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Abstract

Urban air quality is shaped by processes operating across multiple spatial scales, from
regional interactions that govern population exposure to local emission sources within cities.
This thesis investigates these multiscale dynamics through two complementary analyses that
together highlight the need for integrated, high-resolution approaches. The first study examines
compound heat wave and PM> 5 pollution events across urban and surrounding rural areas in the
contiguous United States over a 23-year period (2000-2022) using reconstructed high-resolution
datasets. Results show that urban areas systematically experience more frequent, prolonged, and
intense events than their rural surroundings, with approximately 98% of cities exhibiting stronger
co-occurrence. Spatial patterns of compound events closely resembled those of PM2 s pollution
episodes, suggesting that air pollution plays a dominant role in driving compound extremes,
while recent increases in the western U.S. are linked to wildfire emissions. The second study
focuses on within-city methane (CHa) emissions, using a major landfill site in Oklahoma City as
a case study to integrate mobile measurements, satellite observations, and WRF-Chem
simulations. Near-surface CH4 concentrations showed a strong morning-to-afternoon variability
driven by boundary layer evolution, with early-morning peaks exceeding 30,000 ppb that
declined substantially by the afternoon hours. WRF-Chem demonstrated the spatial structure of
the CH4 plume well, and the ratio of observed to simulated enhancements was used to inversely
estimate the landfill emission rate, yielding a mobile-derived estimate consistent with the
satellite observation to within roughly 7% (996.92 and 928.07 kg CH4 hr! respectively). These
results demonstrate that urban air quality cannot be fully understood without resolving both
regional-scale environmental stressors and fine-scale emission and transport processes. This

work underscores the importance of integrating ground-based measurements, satellite
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observations, and process-based modeling to achieve a consistent, multiscale characterization of
urban air quality, with implications for improving emission quantification and informing

mitigation strategies in cities.
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Chapter 1

Introduction

Air quality is a fundamental determinant of environmental and public health conditions
globally. Degraded air quality, driven by both conventional air pollutants and greenhouse gases,
poses serious risks to ecosystems, human health, and climate stability (Erickson, 2017;
Filonchyk et al., 2024; West et al., 2013). Among the most consequential are fine particulate
matter (PM25) and methane (CHs), which operate across different spatial and temporal scales.
Prolonged exposure to poor air quality is associated with a wide range of adverse outcomes,
including respiratory and cardiovascular disease, premature mortality, and reduced ecosystem
and agricultural productivity (Duan et al., 2017; Fang et al., 2013; West et al., 2006). Although
conventional air pollutants and greenhouse gases are often treated separately under policy
frameworks and regulations, they are influenced by common emission sources, meteorological
conditions, and physical and chemical interactions that can amplify their combined impacts (Mar
et al., 2022; West et al., 2013). Understanding air quality, particularly in urban environments,
therefore requires an integrated, multiscale perspective that accounts for both regional pollution
dynamics and localized emission processes under a changing climate (Fang et al., 2013;

Filonchyk et al., 2024).

1.1 Urban compound heat and PM2.s pollution

Urbanization has profound impacts on local climate and air quality, often exacerbating
warm-season heat stress and air pollution in cities. The expansion and intensification of

impervious surfaces, reduced vegetation, and increased anthropogenic heat emissions amplify the



urban heat island (UHI) effect, with elevated urban temperatures and reduced nocturnal cooling
compared to rural surroundings (Oke et al., 2017; Phelan et al., 2015). Meanwhile, urbanization
drives the emissions of air pollutants from various anthropogenic activities such as energy
production, transportation, household combustion, and solid waste disposal, leading to
deteriorated air quality and elevated greenhouse gas concentrations (He et al., 2002; Sicard et al.,
2023). These environmental stressors not only strain urban ecosystems but also negatively
impact urban populations, particularly during extreme weather events (Analitis et al., 2014; J.
Liu et al., 2022). Understanding the characteristics of these risk factors is a critical step toward
achieving the United Nations Sustainable Development Goals for sustainable cities, climate
action, and improved public health conditions (United Nations, 2015).

