesel values
in both cities. Los Angeles does not resolve a transportation signal because the network lacks
near-highway sites. This contrast highlights a practical design requirement: dense spatial
coverage alone is not sufficient; the network must also sample the sharp gradients close to
major roads.

The far-field winter midnight plateau provides the clearest cross-city constraint on resi-
dential combustion. The Bay Area and Los Angeles, both dominated by natural gas, yield
similar residential EFyo, (~0.3 ppbv/ppmv) and EFco (~2.5-2.9 ppbv/ppmv), whereas
Providence is higher in both species (0.45 and 3.66 ppbv/ppmv). This pattern is consistent
with fuel composition as a primary driver: Providence has appreciable fractions of fuel oil
and liquefied petroleum in its residential heating mix. A two-component mixing model us-
ing the California cities as a gas reference yields approximate oil-heating emission factors
of ~8 ppbv/ppmv for CO and ~1.1 ppbv/ppmv for NO, — roughly three to four times
the gas values — providing initial observational constraints on a fuel type for which in-situ
residential emission data remain scarce.

Comparison with GRA?PES shows that the strongest and most systematic observation—
inventory mismatch lies in the residential sector. Residential EFyq, is lower than the inven-
tory by a factor of two to three in all three cities, even though the inventory reproduces the
broad California-low / Providence-high ordering. This indicates that the cross-city contrast
in residential fuel mix is represented in the right direction, but that the NOy intensity of
residential combustion is systematically too high in the inventory, extending the earlier Bay
Area finding of [107]. CO presents a more complex picture. The Bay Area transportation
EFco exceeds the on-road inventory central estimate, and the observed cross-city pattern in
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residential CO is not reproduced by the inventory. This difference likely reflects the fact that
the CO emission budget is structurally less compatible with the present two-sector frame-
work: off-road sources account for a large fraction of urban CO emissions but are not cleanly
separated from either roadway or residential combustion in the ER analysis.

These results show that inventory uncertainty is larger for residential combustion than
for transportation, providing useful guidance for future inventory improvement. In the near
term, this points to the need for better characterization of building-sector emission factors,
especially for NO,, and for more explicit treatment of non-road CO sources that complicate
interpretation of urban CO signals. In the longer term, these observational constraints will
become increasingly important as urban energy systems change. Widespread transporta-
tion electrification is likely to reduce the relative importance of on-road combustion, while
the building sector will increasingly reflect a mix of legacy combustion sources and electric
technologies such as heat pumps.

Dense urban sensor networks are well suited to follow this transition. By providing
observation-based constraints on how emission factors vary with fuel mix, technology adop-
tion, and city structure, they can help inventories remain responsive to the changing compo-
sition of urban emissions rather than relying on static sectoral assumptions. The ER-versus-
distance framework developed here can, in principle, be applied to multi-year records to track
how sector-specific emission factors evolve over time. The calibration framework developed
in Chapter 3 provides the consistency needed for such comparisons, and the BEACO,N net-
work is well positioned to support long-term observational evaluation as urban combustion
sources continue to change. Because individual emission-factor estimates carry uncertainties
of roughly 20% for the transportation sector and slightly less for the residential sector, the
framework is unlikely to resolve small year-to-year changes. However, cumulative changes
over 5-10 year timescales should be detectable if calibration, site selection, and background
definitions remain consistent through time.
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Chapter 5

Concluding Remarks

This dissertation asked whether dense urban sensor network observations can provide robust,
observation-based constraints on transportation and residential emission factors for NO, and
CO, and whether those constraints generalize across cities with different climates, vehicle
fleets, and residential fuel mixes. Across three chapters, the results show that dense urban
observations can indeed recover sector-specific emission factors in a physically interpretable
way, provided that the measurement and calibration framework is matched to the spatial
and chemical structure of the problem. The enhancement-ratio-versus-distance framework
yields reproducible constraints on transportation and residential combustion where network
geometry is sufficient, the physically constrained calibration framework developed in Chap-
ter 3 enables internally consistent cross-city NO, comparison, and the resulting three-city
analysis reveals systematic, species-dependent patterns of agreement and disagreement with
current emission inventories.

This broader picture emerges when the results of the three chapters are considered to-
gether. The residential NO, emission factor discrepancy between BEACO,;N observation
and emission inventory first identified in the Bay Area appears unlikely to be only a local
anomaly. A similar discrepancy is found in Los Angeles, and Providence shows the same
tendency at a higher absolute level that tracks the city’s larger oil- and LP-heating fractions.
This cross-city consistency, made possible by the gain-corrected NO, calibration developed
in Chapter 3, suggests that inventories systematically overestimate the NO, intensity of
residential combustion, especially in natural-gas-dominated cities. CO provides a useful
complement, but a less uniform one. In the Bay Area, the near-highway CO signal exceeds
the on-road gasoline inventory estimate, whereas in Providence the transportation CO result
is broadly consistent with the gasoline-diesel range. Residential CO also shows cross-city
ordering differences that NO, does not. Together, these results suggest that inventories can
capture broad sectoral contrasts while misrepresenting the source partitioning underneath.

The dissertation also makes two methodological contributions that extend beyond the
specific cities studied. First, the enhancement-ratio-versus-distance framework provides a
simple and physically grounded way to infer sector-resolved emission factors from routine
network observations, without requiring a full atmospheric transport model run. Its main ob-



CHAPTER 5. CONCLUDING REMARKS 64

servational requirement is that the deployment span a clear highway-to-residential gradient.
Second, the titration-based gain correction addresses a calibration limitation that appears to
be structural to the Alphasense NO3;B43F electrochemical sensor. The gain curves converge
across nodes and cities without city-specific retuning, and the method improves recovery of
NO, variability under both under- and over-responsive reference configurations. Together,
these contributions make dense sensor network observations more suitable for quantitative
emission-factor inference.

Several limitations constrain the present results. The transportation framework depends
on network geometry: without sites sufficiently close to major highways, as in Los Angeles,
the near-highway amplitude cannot be resolved robustly. The warm-temperature end of
the gain curve remains less well constrained because nocturnal titration events are sparse on
warm nights, even though gain departures are expected to be largest there. The present two-
sector decomposition into transportation and residential combustion also does not resolve
industrial, commercial, or off-road sources explicitly. That limitation is likely especially
important for CO, where off-road emissions appear to contribute substantially to the ur-
ban budget and to complicate comparison with the inventory. Finally, temporal mismatch
between the GRAZPES v1.0 base year and the observation periods introduces additional un-
certainty, particularly for transportation, where fleet composition is evolving more rapidly
than building stock.

Looking ahead, the framework developed here points toward a broader role for dense ur-
ban observations in emissions science. As cities decarbonize through vehicle electrification,
building electrification, and shifts in fuel use, the atmospheric signatures of transportation
and residential combustion will also change, and those changes will not necessarily be cap-
tured promptly by activity-based inventories alone. Dense sensor networks provide a way
to track these transitions in near real time, revealing not only whether total emissions are
declining, but also how the underlying source mix is evolving across neighbourhoods and sea-
sons. Future work that combines dense ground-based observations with improved sectoral
representation, higher-resolution inventories, and complementary platforms such as mobile
monitoring, towers, and satellites could extend this framework beyond transportation and
residential combustion to a wider set of urban sources. In that broader context, the central
contribution of this dissertation is to show that dense urban observing networks can do more
than map pollution: when paired with physically grounded calibration and interpretable
analytical frameworks, they can provide a scalable observational foundation for evaluating
urban emissions, testing inventory assumptions, and supporting more responsive air quality
and climate policy.
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Appendix A

Supplementary to Chapter 2

Text S1: MesoWest and HRRR Wind Speed

Comparison

Wind speed data from 44 MesoWest stations were matched to BEACO;N sites and com-
pared to HRRR reanalysis fields at 10 m height. Using logarithmic wind profile scaling to
approximate winds at 5 m, HRRR wind speeds showed reasonable agreement with MesoWest
observations. Summer and winter WS distributions are shown in Figure A.2.

Text S2: Details on the Simplified 3-D Numerical
Advection-Diffusion Model

Overview: A simplified three-dimensional numerical advection-diffusion model was devel-
oped to describe a 10 km-long highway line source located at the edge of the domain as
it mixes into an adjacent 10 km x 10 km residential neighborhood downwind. The model
simulates atmospheric concentrations based on height-averaged equations for advection and
diffusion, assuming that the air above the ground surface is well-mixed. The influence of
chemical reactions on the concentrations was tested separately. Enhancement ratios of the
simulated concentrations for two species were analyzed to compare with the observed pro-
files. Emissions from both line source and area source are confined to the ground surface
(2 = 0 m) and occur at constant rates throughout the simulation. The area source emissions
are distributed evenly over all the grid cells. The wind velocities in the y- and z- directions
are set to zero, meaning that transport in these directions occurs solely through diffusion.
The wind in the z-direction is perpendicular to the line source, located at * = xy. The
turbulent diffusion coefficient in the z-direction is adjusted for surface roughness using the
Hosker Index (HI) for urban terrain.
The 3-D scalar equations for each species solved in the model are as follows:
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Figure A.1: Map of BEACO,;N and MesoWest site locations in the study region. Background
map credits: (C) OpenStreetMap contributors (C) CARTO.
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where:
e A represents the concentration of the co-emitted gas species (e.g., NO,.). Units: ppbv.
e B represents the concentration of CO,. Units: ppmv.

® () 4line, @B 1ine are the total emission rates per unit length for the line source for species
A and species B, respectively. Units: ymol-m~2-s7!.

Q Aarea, @ B area are the total emission rates per unit area for the area source for species
A and species B, respectively. Units: ymol-m=2-s71.

L,,L,, and L, are the lengths of the simulation domain in the z-, y- and z-directions.
Units: m.

u,v, and w are the velocities in the x-, y-, and z-directions respectively. Units: m-s—*.

D,,D,, and D, are the diffusion coefficients in the z-, y-, and 2- directions respectively.

Units: m2-s~1.

d(z — xp): Dirac delta function centered at x = x¢, representing the line source.
e t: Time. Units: s.
e x,y,z: Spatial coordinates in the z-, y-, and z-directions. Units: m.

The scalar equations are discretized using explicit first-order time stepping and second-
order central differences in space for simplicity.
Initial and Boundary Conditions: At the start of the simulation, the concentrations of
species are initialized to a background concentration, Apxe or Bhig, across the entire domain.
At the inflow sections, it is assumed that incoming air is at background concentrations,
thus:
A(0,y,2,t) = Apke, B(0,y,2,t) = Bpig (A.3)

At the outflow section, air is allowed to leave the system by advection, and the diffusive
flux is assumed negligible, i.e.:
0A 0B
— =0 =0 (A.4)

)
O (Lz,y,z,t) O (La,y,z,t)
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The flux at the upper boundary (z = L,) is set to zero and the concentration at the
upper boundary to the value of the second-to-last grid cell:

9A OB
% =0 =0 (A.5)

)
x,y,Lz,t) 0z (x,y,Lz,t)

Emission Rates for Line and Area Sources: Emission rates of CO; (i.e., QB jine, and
() B area) are estimated based on the posterior CO, results from Asimow et al. (see main text).
Emission rates of co-emitted species (i.e., QA tine; and Q4 area) for the line and area sources
are determined by multiplying Qg jine, and Q) area Dy the corresponding emission factors. We
used 1.2 ppbv/ppmv as the highway emission factor and 0.2 ppbv/ppmv as the area source
emission factor to examine the distribution of enhancement ratios along with the distance
from the highway. The emission rates for species A and B are as follows:

QA,line =12x 10_3 X QB,linen QA,area =0.2 % 10_3 X QB,area (AG)

Domain setup and parameter configurations: The parameters used in the 3-D advection-
diffusion model along with their values and units — including grid spacing, wind speeds,
diffusion coefficients, and emission rates — are summarized in Table A.1.

Text S3. Wind Speed Sensitivity Analysis in the
Idealized Advection-Diffusion Model

To examine how variations in WS influence the shape of ER profiles, we performed simu-
lations using WS values corresponding to the lower bound (0.5 m/s) and upper bound (5
m/s) observed wind speeds. Results indicate that the mixing lengths for summer and winter
ER profiles increase by 2.4 km over this range, but the ERs at d = 0 km and the offset at
d > 3 km only show insignificant differences. These results suggest that the distance-decay
patterns of ERs are relatively insensitive to WS variability within typical conditions in the
SF Bay Area.

Text S4. Sensitivity of Modeled ER Decay to NO,
Lifetime

A sensitivity test was conducted varying the NO,, lifetimes in the advection-diffusion model
(T = 00, 10 hours, 5 hours, 1 hours, 0.2 hours). While the resulting ER profile when 7 = 0.2
hours showed a slightly faster decay, the derived EF values at the origin (d = 0 km) and
at far downwind distances (d > 3 km) changed by less than 10%. This confirms that our
conclusions are not sensitive to variations in NO,, lifetime.
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Table A.1: Description and values of parameters used in the 3-D advection-diffusion model.

Symbol Description Value Unit
dr,dy  Grid size in the z- and y-directions 500 meter
N, N, Number of grids in the z- and y-directions 20 -
L,,L, Length of domain in the z- and y-directions 10000 meter
dz Grid size in the z-direction 200 meter
N, Number of grids in the z-direction 3 -
L, Length of domain in the z-direction 600 meter
dt Timesteps 2 second
N, Number of timesteps 25000 -
u Horizontal wind velocity 1.5 m/s
v Lateral wind velocity 0 m/s
w Vertical wind velocity 0 m/s
D,,D, Turbulent diffusivity in the z- and y- directions 1000 m?/s
D, Initial turbulent diffusivity in the z-direction 150 m?/s
D, D,y x HI 150 x HI m? /s
Qanne  Total emission rate per unit length for line source 0.0012 X Qppe pmol-m=2-s7!
QpBine Total emission rate per unit length for line source See main text pmol-m~2-s71
Qaarea  Total emission rate per unit area for area source  0.0002 X QB area pmol-m=2-s71
(QB.area  Total emission rate per unit area for area source  See main text pmol-m 2.5 1
Apkg Background for species A (NO,) 0.5 ppbv
Big Background for species B (COy) 400 ppmv
1.4
W5 =05 m's
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Figure A.3: Modeled ER profile comparisons for WS = 0.5, 1, 1.5, 3, and 5 m/s.



APPENDIX A. SUPPLEMENTARY TO CHAPTER 2

=
¥
L

= ERy segueeald) = 0.93 £~90% ¢ 019
T ERy e} = 0.92 &~ %% 5018

= Ry arepursald) = 0,90 #~9%% 40,15

Lifetime = = [na loss)
Ry srapareald) = 0.93 &~ *0™ 4+ 0,19

Lifetime = 10.0 hr
ERy svagursald) = 0.93 ™90 % 4 0,19

Lifetima = 5.0 hr

Lifetime = 1.0 hr

Lifetime = 0.2 hr

ERx. integratea (d) / ppbvippmv

=
ha
L

=
o

2

[ =]
far.

3

T T
4 s

[« T

Distance to Highway (d) / km

80

Figure A.4: Comparison of simulated ER profiles using NO,, lifetimes of oo, 10, 5, 1 and 0.2
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Text S5. Sectoral Activity Trends Supporting Emission
Attribution

To define peak and low periods for traffic and building energy use, we compiled monthly
vehicle miles traveled (VMT) and residential natural gas consumption data for 2021-2023.
VMT data were obtained from the Caltrans Performance Measurement System (PeMS),
and natural gas usage was sourced from Pacific Gas and Electric Company (PG&E) public
datasets aggregated by ZIP code.