Previous studies have suggested that heat waves can modify urban heat stress.
Specifically, the intensity of the canopy UHI effect, defined as the difference between urban and
rural near-surface air temperature, often amplifies during heat waves, as evidenced by
observational and modeling studies (Chen et al., 2023; Cheval et al., 2024; Jiang et al., 2019;
Ramamurthy & Bou-Zeid, 2017). However, this synergistic effect varies across diurnal and
seasonal cycles and depends on background geographical controls. For example, the increase in
daytime UHI intensity can be higher in temperate climate zones than in dry climates, largely
attributable to contrasts in water availability (L. Zhao et al., 2018). In addition, the exacerbated
heat stress during heat waves has profound impacts on public health, contributing to increased
heat-related mortality and morbidity (Anderson & Bell, 2011; Simpson et al., 2024; Tan et al.,
2010). Prolonged exposure can lead to various heat-related illnesses, including heat stroke, heat
exhaustion, and cardiovascular and respiratory conditions (Kovats & Hajat, 2008). This is

especially an issue for populations that are vulnerable to extreme heat, such as children, older



people, and individuals with pre-existing medical conditions (Ebi et al., 2021). Furthermore,
observational records have suggested rising trends in the frequency, duration, and intensity of
heat waves in recent decades (Habeeb et al., 2015; Meehl & Tebaldi, 2004; Perkins et al., 2012).
With ongoing climate change and rapid urbanization, these trends are projected to continue
(Guerreiro et al., 2018; Perkins-Kirkpatrick & Gibson, 2017; L. Zhao et al., 2018). This suggests
that heat waves and the UHI effect will remain a major concern for most urban areas in the
future.

Fine particulate matter (PM25) is defined as small particles that are less than 2.5
micrometers in diameter, and is one of the six criteria air pollutants regulated under the U.S.
Clean Air Act (U.S. EPA, 2024b). It originates from a combination of primary sources (e.g.,
fossil fuel combustion, vehicle emissions, wildfires, and windblown mineral dust) and secondary
formation through atmospheric chemical reactions (Chow et al., 2006; X.-M. Hu et al., 2008;
Liang et al., 2016; McDulffie et al., 2021). The small size of PM 5 allows it to penetrate deep into
the respiratory system and enter the bloodstream (Feng et al., 2016; Ma et al., 2024). Exposure to
PM; 5 is associated with a wide range of adverse health outcomes, such as respiratory infections,
cardiovascular diseases, premature deaths, and other chronic conditions (Bell et al., 2007; Han et
al., 2024). In 2017 alone, 3.8 million deaths globally were attributed to annual PM3 5 exposure,
and ischemic heart disease and stroke were identified as leading causes (McDuffie et al., 2021).
The impact of urban areas on PM2 5 concentrations varies regionally. For example, a recent
global long-term study found strong correlations between urbanization and PM3 s concentrations
in India and sub-Saharan Africa, but decoupled relationships in Europe and the U.S. where

emissions have been successfully reduced by regulatory efforts (Lim et al., 2020). However,



frequent PM» 5 exceedance events continue to occur, even in countries with stringent regulations
(Colmer et al., 2020; Xie et al., 2020).

The simultaneous occurrence of heat waves and high air pollution levels that exceed air
quality standards is commonly referred to as compound events or episodes (Zscheischler et al.,
2020). These events are influenced by the potential interactions between heat and air quality,
with each exacerbating the other (Zscheischler et al., 2018). During heat waves, increased energy
consumption, particularly from air conditioning use, drives higher emissions of PM3 s and its
precursors from power generation and other sources (S. Liu et al., 2024). Meanwhile, elevated
temperature during heat waves can enhance the formation of PM3 5 precursors by accelerating
photochemical reactions and increasing biogenic emissions (X.-M. Hu et al., 2024). In addition,
stagnant atmospheric conditions often associated with heat waves favor the accumulation of
PM; s, further deteriorating urban air quality (Park et al., 2023; L. Wang et al., 2022). These
compound events usually intensify public health risks beyond those associated with either
stressor alone (Deng et al., 2024; Feron et al., 2023; Ji et al., 2020). For instance, a five-year
study in Jiangsu Province, China demonstrated synergistic interactions between PM2 s pollution
and extreme heat which resulted in increased total and cause-specific mortalities, especially from
respiratory diseases (L. Zhou et al., 2023). Similarly, another study focusing on older adults in
New England, U.S. revealed that hot days can amplify the short-term effect of PM2.s pollution,
leading to increasing respiratory and cardiac hospital admissions (Yitshak-Sade et al., 2018).
Developing appropriate mitigation strategies in urban areas requires a comprehensive
characterization of these compound events as a critical first step.