As shown in Figure A.5, natural gas usage consistently peaked during December—February
and dropped to seasonal lows between June and September. These patterns support our
classification of “peak” and “low” usage periods in the main analysis and provide a basis for
interpreting the seasonal variation in observed ERs.

Text S6. BEACO;,;N Site Information and Data
Filtering

To clarify which BEACO,N sites were included in the ER and EF analysis, we compiled a
complete status table (Table A.2) and a corresponding site map (Figure A.6). Table A.2
includes each site’s coordinates, data completeness for NO, and CO in 2022, regression R?
value, and average distance to the nearest highway during the summer 6:00-9:00 AM time
window with wind directions from 120°-260°.

Table A.2: Summary of BEACO;,N site locations and inclusion status for ER analysis.
Symbols indicate inclusion status: v = passed all inclusion criteria and used in ER distance-
decay fitting; ® = passed data completeness but not the R? threshold; o = no nearby upwind
highway; blank = did not pass data completeness criteria.

Site ID Name Lat  Lon fﬁayD(i;) ERno. ERco Note
3 Piedmont High School 37.82 —122.23 2.80 V' <80% NO, data cover-
age in 2022
11 Bay Area Metro Cen- 37.79 —122.39 1.75 v <80% CO data coverage
ter in 2022
13 Richmond High School 37.95 —122.35 3.55 v v
14 Helms Middle School 37.96 —122.34 <80% NO, or CO data
coverage in 2022
15  Ohlone  Elementary 38.01 —122.27 <80% NO, data cover-
School age in 2022; R? for CO
< 0.5
16 Ellerhorst Elementary 37.98 —122.27 ° ° R? for NO, and CO <
School 0.5
17  Stewart Elementary 37.99 —122.29 3.22 v v
School
20  Nystrom Elementary 37.93 —122.36 o e R? for NO, and CO <
School 0.5

Continued on next page
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Table A.2 continued from previous page

Site ID Name Lat Lon t(;AIYI%\;yD(IIiEﬁ) ERxo, ERco Note
21  Washington FElemen- 37.93 —122.38 ° R? for NO, and CO <
tary School 0.5
22 Dejean Middle School 37.93 —122.34 1.69 v e R?forCO<0.5
23 Mira Vista Elemen- 37.94 —122.31 2.26 v v
tary School
24 Madera  Elementary 37.93 —122.30 <80% NO, or CO data
School coverage in 2022
25 Fred T. Korematsu 37.92 —122.31 ° ° R? for NO, and CO <
Middle School 0.5
26 Peres Elementary 37.94 —122.37 1.63 v v
School
28 Collins Elementary 38.00 —122.29 o ¢} No upwind highway
School
29 Montalvin Elementary 38.00 —122.34 <80% NO, or CO data
School coverage in 2022
30 Sheldon  Elementary 37.97 —122.30 ° <80% NO, data cover-
School age in 2022; R? for CO
< 0.5
31 Fred T. Korematsu El- 37.74 —122.18 2.17 v v
ementary School
33 Oakland High School 37.80 —122.24 1.94 v <80% NO, data cover-
age in 2022
35 Bishop O’Dowd High 37.75 —122.16 <80% NO, or CO data
School coverage in 2022
38 St. Elizabeth High 37.78 —122.22 2.89 v v
School
39  Hall of Justice 37.78 —122.40 0.90 v v
40  Head Royce School 37.81 —122.21 2.12 ° v’ R%’forNO, <05
41 Richmond Field Sta- 37.91 —122.34 4.34 v <80% NO, data cover-
tion age in 2022
42 EBMUD 37.82 —122.28 1.54 v v
43  BAAQMD sanpablo  37.96 —122.36 4.34 v e R’forCO<0.5
44 Albany High School ~ 37.90 —122.29 3.58 v v
45  Laney College 37.79 —122.26 0.14 v v
46 SF Hospital Bldg 5 37.76 —122.41 ° <80% NO, data cover-
age in 2022; R? for CO
< 0.5
48 Exploratorium Bay 37.80 —122.40 ° <80% NO, data cover-
age in 2022; R? for CO
< 0.5
49 Burckhalter Elemen- 37.78 —122.17 3.15 v o R? for CO < 0.5
tary
51  El Sobrante 37.97 —122.28 7.13 v v
60 Jesse Bethel High 38.12 —122.21 3.88 v <80% NO, data cover-
School age in 2022
63 Dan Mini Elementary 38.15 —122.26 1.17 v v
School
64 Federal Terrace Ele- 38.12 —122.27 ° <80% NO, data cover-
mentary School age in 2022; R? for CO
< 0.5
65 Marc Island Health 38.10 —122.27 4.81 v
and Fitness Academy
78 Lincoln Elementary 38.10 —122.25 2.83 <80% NO, data cover-

School

age in 2022

Continued on next page

82
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Table A.2 continued from previous page

Site ID Name Lat Lon tfﬁayD(li;) ERxo, ERco Note
81  Beverly Hills Elemen- 38.09 —122.23 1.35 v v
tary School
82 Glen Cove Elementary 38.08 —122.21 <80% NO, or CO data
School coverage in 2022
125 SF  Public  Safety 37.77 —122.39 0.67 v v

Building

83


https://Elemen-38.09

APPENDIX A. SUPPLEMENTARY TO CHAPTER 2

38*N

37.B°N

Figure A.6: Map of BEACO,N site locations labeled with site ID.
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e Figure S6: Los Angeles per-node KDE grid

Group C — Bay Area validation robustness

e Figure S7: Reference-spread boxplot (RMSE / slope / R? across remote refs)
Group D — Pipeline component characterisation

e Figure S8: NO term vs ambient temperature (temperature dependence check)
e Figure S9: Fraction of data above Trap per city

e Figure S10: Zno, Vs temperature per city

e Figure S11-S13: Zno, diagnostics: network distribution, parameter distributions, and
predictor model comparison

e Figure S14-S16: WLS coefficient time series, all nodes per city (Providence, Bay Area,
Los Angeles)

e Figure S17: Bay Area inter-reference bias matrix

e Figure S18: Titration event frequency heatmaps per city

e Figure S19: Monthly offset time series per city

Group E — Sensitivity analysis: event detection

e Figure S20: OAT event detection sensitivity, part 1 (baseline stability, end condition)

e Figure S21: OAT event detection sensitivity, part 2 (night window, R clipping, bin
width)

Group F — Sensitivity analysis: WLS, index, offset, and Zyo, model param-
eters

o Figure S22: WLS window, offset window, percentile, index cap, and Zxo, model sen-
sitivity

e Figure S23: Bin-weighting scheme comparison

e Figure S24: Oj calibration coupling sensitivity

Group G — Sensitivity analysis: NO, zero level

e Figure S25: Zno, window length x NO, percentile (joint sensitivity)

o Figure S26: Zno, scaling factor and offset formulation
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Group H — Sensitivity analysis: gain curve robustness
e Figure S27: 15-20°C ¢(T") bump investigation

e Figure S28: Event R? quality threshold

e Figure S29: Tap sensitivity

Group I — Additional validation diagnostics

e Figure S30: Validation across all site-reference pairs

Supplementary Methods
S-Methods-1: NO; zero-level estimation (Zno,)

The gain correction operates on the NO, signal above the sensor’s effective zero level Zyo,,
which captures the Oz cross-sensitivity contribution to the gain-scaled terms Sguin. This
zero level must be subtracted before dividing by ¢(7') and restored after; otherwise the O3
cross-sensitivity — already correctly handled by the WLS coefficients — would be spuriously
amplified. This section describes the estimation of Zno,.