Despite growing research on heat waves, PMa s pollution, and their combined effects,

several key challenges persist in understanding the dynamics of compound heat and PM2 s



pollution events. Regional- and global-scale studies based on observations and/or models often
rely on spatial and/or temporal resolutions that are too coarse to distinguish the unique dynamics
of urban and rural environments (Lim et al., 2020; Perkins-Kirkpatrick & Gibson, 2017; Smith et
al., 2013; D. Yang et al., 2018). In comparison, long-term, high-resolution studies focusing on
urban—rural contrasts typically use either point-scale station observations or remotely sensed data
products. While station data directly reflect near-surface conditions, they fail to capture the
spatially heterogeneous temperature and pollutant distributions within cities (e.g., X.-M. Hu &
Xue, 2016; J. Yang & Bou-Zeid, 2019). Remotely sensed land surface temperature (LST) is
widely used in urban climate research but differs fundamentally from near-surface air
temperature, which is a more direct and relevant indicator of population heat exposure and
building energy use (e.g., Naserikia et al., 2023). Similarly, remotely sensed aerosol optical
depth (AOD) products are commonly used as proxies for PM2 s and other pollutants. However,
AOD represents columnar aerosol loads rather than near-surface concentrations, which can
introduce substantial uncertainties in estimating pollutant-specific dynamics (Guo et al., 2017; C.
Wang et al., 2017). High-resolution modeling studies provide a promising alternative for
resolving urban- and sub-urban-scale processes but are frequently limited to short time periods or
single-city domains. This limits their ability to reveal the climatological patterns of compound
events across multiple cities. To date, no research has systematically examined compound heat
and air pollution (including PM>s) episodes across all urban areas in the contiguous U.S.
(CONUS), leaving a critical gap in understanding their spatial and temporal variability and

associated event characteristics.



1.2 Urban methane emissions: observations, processes, and modeling challenges

Methane (CHy4) is the second most abundant anthropogenic greenhouse gas in the
atmosphere after carbon dioxide, and it is responsible for approximately 20% of the warming
from long-lived greenhouse gases since pre-industrial times (Kirschke et al., 2013). According to
the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC), CH4
had been assessed to have 27 times the global warming potential (GWP) of carbon dioxide over a
100-year time horizon (IPCC, 2023). Its atmospheric concentration has risen dramatically over
the past two centuries, driven largely by the increase of anthropogenic emission sources
(Karakurt et al., 2012; Kirschke et al., 2013; H. Zhao et al., 2019). These sources span across
multiple sectors, including agriculture, fossil fuel extraction, and waste management (Heilig,
1994; Jackson et al., 2026; Karakurt et al., 2012; Saunois et al., 2025; Yusuf et al., 2012).
Landfills in particular represent one of the largest anthropogenic CH4 sources globally, as the
anaerobic decomposition of organic waste in municipal solid waste (MSW) facilities
continuously generates and emits CHy to the atmosphere (Themelis & Ulloa, 2007; Tong et al.,
2025;Y. Wang et al., 2024). In the U.S., MSW landfills were the third-largest source (accounting
for approximately 14.4%) of the total anthropogenic CH4 emissions in 2022 (U.S. EPA, 2024a).
Beyond its climate impacts, CH4 also acts as a precursor to tropospheric ozone, linking
greenhouse gas emissions directly to surface air quality degradation and associated health
impacts (Mar et al., 2022; West et al., 2006). These combined climate and air quality
consequences highlight the importance of accurately quantifying CH4 emissions to inform

mitigation strategies.