The O3 cross-sensitivity term [o, Vo, requires careful treatment. Vo, is the O3 working
electrode voltage, which responds to both ambient O3 and to common-mode electromagnetic
noise shared with the NO, electrode on the same sensor board. If Sgai, were divided directly
by ¢(7T), this Os-driven floor would be amplified alongside the NOy signal — a spurious
scaling of a component that the WLS coefficients already handle correctly.

The gain-scaled sum is defined as:

Sgain(t) = Bno, Vo, (t) + Bo, Vo, (1) (B.1)

The NO cross-interference term (SxoVao) is excluded from Sgain because the NO electrode
signal shows near-zero temperature dependence (Figure S8).
The NO; zero level is estimated by regressing Sgain against Vo, 7', and RH during
background hours: K
Inoa(t) = a - Vo, () + 8 (B.2)

where o and 3 are fitted by regression of Sgain against Vo, during background hours. Back-
ground hours are defined as hours when the remote reference NO, falls below its rolling 10th
percentile within a 3-month window. These are conditions when ambient NO, is near-zero
and Sgain is dominated by the Og cross-sensitivity term.

Because Vi, does not perfectly reproduce the Os-related contribution captured in the
NO, channel, the raw regression estimate ZN02 tends to overestimate the effective zero level.
A scaling factor A = 0.7 is therefore applied: Zno, = A - ZN02 (see main text Equation 3.8;
sensitivity in Figure S26).
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The physical justification for using Vj, as the predictor is that it is measured at the same
sensor board at the same instant as Vxo,, sharing the local O3 environment without spatial
lag and capturing common-mode electrode drift between the two channels. This is the best
available estimate of the zero floor without a colocated Oz reference.

Five candidate predictor sets for the Zyo, regression were compared: Vo, alone, Vo, +7T,
Vo,+RH, Vo, +T+RH, and T+RH without any electrode term. Adding 7" or RH to the Vo -
only model produced negligible improvement in cross-validated R? across both Providence
and Bay Area nodes (Figure S13), confirming that the electrode voltage already captures the
relevant variability. The Vg _-only model is retained as the default for parsimony. Per-month
regression diagnostics (a, 8, R?, mean Zyo,, and background-hour temperature statistics)
are stored for each node and presented in Figures S11-S13.

A systematic sensitivity analysis of the regression window length and NO, percentile
threshold — the two parameters that define which hours enter the regression — is pre-
sented in Figure S25. The interaction between these parameters is weak, and the adopted
configuration (3-month window, 10th percentile) lies in the optimal region of the joint pa-
rameter space. The effect of the scaling factor A (testing whether the raw estimate over- or
under-estimates the effective zero level) is shown in Figure S26.

S-Methods-2: CO, enhancement index details

The index framework was introduced by Kim et al. [44] and refined by Winter et al. [45],
who select hours in the lowest 10th percentile of relative standard deviation across reference
sites as training data for calibration. The modification adopted here computes the coefficient
of variation on CO4 enhancement rather than on absolute CO, concentration or reference-
station relative standard deviation. Enhancement is defined as the difference between each
node’s measured CO, and a rolling network background, computed as the 5th percentile of
the network median CO, stratified by hour of day over a 3-week window. This isolates local
source variability: the ~420 ppm common-mode background would otherwise compress all
CoV values and reduce selectivity. The same enhancement-based index is used in all three
cities. This COs-based approach generalises to cities where only one reference station is
available, unlike the reference-station relative standard deviation used by Winter et al. [45].

S-Methods-3: Stage 3 offset design rationale

Among the Stage 3 configurations evaluated, a temperature-dependent monthly offset b(T", m)
with 5°C temperature bins was adopted over a scalar monthly offset b(m). The T-dependent
surface addresses residual temperature structure in the post-gain-correction signal that a sin-
gle scalar cannot capture — particularly the tendency for background hours to be temperature-
biased toward nighttime and winter conditions. At months or bins where temperature cover-
age is insufficient, the offset falls back to the scalar form automatically, ensuring robustness
without sacrificing the additional correction where data support it. A direct comparison
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of the scalar and temperature-dependent offset formulations is presented in Figure S26c¢.
Sensitivity to window length and percentile threshold is shown in Figure S22.

Supplementary Tables

Table S1: AirNow reference station metadata for all three BEACO,;N deployments. Data
capture rate is the annual percentage of valid hourly records passing quality screening. Dis-
tance to nearest node is the minimum node-to-station distance within each city. /N assigned
is the number of sensor nodes whose Stage 1 and 3 calibration is anchored to that station.

Station name AQS ID Species Capture (%) Dist. (km) N assigned
SF Bay Area

San Pablo [ID] NO, NOg, O3 [%] [km | 16
EBMUD [ID]  NO, NO,, O3 (%] [km ] 9
SF [ID]  NO, NO,, O3 (%] [km] 7
Vallejo [ID] NO, NO2, O3 [%] [km ] 7
Oakland East [ID] NO, NOg, O3 [%] [km | 3
Laney College [ID] NO, NO2 [%] [km | 1
RFS [ID]  NO, NOs, O3 %] [km] -
Los Angeles

N. Main St. [ID] NO, NO2, O3 [%] [km | 9
West LA [ID] NO, NO2, O3 [%] [km ] 5
Providence

East Providence  [ID] NO, NOq, O3 [%] [km | 16
South Providence [ID ] NO, NOg, O3 [%] [km | 7

Laney College lacks O3 and is excluded from the NOs calibration index (Section 3.2.4). RFS (Richmond
Field Station) is used solely for derivation of the WLS error profile; it does not serve as a calibration reference
for any sensor node. Colocated nodes: site 43 at San Pablo, site 42 at EBMUD, site 45 at Laney College.
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Table S2: Sensitivity analysis: parameter ranges and outcome summary. For each parameter
varied, the table reports the default value, range tested, and physical motivation. Tests on
event detection parameters (Group A) were conducted on the Providence network; pipeline
parameters (Groups B-I) use the Bay Area validation site unless noted.

Parameter Default Values tested Physical motivation
Event detection (Group A)
max_base_span (ppb) 6.0 3.0, 5.0, 6.0 Baseline stability
end k 5 2,5, 8 Stabilisation strictness
dual_end True True, False Both vs one channel
Night window 20-05 19-05, 20-05, 21-04, 22-04 Capture vs contamination
R_CLIP_FIT (0.15, 1.80) (0.10-0.25, 1.80) Accepted slope range
Temp. bin width (°C) 2 1,2,5 Resolution vs stability
WLS and index (Group B)
WLS window (months) 9 3,5,7,9,12 Smoothing vs drift tracking
CO3 index cap (%) 25 5, 10, 15, 20, 25 Sample size vs quality
Offset (Group B)
Offset window (months) 5 3,5, 7 Stability vs responsiveness
Offset percentile 15th 5th, 10th, 15th, 20th, 25th Background hour strictness
Offset formulation b(T,m) scalar b(m), b(T, m) T-dependent vs scalar
NOgy zero level (Group E)
ZNo, window (mo) 3 1,2,3,4,6 Zero-floor responsiveness
Zno, NO2 pcetl 10th 2nd, 5th, 10th, 15th, 25th Background hour definition
ZNo, predictor Vo, +T, +RH, +T+RH, T+RH Complexity vs parsimony
Zno, scale (X) 0.7 0-1.25 Over-/under-estimation
Gain curve robustness (Groups G-I)
Event R? threshold 0.50 0.0, 0.3, 0.5, 0.7, 0.8 Stoichiometric quality
Teap (°C) 35 25, 28, 30, 33, 35, 40, 45 Sparse-event bypass
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Table S3: Progressive comparison results at site 42 (EBMUD truth), evaluated against the
withheld colocated reference on hourly data. Colocated methods use on-site reference hours
and yield single values; remote methods report the median across four remote reference
assignments. Slope is from OLS regression of calibrated values against truth (ideal = 1.0).
Compare with main-text Table 3.5 (site 43).