CH4 emissions can be quantified using a range of observational approaches with varying

spatial and temporal coverage. Ground-based and mobile in situ measurements provide high-



precision, near-surface CHs concentrations and can resolve emission hotspots and fine-scale
variability near sources such as landfills (Kumar et al., 2024; Menster et al., 2019; Mosher et al.,
1999). These methods include techniques such as static flux chambers, eddy covariance tower
measurements, and vehicle-based transect observations, and are increasingly used to measure
landfill CH4 concentrations and identify spatial variability (McBain et al., 2005; Meonster et al.,
2019). Airborne observations, such as those from imaging spectrometers, cover larger areas and
can estimate emissions for an entire site. Airborne measurement studies have revealed that
landfill emissions can vary substantially depending on factors like cover type, gas collection
systems, and operational practices (Cambaliza et al., 2017; Cusworth et al., 2024). At a broader
scale, satellite observations (satellite remote sensing; such as the Greenhouse Gases Observing
Satellite (GOSAT) and the Tropospheric Monitoring Instrument (TROPOMI)) provide
continuous, long-term regional to global coverage of atmospheric CH4 column retrievals and can
detect large point sources (Jacob et al., 2016, 2022; Palmer et al., 2021; X. Wang et al., 2026).
Additionally, the high-resolution airborne and satellite imaging spectrometers have revealed that
current CH4 inventory estimates frequently underestimate actual emissions at many sites
(Cusworth et al., 2024; Scarpelli et al., 2024; Tong et al., 2025; Y. Wang et al., 2024; Whiting et
al., 2026). These approaches highlight the importance of combining measurement strategies
across different scales to better understand and characterize CH4 emissions, especially in cities

where multiple sources can co-locate.

CHy4 observations alone are often insufficient to attribute concentrations to specific
emission sources or quantify their relative contributions, which is where process-based modeling
becomes necessary. Atmospheric CHs can be simulated using global chemistry—climate and

transport models (e.g., GEOS-Chem and Tracer Model 5 or TM5) to capture large-scale budgets



and intercontinental transport (Buchwitz et al., 2005; Patra et al., 2011), while regional to urban
dynamics are represented with mesoscale models such as the Weather Research and Forecasting
model coupled with Chemistry (WRF-Chem) and Community Multiscale Air Quality Modeling
System (CMAQ) (Hong et al., 2017). The latter can also be integrated with Lagrangian particle
dispersion models (e.g., STILT and HYSPLIT) to enable high-resolution source attribution and
inverse estimation of emissions (L. Hu et al., 2025; Z. Zhou et al., 2026). In particular, WRF-
Chem and its greenhouse gas configurations WRF-GHG have increasingly been used to simulate
CH4 concentrations, interpret ground-based and remotely sensed observations, and evaluate
emission inventories (Callewaert et al., 2025; X.-M. Hu et al., 2025). WRF-GHG has also been
used to track emissions from different source sectors and identify the dominant contributors to
CHy4 variability across different regions and seasons (Callewaert et al., 2023; Mathew et al.,
2026). However, the accuracy of these process-based models depends on the quality of input
data, such as emission inventories and meteorological conditions. Any biases and uncertainties in
these inputs can propagate into regional or seasonal errors in simulated CH4, so the simulated

results must be evaluated using observations (Callewaert et al., 2025).

Despite growing interest in measuring CH4 emissions from the waste sector, significant
gaps remain in accurately characterizing and attributing these emissions. Emission inventories
based on bottom-up modeling approaches frequently underestimate actual landfill CH4 emissions
and enhancements, due to inconsistencies in emission accounting methods and limited
representation of site-specific conditions (Saunois et al., 2020; Tong et al., 2025; Y. Wang et al.,
2024). For example, a TROPOMI-based analysis of 70 U.S. landfills found that actual emissions
were on median 77% higher than estimates from EPA’s Greenhouse Gas Reporting Program

(Nesser et al., 2024). While individual measurement studies have improved our understanding,



most rely on a single method, such as ground-based measurements, mobile surveys, or satellite
observations, each with its own limitations in spatial coverage, timing, or sensitivity (Menster et
al., 2019). For example, mobile measurements can have difficulty detecting small CH4
enhancements under changing weather conditions, while satellites cover large areas but cannot
resolve fine-scale variations near individual sources (X.-M. Hu et al., 2025; Jacob et al., 2022).
Studies that combine mobile and satellite observations with high-resolution modeling for landfill
emissions remain rare, leaving uncertainty in how surface emissions relate to atmospheric
measurements and how well models capture small-scale CH4 patterns. Addressing this gap
requires coordinated, multiscale approaches that link surface emissions to atmospheric

concentrations.

1.3 Thesis scope and structure

This thesis examines urban air quality from two complementary perspectives that
together illustrate the multiscale nature of the problem. Chapter 2 presents a 23-year analysis of
compound heat and PMz s pollution events across urban and rural areas in the CONUS,
characterizing their frequency, duration, and intensity. This work has been published in Leffel et
al. (2025). Chapter 3 focuses on within-city CH4 emissions using a landfill site in Oklahoma City
as a case study. It integrates concurrent mobile and satellite CH4 observations and WRF-Chem
simulations to inversely estimate landfill CH4 emission rates and examine the influence of
boundary layer processes on CHy variability. Chapter 4 summarizes the key findings and
discusses their implications for improving the multiscale characterization of urban air quality.

Together, these chapters demonstrate the importance of integrating observations and modeling



approaches across spatial scales to better understand urban air quality and inform mitigation

strategies.
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Chapter 2

Data-driven analysis of urban compound heat and PM: s pollution episodes

This chapter provides a 23-year (2000-2022), comprehensive analysis of heat waves,
PM2: s pollution episodes, and their co-occurrences across urban and corresponding rural areas in
the CONUS. Leveraging reconstructed long-term, high-resolution datasets of daily air
temperature and PM> 5 concentrations, we investigate the frequency, duration, and cumulative
intensity of these events, with a particular focus on the contrasts between urban and surrounding
rural environments. Daily minimum near-surface air temperature is used to define heat waves,
given its strong connections to nighttime heat stress, pollutant accumulation in a shallower
nocturnal atmospheric boundary layer, and nighttime pollutant exposure induced by natural
ventilation for homes without air conditioning. This study aims to advance understanding of
these compound events at the city level, inform urban planning and public health strategies, and
eventually guide future modeling efforts to explain their underlying mechanisms and assess

mitigation efforts.

2.1 Methodology

2.1.1 Definition of urban and rural areas

The geographical boundaries of 481 CONUS urban areas in this study follow the
definition of the U.S. Census Bureau (2022), each of which has a minimum population of
50,000. Following previous studies (Geng et al., 2023; Peng et al., 2012; C. Wang et al., 2025), a
rural buffer zone with the same area as each urban area was established to facilitate urban—rural

comparisons of event characteristics (Fig. 2.1). We then removed portions of the buffer zone that
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overlap with other nearby urban areas to minimize potential urban influence within these rural

areas. We further removed water bodies from all urban and rural areas to reduce their influence

on air temperature and air pollutants (Clinton & Gong, 2013; Schwarz et al., 2011).
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Figure 2.1. Overview of the methodological workflow for detecting and analyzing heat waves,
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PMb 5 pollution episodes, and compound events.

2.1.2 Long-term high-resolution air temperature data

Heat wave
characteristics

Reconstructed
times series of
warm-season daily
Tmin (2000-2022)

Compound event (heat
and PM, ; pollution)
characteristics

Event frequency: average number of event days per year during the study period !
Event duration: average number of consecutive days in each event during the study period :
Cumulative (excessive) heat or pollution intensity: cumulative temperature or concentration 1
exceedances above the threshold for all event days during the study period )

Investigating the long-term dynamics of heat waves in urban areas and their surrounding
rural counterparts during warm seasons necessitates a reliable, high-resolution (both spatially and
temporally) near-surface air temperature dataset. However, most existing long-term air

temperature datasets either fail to adequately reproduce urban climate signals or cover periods

12



too short to establish the temperature thresholds required for identifying heat waves. To address
this limitation, we reconstructed a long-term, high-resolution air temperature dataset based on
two existing datasets (Fig. 2.1).