Method RMSE NRMSE Slope R? MAE Bias
(ppb) (ppb) (ppb)
Colocated reference
MLR 3.82 0.40 0.77 0.78 2.79 —0.24
WLS+GC 4.86 0.51 1.11 0.78 3.42 +0.58
Remote reference (median over 4 pairs)
WLS (COg index) 5.90 0.58 0.53 0.72 3.91 —-3.04
WLS+GC (Ogs-scaled idx) 5.31 0.56 0.79 0.74 3.88 -3.03

Site 42 (truth: EBMUD, ref: SF) — T-binned residual —e— MLR (co-located)
) —e— WLS + GC (co-located)
Full Year Jas Dif MLR (remote, CO: index)
WLS (CO: index)
—e— WLS + GC (Os-scaled idx)

Mean Residual (ppb)

«

5 10 15 20 25 30 35 40 15 20 25 30 35 10 15 20 25
Temperature (°C) Temperature (°C) Temperature (°C)

Figure S1: Progressive comparison results at site 42 (EBMUD truth), in the same format as
main-text Table 3.5: four rows x three evaluation windows (full year, JAS, DJF), metrics
= RMSE (ppb), bias (ppb), OLS slope, R%. Results are consistent with site 43 (main text),
confirming that the progressive comparison findings are not specific to a single site or remote
reference assignment.



APPENDIX B. SUPPLEMENTARY TO CHAPTER 3 92

RMSE across all validation configurations MLR (co-located)

WLS + GC (co-located)
MLR (remote, COz index)
s WLS (CO:z index)

WLS + GC (Os-scaled idx)

Full Year Jas Djf

N & o oAl Al o 3} 2 ol o
e e & & S e e & g e & & &
X S o o 2O o 2 § N o
& S o 5 o @ S o © o & 1 e o¢ o
o N € W \§ o < O o« o e <€ N\ \
» « &% W S > W «© O
W W RO\ W W W
slope across all validation configurations MLR (co-located)
) WLS + GC (co-located)
Full Year Jas Oif MLR (remote, COz index)
WLS (COz index)
12 WLS + GC (Os-scaled idx)
10 Lo L o
- e [ B
L . ° m
Los - [
£ i L] <1
- .
) \?’:‘ : % ' .
f‘ I T
" ?
o
RN o S 5 5& & S 2 & & o
2 D « 3 o o o N o N o
O o o . N o o N O o o
& 8 o W & & o & (Y o oS¢ 5
o « o R\ O o « N R o« o . S~ N\ e
&~ e o o Q& ox @ S oX
W W W W W W

Figure S2: Seasonal RMSE (ppb; top) and OLS slope (bottom) for all five calibration meth-
ods (Table 3.2) at both validation sites (43 and 42), presented as box plots across all valida-
tion configurations. Rows correspond to the three evaluation windows (full year, JAS, DJF);
columns correspond to the two metrics. Each box spans the interquartile range across jobs
for a given method and site; the horizontal line shows the median. JAS consistently shows
the largest improvement from the gain correction (WLS+GC vs WLS remote), consistent
with warm temperatures and elevated O3 producing the strongest gain error in summer. DJF
results confirm that the correction remains effective in cold conditions. Colocated methods
are shown as horizontal reference lines (single values, not varying across jobs).
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WLS+GC remote: slope by site x reference (full year)
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Figure S3: Per-pair OLS slope heatmap for the WLS+GC remote pipeline (Row 5), showing
slope against the withheld colocated truth for all combinations of test site (rows) and remote
reference station (columns). Each cell reports the mean slope across month strategies. Colour
scale: green = slope near 1; red = slope well below 1. The heatmap confirms that the gain
correction produces consistent slope recovery across different remote reference assignments.
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Providence — Per-node R distribution
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Figure S4: Kernel density estimates (KDE) of the titration ratio R before (grey fill) and
after (red line) per-node gain and offset correction for all 22 Providence nodes, arranged in
a grid ordered by node ID. The dashed vertical line in each panel marks R = 1. Median
R before and after is annotated in each panel. All panels share an identical x-axis range
(R € [0, 2]) for direct comparison. The anomalous node ([ID]; red border) retains a post-
correction median R that does not converge toward unity, consistent with its positive dg/dT

slope.
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Bay Area — Per-ngde R distribution 13 Before correction

—— After correction
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Figure S5: Per-node KDE of R before (grey fill) and after (red line) correction for all nodes
in the San Francisco Bay Area, in the same format as Supplementary Figure S4.
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Los Angeles — Per-node R distribution "
Before correction
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Figure S6: Per-node KDE of R before (grey fill) and after (red line) correction for all nodes
in Los Angeles, in the same format as Supplementary Figure S4. A residual post-correction
negative skew is visible at most nodes and is most pronounced at eastern basin nodes where
O3 is highest.
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Figure S7: Calibration performance spread across remote reference assignments for both
Bay Area validation sites (43 top, 42 bottom). Panels show RMSE (ppb), OLS slope,
and R? evaluated against the withheld colocated truth. Each point represents one remote
reference station; box plots show the interquartile range across references. Three remote
calibration methods are compared: MLR (CO; index), WLS (COg index), and WLS+GC
(full pipeline). WLS+GC consistently achieves the highest slope and tightest cross-reference
spread, confirming that the gain correction reduces dependence on which remote reference
station is used for calibration.
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Providence: NO cross-interference term vs T
Median |Spearman p| across nodes = 0.530 (near zero - excluded from T_dep_sens)
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Figure S8: Temperature dependence of the NO cross-interference term (term_no = fxo- Vo,
ppb) pooled across all Providence nodes, shown as a hexbin density plot on a logarithmic
colour scale. Blue points show the bin median. The dashed line marks zero. The bin medians
remain near zero across the full temperature range, with no systematic trend. The median
|Spearman p| across nodes is 0.530, but reflecting scatter rather than a coherent directional
bias. This near-zero median term_no justifies excluding it from the gain-scaled sum Sgpin
(Equation B.1; S-Methods-1), and confirms that the gain correction need not be applied to
the NO cross-interference term.
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Fraction of data above T_CAP = 35.0°C per city
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Figure S9: Fraction of minute-level NOy data for which T" > Tcap and the WLS output
is therefore preserved unchanged (gain correction bypassed) in each city. All cities use
Teap = 35°C. The fraction of data above the cap is small in all cities, indicating that the
Tcap guard does not substantially limit the temporal coverage of the correction.

Background floor (sens_bg) vs temperature Network median
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Figure S10: Mean NO, zero-level estimate Zno, (ppb) as a function of ambient temperature
for all nodes in each city. Three panels: (a) Providence, (b) San Francisco Bay Area, (c) Los
Angeles. Thin grey lines = individual nodes; bold coloured line = network median. The
floor is positive in all cities, reflecting the Os cross-sensitivity contribution to Sgan under
near-zero NO, conditions. A residual temperature dependence of Zno, is visible — the floor
is systematically lower at warm temperatures in all three cities.
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Network distribution of fitted bgD floor (sens_bg_mean)
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Figure S11: Zno, regression diagnostics, part a: network distribution of the fitted zero level
(mean Zyo,) across nodes and cities. Continued in Figures S10b—c.
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bgD fit parameter distributions across all nodes (all months pooled)
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Figure S12: Zyo, regression diagnostics, part b: fit parameter distributions (a, 8, R?) across
all nodes, all months pooled.
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bgD fit quality: does adding T or RH improve R??
Background hours defined using remote ref NO2 = BGD_PCT-th pctl (BGD_WIN=3 mo, BGD_PCT=10)
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Figure S13: Zno, regression diagnostics, part c: comparison of five candidate predictor mod-
els (Vo, alone, Vo, + T, Vo, + RH, Vo, + T + RH, and 7'+ RH). Adding meteorological
predictors to Vo, yields negligible improvement; dropping Vo, entirely reduces R? substan-
tially, confirming that the electrode voltage is the essential predictor.
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Providence — WLS coefficient time series
2500 All nodes

2000 Network IQR
—— Node 252

15004
10001

500 -

y1 (NO2 gain)

-500
1000

7501
500 4
250

—2501

¥2 (NO cross-int.)