The first dataset is an 18-year (2003—2020), 1-km daily global air temperature dataset
developed by lowa State University (hereafter ISU dataset) (Zhang et al., 2022). The ISU dataset
was generated using a combination of station-based daily maximum and minimum air
temperature observations, remotely sensed land surface temperature data from Moderate
Resolution Imaging Spectroradiometer (MODIS) products, and elevation data using the Spatially
Varying Coefficient Models with Sign Preservation (SVCM-SP) algorithm. This dataset has been
extensively evaluated against ground-based observations through a 10-fold cross-validation,
showing a high degree of accuracy with mean absolute errors (MAEs) for daily maximum and
minimum temperatures generally below 2°C across diverse environments. Specifically, the
MAE:s for daily maximum and minimum air temperatures over urban areas on average are
1.58°C and 1.41°C, respectively, which are substantially lower compared to those over other
land cover types (Zhang et al., 2022). We extracted the time series of daily minimum
temperature for each urban and rural area from 2003 to 2020.

We also used the Daymet version 4 dataset, a long-term (1980—present), 1-km daily
surface weather dataset covering North America, Hawaii, and Puerto Rico (Thornton et al.,
2021). The Daymet dataset provides daily maximum and minimum temperatures as well as
precipitation spatially and temporally interpolated using daily weather station observations from
the Global Historical Climate Network daily (GHCNd) database. It also provides secondary
variables, including daylight average shortwave radiation, water vapor pressure, day length, and

snow water equivalent for the snowpack, which were estimated based on geographical location,
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time of year, and empirical relationships. The accuracy of Daymet has been improved through
time-of-observation and high-elevation temperature sensor bias corrections. Cross-validation
analyses suggest that the mean MAE for daily minimum temperature over a 40-year period
(1980-2019) is 1.78°C for Daymet version 4 dataset, comparable to that for version 3 dataset
(Thornton et al., 2021). In contrast, the mean MAE for daily maximum temperature during the
same period is 1.52°C for version 4, marking a major improvement over the 1.75°C observed for
version 3. Similarly, we extracted the time series of daily minimum temperatures averaged for
each urban and rural area from 1981 to 2022. This 42-year period serves two purposes: filling the
data gaps from 2000 to 2002 in the ISU dataset and establishing temperature thresholds for the
30-year (1981-2010) baseline period used in subsequent heat wave identification.

However, the Daymet dataset is known for its limited representation of urban climate
signals, especially the UHI effect (X. Li et al., 2018; Thompson et al., 2025). This can lead to
substantial biases when comparing heat wave characteristics between urban and rural areas. To
address this, we leveraged a modified quantile delta mapping approach to bias-correct the
Daymet dataset following previous studies (Cannon et al., 2015; C. Wang et al., 2023, 2025).
Fig. 2.2 shows the bias-corrected warm-season daily minimum air temperature time series for
two example urban areas, comparing the corrected data with the original ISU and Daymet
datasets for both periods. For Auburn, the Daymet dataset tends to underestimate air temperature
relative to the ISU dataset during 2003—2020. This underestimation is effectively mitigated in the
bias-corrected data in 1981-2002, during which the corrected values are higher than original
ones. In comparison, the bias correction effectively accounts for the Daymet overestimation in
Salt Lake City during 2003—-2020, adjusting the temperatures to lower values for 1981-2002. We

then combined the bias-corrected Daymet data for 1981-2002 and 2021-2022 with the ISU data
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for 2003-2020 to reconstruct a 42-year dataset of daily minimum air temperatures for subsequent
heat wave identification. As previously mentioned, daily minimum temperature is used in this
study to define heat waves due to the potential accumulation of pollutants under relatively stable

atmospheric conditions at night.