-500 T T T T T T
500

—5001

—1000 -

Os cross-int.)

—1500 -

Y3

—2000
1.0

O
w»

va (T sensitivity)
& o
w o

|
g
o

o
'S

0.2

0.0

ys (RH)

—0.2

—0.4

2023-05 2023-07 2023-09 2023-11 2024-01 2024-03 2024-05
Date

Figure S14: Rolling WLS coefficient time series, Providence. Subpanels show fxo, (NOj
gain), Ano (NO cross-interference), o, (O3 cross-interference), fr (temperature sensitivity),
and [y (intercept). Thin grey lines = all nodes; bold coloured line = representative node.
Continued in Figures S11b—c.
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Bay Area — WLS coefficient time series
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Figure S15: Rolling WLS coefficient time series, San Francisco Bay Area. Same format as
Figure S11a.
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Los Angeles — WLS coefficient time series
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Figure S16: Rolling WLS coefficient time series, Los Angeles. Same format as Figure S11a.
The sign and magnitude of each coefficient are consistent with known B43F cross-sensitivities
and are stable over time across all three cities, confirming that Stage 1 is well-behaved.
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Figure S17: Pairwise mean NOy bias (ppb), RMSE, and correlation among EPA reference
stations in the San Francisco Bay Area, computed over the study period as a function of
inter-station distance. Pairwise biases represent the irreducible spatial heterogeneity in NOg
across the Bay Area regulatory network. This range is used in the main text as the spatial
representativeness benchmark against which post-correction bias is judged.

Titration event frequency heatmap
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Figure S18: Titration event frequency as a function of calendar month (x-axis) and local
hour of day (y-axis) for the three BEACO,N cities: (a) Providence, (b) San Francisco Bay
Area, (c¢) Los Angeles. Colour indicates the number of events detected per node-month in
each month—hour bin, averaged across all nodes. Events are most frequent in Providence
during winter evenings (November—March, 17:00-23:00), where long nights and sustained
heating emissions produce frequent fresh-NO pulses into an Os-rich residual layer. Bay Area
events are similarly concentrated but show suppression in summer months due to marine-
layer O3 depletion. Los Angeles events are more evenly distributed year-round, consistent
with narrower seasonal variation in nocturnal Oz and NO in the basin.
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Stage 3 monthly offset time series Al nodes
Providence Bay Area Los Angeles — Representative node
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Figure S19: Rolling monthly midday offset b(m) (ppb) applied in Stage 3, shown as a time
series for all nodes in each city. Three panels: (a) Providence, (b) San Francisco Bay Area,
(c) Los Angeles. Thin grey lines = individual nodes; bold coloured line = representative
node. Providence shows larger positive offsets in winter, consistent with a mild residual
sensor low-bias at cold temperatures not fully resolved by the gain correction and with
the seasonal spatial gradient between nodes and reference stations. Los Angeles shows a
persistent small positive offset in summer, consistent with residual O3 cross-sensitivity under
high-ozone conditions. The offset magnitude is generally smaller than the gain correction at
any individual temperature but provides a meaningful improvement in long-term mean bias.
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S21 — Baseline stability / end condition sensitivity
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Figure S20: OAT event detection sensitivity analysis, part 1: baseline stability
(max_base_span), end condition (end k), and end mode (dual_end). For each parameter,
the figure shows: left — median per-node ¢g(7') with IQR shading for each tested value,
compared to the default (bold black); right — post-correction KDE of R (network-pooled)
for each value. Parameter values tested are listed in Supplementary Table S3. The gain
curve changes by less than 0.04 units at any temperature bin across all tested configura-
tions, confirming robustness of the gain correction to reasonable variation in these detection
parameters.
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522a — Night window sensitivity
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Figure S21: OAT event detection sensitivity analysis, part 2: (a) night window definition
(19:00-05:00 default, 21:00-04:00, 22:00-04:00); (b) R_CLIP_FIT lower bound; (c) tem-
perature bin width (1°C, 2°C default, 5°C). Each row shows g(7") (left), post-correction R
distribution, calibration metrics, event count, and related diagnostics. The 2°C default pro-
vides the best balance of resolution and stability.
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S23a — WLS window sensitivity
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Figure S22: Sensitivity of calibration diagnostics to five pipeline parameters. Each row
shows ¢(7'), post-correction R distribution, and calibration metrics for a swept parameter.
(a) WLS regression window length (3, 5, 7, 9, 12 months). (b) Stage 3 offset window
length (3, 5, 7 months). (c) Stage 3 offset percentile threshold (5th, 10th, 15th, 20th,
25th). (d) CO4 enhancement index cap (10%-30%). (e) Zno, predictor model (Vo, alone,
+7, +RH, +7T4+RH, T+RH). All models that include V, produce nearly identical gain
curves; the T'+ RH model without the electrode term performs substantially worse. Final
R diagnostics are comparable across all tested configurations.
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S24 — Bin-weighting comparison
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Figure S23: Comparison of four bin-weighting schemes for the gain curve construction. Left:
median per-node ¢(T') with IQR shading for each scheme. Right: KDE of the network-
pooled R distribution after correction under each scheme, with the dashed vertical line at
R = 1. Schemes: wano, (chosen; solid black), wyase (blue dashed), wyny (unweighted median;
orange dashed), wao, (JAO3|-weighted; green dashed). All four schemes produce statistically
indistinguishable post-correction R distributions (Supplementary Table S4), confirming that
the main results are not sensitive to the choice of weighting scheme.
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S25 — Os coupling sensitivity
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Figure S24: Sensitivity of the per-node gain curve ¢g(T") to the choice of O3 reference station
used in the gain correction, evaluated on the Providence network. Left: median per-node
g(T) and inter-node IQR (shading) computed using each node’s assigned O3 reference (de-
fault; black) versus alternative EPA O3 stations. Right: distribution of the per-node abso-
lute difference in g(7") at each temperature bin between the default and each alternative O3
reference. The curves differ by less than 0.03 units at any temperature bin, indicating that
the circular dependency between O3 and NO, calibrations does not materially bias the gain
curve.
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Figure 525: Joint
regression window length and NO, background percentile threshold, evaluated on the Prov-
idence network. (a) Window length OAT: regression window varied across 1, 2, 3 (default),
4, and 6 months with the percentile held at 10th. Shorter windows (<2 months) produce
noisier o and /3 estimates; longer windows (>4 months) smooth over within-season variation.
(b) Percentile OAT: NOy percentile varied across 2nd, 5th, 10th (default), 15th, and 25th
with the window held at 3 months. Higher percentiles include hours with non-negligible
NOa, biasing the regression. (c) Joint 2D heatmap of calibration metrics across all window
x percentile combinations. The adopted configuration (3 months, 10th percentile) lies in
the optimal region. The interaction between the two parameters is weak.
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S29a — sens_bg scaling factor sensitivity
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Figure S26: Sensitivity of calibration performance to the Zyo, scaling factor A and
offset formulation. (a) Calibration metrics as a function of the scaling factor A €
{0,0.3,0.5,0.6,0.7,0.8,0.9,1.0,1.25}. A = 0 corresponds to no zero-level subtraction; A = 0.7
is the adopted default. Performance degrades at both extremes, confirming that the zero-
level estimate is well-calibrated near A = 0.7. (b) Effect of scaling factor on the gain curve
g(T). (c) Comparison of the temperature-dependent monthly offset b(7, m) (default) ver-
sus a scalar monthly offset b(m) and no offset (b = 0). The temperature-dependent form
produces lower RMSE and higher slope than the scalar, consistent with its ability to address
residual temperature structure.
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(a) g(T) by season — does bump persist?
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S30c — Upper R clip: are high-R events at 15-20°C contaminated?
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Figure S27: Investigation of the 15-20°C gain curve feature observed at a Bay Area site.
Three diagnostic angles: (a) Seasonal event pools: gain curves fitted using only events from
restricted calendar months to determine whether the bump is seasonal. The bump persists in
all seasonal subsets. (b) Gain curve smoothing: Savitzky—Golay and rolling-mean smoothers
applied to the raw bin medians. Smoothing attenuates but does not eliminate the feature.
(c) Upper R clip: Ry; varied. The bump is reduced when Ry; is lowered, suggesting that a
small population of high-R events in the 15-20°C range contributes to the feature.
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S31 — R? quality threshold sensitivity (Group H)
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Figure S28: Sensitivity of the gain curve and calibration performance to an OLS R? quality
threshold applied to individual titration events. (a) Median per-node g(7") with IQR shad-
ing and post-correction R KDE for R? thresholds of 0.0 (no filter; default), 0.3, 0.5, 0.7, and
0.8. The gain curve is stable across thresholds up to 0.5; above 0.7, warm-temperature bins
become under-sampled. (b) Event count per temperature bin across thresholds, showing
that warm-temperature bins are disproportionately depleted by stricter thresholds. (c¢) Cal-
ibration RMSE and slope against withheld truth at the Bay Area validation site for each
threshold. (d) Seasonal breakdown (full year, JAS, DJF) confirming that JAS performance
is most sensitive to event depletion.
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S32a — Calibration performance vs T_CAP threshold
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Figure S29: Sensitivity of calibration performance to the temperature cap Tap above which
the gain correction is bypassed. Tcap values of 25, 28, 30, 33, 35 (default), 40, and 45°C
are tested at the Bay Area validation site. (a) RMSE and slope against withheld truth for
each cap value. Lower caps bypass the correction at progressively more hours; higher caps
extend the correction into temperature bins where events are sparse. (b) Effect of each cap
value on the gain curve g(7'). (c) Fraction of data bypassed at each cap value per city. The
adopted Tcap = 35°C bypasses a small fraction of data while avoiding extrapolation into
unsupported temperature ranges.
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Calibration performance: all methods x remote refs x validation sites
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Figure S30: Validation results across all site-reference pairs in the Bay Area, showing the
full matrix of calibration performance under the WLS+GC remote pipeline. Each panel
corresponds to a different combination of validation site and remote reference station, con-
firming that the gain correction produces consistent improvement regardless of which remote
reference is used.
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Supplementary Information
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Supplementary Tables
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Table S1: Per-profile analysis settings and fitted transportation emission factors for all 24 city
/ species / season / time-of-day combinations. Months: calendar months in each seasonal
pool. h: starting local hour (AM = morning rush, MN = late night at 00:00). WD: wind-
direction window (degrees). RZ2.: minimum bivariate regression R? for node inclusion.
EF tansportation = @ + ¢: fitted transportation emission factor (ppbv/ppmv) with £1 SE. N:
nodes passing all filters. Profiles where the covariance matrix could not be estimated are