Daily minimum temperature (°C)

Daily minimum temperature (°C)

Salt Lake City, UT
1 1

1 L 1 Il
May-1 Jun-1 Jul-1 Aug-1 Sep-1 Oct-1 0 0.02 0.04 0.06
Date Probability density

30

20

_______
o

110

ISU 2003-2020
Daymet 20032020
----- Daymet 1981-2002 10

Daily minimum temperature (°C)

Daily minimum temperature (°C)

L Aubumn, AL | BC-ed Daymet 1981-2002
1 1 1 | 1 |
May-1 Jun-1 Jul-1 Aug-1 Sep-1 Oct-1 0 0.05 0.10 0.15
Date Probability density

Figure 2.2. Comparison of warm-season (a and c) daily minimum temperature time series and (b
and d) probability density functions from the ISU data in 2003—2020, Daymet data in 2003—
2020, Daymet data in 1981-2002, and bias corrected (BC-ed) Daymet data in 1981-2002 for (a
and b) Salt Lake City, UT, and (c and d) Auburn, AL. For clarity, the time series are smoothed
based on 10-day running means, with shaded areas representing the corresponding +1 standard

deviation.

2.1.3 Long-term high-resolution PM:> s data
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The long-term PM; 5 data applied in this study were extracted from two datasets (Fig.
2.1). The first one is a 17-year (2000-2016), 1-km daily PM> 5 dataset developed by Di et al.
(2019). This dataset estimates daily mean PM; 5 data across the CONUS using an ensemble
model that integrates three machine learning algorithms, i.e., neural network, random forest, and
gradient boosting. Predictor variables for this ensemble model include ground-based station
monitoring data for PM; s, remotely sensed MODIS aerosol optical depth (AOD) data at 470 nm
and 550 nm, MODIS surface reflectance, absorbing aerosol index (AAI) data from the Ozone
Monitoring Instrument (OMI), aerosol-related variables from the Modern-Era Retrospective
analysis for Research and Applications, Version 2 (MERRA-2), meteorological variables from
the North American Regional Reanalysis (NARR) dataset, PM; 5 predictions from global and
regional chemical transport models, and various land use variables. The accuracy of this dataset
has been evaluated against station monitoring data using a 10-fold cross-validation (Di et al.,
2019): the overall daily and spatial R? values are 0.860 and 0.894, respectively, and the average
root mean square error (RMSE) is 1.26 pug m™* spatially.

The second dataset is a six-year (2017-2022), 1-km global daily PM> s dataset developed
by Wei et al. (2023). Daily estimates were made through a 4-Dimensional Space-Time Extra-
Trees (4D-STET) model, which can better describe autocorrelations and differences in spatial
distribution and temporal series of air pollution compared to traditional approaches. Main
predictors of this model are satellite gap-filled AOD retrievals at 550 nm, hourly PM2 s
simulations from the GEOS Composition Forecast (GEOS-CF) system, and global PM> s
precursors (ammonia, NOx, SO», and volatile organic compounds) from the Copernicus
Atmosphere Monitoring Service (CAMS) emission inventory. Auxiliary input data include

ERAS5-based meteorological data, 1-km population, monthly 500-m nighttime lights, monthly 1-
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km normalized difference vegetation index, and surface elevation. The sample-based 10-fold
cross-validation for daily retrievals suggests a robust overall accuracy, with an R? of 0.91 and an
RMSE of 9.2 pg m=. North America shows one of the best performances among all continents,
with an R? of 0.76 and an RMSE of 4.62 ug m~. We then extracted the time series of daily mean
PMb 5 concentrations averaged over each urban and rural area from both datasets and merged

them into a continuous 23-year dataset.

2.1.4 Definitions and characteristics of events

Various definitions of heat waves have been proposed in the literature, with the
temperature percentile-based thresholds being among the most commonly used criteria for their
identification (Barriopedro et al., 2023; Perkins & Alexander, 2013). In this study, we define a
heat wave as a period of three or more consecutive days during the warm season (May—
September) when the daily minimum air temperature, averaged across the entire urban or rural
area, exceeds the 90th percentile of the 30-year daily climatology (Anderson & Bell, 2011; C.
Wang, Wang, & Li, 2020; C. Wang, Wang, & Sun, 2020). The 90th percentile for a given day
was calculated based on all daily temperature data within a 15-day moving window centered on
that day during 1981-2010 (X. Yang et al., 2024). For each urban—rural pair, we used the
threshold derived from rural temperature records for both areas. For consistency, we selected the
overlapping period from 2000 to 2022 between the reconstructed 42-year air temperature dataset
and 23-year PM 5 dataset to analyze the characteristics of all events. Heat wave frequency is
defined as the average number of heat wave days per year. Heat wave duration is defined as the
average number of consecutive days in each heat wave over the entire study period. Cumulative