marked 4oc0.

City Species Season TOD Months h WD (°) R2. EFtrans. N

min
SF Bay Area
NOy Summer AM 78,9 06 140-280 0.5 1.214+0.23 19
NO4 Summer MN 78,9 00 140-280 0.5 0.53+£0.69 19
CO Summer AM  6,7,8,9 06 100-300 0.5 10.68 +2.45 18
CO Summer MN  6,7,8,9 00 100-300 0.5 7.67+1.52 17
NOy Winter AM 11,12,1,2 07 140-300 0.5 0.68+0.15 20
NOy Winter MN  11,12,1,2 00 140-300 0.5 0.36 +0.12 20
CcO Winter AM 12,1,2 07 140-280 0.5 6.41+1.16 18
CcO Winter MN 12,1,2 00 140-280 0.5 597+0.93 20

Providence
NOy Summer AM 6,7,8 07 90270 0.5 1.22+1241 11
NOy Summer MN 6,7,8 00 90-270 0.5 0.82 £+ o0 3
CcO Summer AM 6,7,8,9 06 60-180 0.5 6.90+3.82 14
CO Summer MN 6,7,8,9 00 60-180 0.5 13.854+1250 6
NOy Winter AM 11,12,1,2 06 100-260 0.5 1.414+£1.17 19
NO4 Winter MN 11,12,1,2 00 100-260 0.5 1.68£1.15 19
CcO Winter AM 11,12,1,2 05 80-200 0.5 807+3.72 21
CcO Winter MN 11,12,1,2 00 80-200 0.5 10.92+5.93 20

Los Angeles
NOy Summer AM 6,7,89 05 0-150 0.5 10.31+44.83 7
NOy Summer MN 6,7,89 00 0-150 0.5 0324063 7
CO Summer AM 6,7,89 05 0-150 0.5 2.85 + o 8
CcO Summer MN 6,7,89 00 0-150 0.5 456+322 8
NOy  Winter AM 11,12,1,2 06 0-150 0.5 4.04+oc0 6
NOy Winter MN 11,12,1,2 00 0-150 0.5 061+£1.01 5
CcO Winter AM 11,12,1,2 06 0-150 0.5 4.90+559 7
CcO Winter MN 11,12,1,2 00 0-150 0.5 4.53+0.94 7

Los Angeles profiles consistently show very large uncertainties or non-convergent fits, confirming that the
network geometry does not support near-highway decay resolution (Section 4.3.1).
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Table S2: Sub-sectoral GRAZPES emission factors across season and time-of-day slices.
Extends main-text Tables 4.2 and 4.3. All values in ppbv/ppmv.

GRAZPES sub-sector

City Season TOD Species Gasoline Diesel Gasoline+Diesel Residential
Summer AM
SF Bay Area JJA AM NOy 0.64 2.77 1.10 0.73
AM CO 8.14 1.83 6.78 3.16
Los Angeles  JJA AM NOy 0.64 2.77 1.08 0.59
AM CO 8.14 1.83 6.84 1.68
Providence JJA AM NOy 0.74 2.77 1.23 0.96
AM CO 7.14 1.83 5.86 2.46
Summer MN
SF Bay Area JJA MN NOy
MN CcO
Los Angeles  JJA MN NOy
MN CcO
Providence JJA MN NOy
MN CcO
Winter AM
SF Bay Area DJF AM NOy
AM CcO
Los Angeles DJF AM NOy
AM CcO
Providence DJF AM NO,
AM CcO
Winter MN
SF Bay Area DJF MN NOy 0.64 2.77 1.55 0.77
MN CO 8.72 1.83 5.77 8.62
Los Angeles DJF MN NOy 0.64 2.77 1.51 0.61
MN CcO 8.72 1.83 5.92 3.71
Providence DJF MN NOy 0.79 2.77 1.63 1.00
MN CcO 9.90 1.83 6.47 6.00

Summer MN and Winter AM rows are blank pending extraction with those time-of-day windows.
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Table S3: Per-pixel spatial variability of GRA?PES emission ratios across each network
footprint. For each combination, the ratio X,/CO,, is computed at each masked grid pixel.
CoV = SD/mean. On-road rows are abbreviated because all pixels carry the same value
within each city. All values in ppbv/ppmv except CoV (dimensionless). Abbreviations: BA
= Bay Area, LA = Los Angeles, PVD = Providence.

City  Sector Species Season mean pig P50 pog  CoV
On-road: spatially uniform (CoV =0).

BA Gasoline NOy all 0.64 064 0.64 0.64 0.00
BA Diesel NOy all 2,77 2707 2707 277 0.00
LA Gasoline NOy all 0.64 064 0.64 0.64 0.00
LA Diesel NOy all 2,77 277 277 277 0.00
PVD Gasoline NO4 Winter 0.79 0.79 0.79 0.79 0.00
PVD Diesel NOy all 2,77 2707 2707 277 0.00
BA Gasoline CO Summer 8.14 814 814 8.14 0.00
BA Gasoline CO Winter 8.73 873 873 873 0.00
BA Diesel CO all 1.83 1.83 1.83 1.83 0.00
PVD Gasoline CcO Winter 9.92 992 992 9.92 0.00
PVD Diesel CcO all 1.83 1.83 1.83 1.83 0.00

Residential: sub-grid variability.

BA Residential NOy Summer 0.76 0.72 0.75 0.80 0.05
BA Residential NOy Winter 0.77 0.72 0.76 0.84 0.06
LA Residential NOy Summer 0.60 0.59 0.60 0.61 0.02
LA Residential NOy Winter 0.60 0.59 0.60 0.62 0.02
PVD Residential NOy Summer 0.99 094 098 1.04 0.04
PVD Residential NO4 Winter 1.01 095 1.00 1.09 0.06

BA Residential CO Summer 6.53 2.00 5.43 12.00 0.68
BA Residential CO Winter 812 232 6.37 17.30 0.71
LA Residential CO Summer 2.65 1.50 2.46 3.89 0.39
LA Residential CO Winter 274 152 250 399 0.44
PVD Residential CO Summer 4.50 2.37 4.02 7.79 0.51
PVD Residential CO Winter 5.28 2.53 4.28 8.87 0.52

Residential CO has the highest CoV and widest p19—pgo range, especially in the Bay Area (winter CoV =
0.71). Residential NOy is nearly uniform (CoV < 0.06). On-road sub-sectors are spatially constant. See
Figures S15-S26 for the corresponding maps.
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Table S4: Residential far-field plateau ¢ (= EF egidential) for each city and species, winter
midnight pool. +1 SE from the nonlinear least-squares fit. N: number of nodes beyond
2 km contributing to each fit.

City Species Season / TOD ¢ (ppbv/ppmv) N
SF Bay Area EFno, Winter MN 0.30 £0.04 [N]
EFco Winter MN 2.49+0.16 [N]
Los Angeles EFno,  Winter MN 0.27 £0.05 [N]
EFco  Winter MN 2.93+0.82  [N]
Providence EFno, Winter MN 0.45 + 0.06 [N]
EFco  Winter MN 3.66+0.39  [N]
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Bay Area (2022)
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Figure S1: Bay Area enhancement ratios as a function of distance to the nearest highway:
NO,/CO2 and CO/CO; for summer and winter, with morning rush (AM) and midnight
(MN) overlaid. The summer AM NO, and CO profiles are the cases used for the Bay Area
transportation EF in main-text Table 4.2. Per-profile settings are listed in Table S1.
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Providence (2023)
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Figure S2: Providence enhancement ratios as a function of distance to the nearest highway,

same layout as Figure S1.

The winter AM NO, and CO profiles are the cases used for

the Providence transportation EF in main-text Table 4.2. Per-profile settings are listed in

Table S1.
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NOx — Summer

Los Angeles (2022)

NOx — Winter
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Figure S3: Los Angeles enhancement ratios as a function of distance to the nearest highway,
same layout as Figure S1. No exponential decay is resolvable because all nodes lie beyond
the near-highway k scale recovered in the Bay Area and Providence. Fitted EFs show very
large uncertainties or non-convergent fits (Table S1), confirming that the network geometry
does not support transportation EF recovery.
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Figure S4: Residential heating fuel shares for the three study regions, from the 2023 American
Community Survey 5-year estimates. The Bay Area and Los Angeles are dominated by utility
gas (~b5-60%), whereas Providence has a substantial fuel oil and kerosene fraction (~15%)
alongside gas (~68%). This contrast in residential fuel mix is the basis for interpreting
the cross-city variation in observed residential emission factors (Section 4.3.2). Error bars
indicate the survey margin of error.
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Monthly CO, composition and fraction of year
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Figure S5: Monthly composition and annual distribution of CO, emissions from GRA?PES
v1.0, 2021. Stacked areas (left axis) show the fractional contribution of each sector to the
monthly total, renormalised so each month sums to unity. The overlaid dashed line (right
axis) shows each month’s share of the annual total, so the 12 monthly values integrate to

100%.
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Monthly NO composition and fraction of year
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Figure S6: Monthly composition and annual distribution of NO, emissions from GRA?PES
v1.0, 2021, same layout as Figure S5. Residential combustion contributes a larger fraction of
winter NO, in Providence than in the California cities, consistent with the stronger observed
residential EFyo, (Section 4.3.2).
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Monthly CO composition and fraction of year
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Figure S7: Monthly composition and annual distribution of CO emissions from GRA2?PES
v1.0, 2021, same layout as Figure S5. Off-road sources (red) account for roughly 30-50% of
total CO emissions in all three cities, a substantially larger share than for CO5 or NO,. This
structural difference in the CO emission budget is discussed in Section 4.3.2.
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Figure S8: Seasonal cycle of observed far-pool enhancement ratios (distance > 2 km) at
midnight hours for (a) Bay Area, and (b) Providence. The elevated winter ERs in Providence
are consistent with seasonal heating activity.
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Sectoral NOy fractions — 202101 (rush vs midnight)
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Figure S9: Sectoral NO, fractions during morning rush (06-09 local) and midnight (00—
03 local), January 2021. Transportation dominates at rush hour in all three cities. At
midnight, residential and commercial combustion account for larger shares, confirming that
the midnight observational window isolates non-transportation sources.
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Sectoral CO fractions — 202101 (rush vs midnight)
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Figure S10: Sectoral CO fractions during rush and midnight, January 2021. The residential
fraction grows substantially from rush to midnight in all three cities.
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Sectoral CO; fractions — 202101 (rush vs midnight)
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Figure S11: Sectoral CO4 fractions during rush and midnight, January 2021. CO, shifts from
transportation-dominated at rush to residential-dominated at midnight in the Bay Area and

Providence.
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Sectoral NOy fractions — 202107 (rush vs midnight)
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Figure S12: Sectoral NO fractions during rush and midnight, July 2021. Summer rush NOy
is more transportation-dominated than in winter.
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Sectoral CO fractions — 202107 (rush vs midnight)
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Figure S13: Sectoral CO fractions during rush and midnight, July 2021. Summer rush CO is
gasoline-vehicle-dominated. Midnight summer CO shows large off-road fractions in the Bay
Area and Los Angeles.
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Sectoral CO, fractions — 202107 (rush vs midnight)
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Figure S14: Sectoral CO, fractions during rush and midnight, July 2021.
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Figure S15: Bay Area per-pixel NO,/CO,, January 2021. Gasoline and diesel panels are

single-valued; the residential panel shows mild texture (CoV = 0.06).
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Figure S17: Los Angeles per-pixel NO,/CO,, January 2021.
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Figure S18: Los Angeles per-pixel NO, /CO,, July 2021.
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Figure S19: Providence per-pixel NO,/CO,, January 2021.
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Figure S20: Providence per-pixel NO,/CO,, July 2021.
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Figure S21: Bay Area per-pixel CO/CQO,, January 2021. The residential panel shows sub-
stantial sub-grid texture (CoV = 0.71, p1p—pgo = 2.3—-17.3 ppbv/ppmv), absent in the gasoline
and diesel panels.
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Figure S22: Bay Area per-pixel CO/COy, July 2021. Summer residential CO shows similar
texture (CoV =~ 0.68), confirming a structural inventory feature rather than a seasonal
artefact.
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Figure S23: Los Angeles per-pixel CO/CO,, January 2021.
uniform than the Bay Area (CoV = 0.44).
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Figure S24: Los Angeles per-pixel CO/CO,, July 2021.
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Figure S25: Providence per-pixel CO/COq, January 2021 (CoV = 0.52).
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Figure S26: Providence per-pixel CO/CO,, July 2021.
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