(excessive) heat intensity is defined as the sum of temperature anomalies across all heat wave
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days during the study period (Perkins-Kirkpatrick & Lewis, 2020). All three metrics were
calculated using data from the reconstructed temperature dataset.

Standards for PM> 5 pollution vary in different countries. In the U.S., the National
Ambient Air Quality Standards established by the Environmental Protection Agency (U.S. EPA,
2024b) specify a 24-hour average PM» s concentration of 35 pg m™ for protecting both public
health and welfare. In comparison, the World Health Organization (WHO, 2021) recommends a
more stringent, evidence-informed standard aimed at reducing health risks: a 24-hour Air Quality
Guideline (AQG) level of 15 ug m > for PMz s. This study adopts the WHO’s AQG level, and a
PM; 5 pollution episode is defined as a period of one or more consecutive days with daily PM> s
concentration exceeding 15 pg m=. Similar to heat wave characteristics, the frequency of PM s
pollution episodes is the average number of pollution days per year. The duration of PM> s
pollution episodes is defined as the average number of consecutive days in each pollution
episode over the 17 years. Cumulative (excessive) PMa s pollution intensity is defined as the sum
of PM> s concentration exceedances above the WHO’s AQG level (15 pg m>) for all air
pollution days during the study period.

A compound heat and PM2 s pollution episode is defined as a period of one or more
consecutive days during which heat wave and PM: s pollution conditions occur concurrently, i.e.,
daily PM> s concentrations exceed 15 ug m~ during a heat wave. The frequency of such
compound extreme episodes is defined as the average number of days per year with concurrent
heat and pollution conditions. The duration of compound events is the average number of
consecutive days per event. Two cumulative intensity metrics are defined for compound events:

cumulative heat intensity and cumulative PM2 s pollution intensity. Both intensity metrics are
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based on the previously defined exceedance criteria but are limited to days during compound

events.

2.2 Characteristics of heat waves based on minimum air temperatures

The vast majority of urban areas across the CONUS (98.8%) experienced more frequent
heat waves, based on daily minimum air temperature, compared to their rural surroundings (Fig.
2.3a—c). On average, urban areas experienced 19.2 heat wave days annually, approximately 32%
more than their rural counterparts (Table A1 in the Appendix). Regionally, urban areas in the
Southwest and West recorded the highest heat wave frequencies among all nine climate regions
(Note Al), similar to the frequency patterns reported for maximum temperature-based heat
waves in a previous study (C. Wang et al., 2025). In particular, the Southwest had the highest
frequency of 26.3 days per year. In contrast, the Upper Midwest showed the lowest frequency of
urban heat waves, with only 9.8 days per year, suggesting substantial regional variability. Similar
regional patterns were observed for rural areas, although with lower frequencies. The largest
urban—rural differences, quantified as relative differences, occurred mainly in the West and
Southwest, where annual urban heat wave days were nearly or even more than tripled compared

to rural ones in cities such as Albuquerque, NM, Las Vegas, NV, and Phoenix, AZ.
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Figure 2.3. Frequency and duration of heat waves based on minimum temperatures in urban and
surrounding rural areas: (a) frequency in urban areas, (b) frequency in rural areas, (c) relative
difference in frequency between urban and rural areas (urban minus rural), (d) duration in urban
areas, (e) duration in rural areas, and (f) relative difference in duration between urban and rural
areas (urban minus rural). Filled circles represent individual urban and rural areas, with circle
sizes scaled to urban population. White circles in (¢) and (f) indicate no urban—rural differences.
The durations of minimum temperature-based heat waves were longer in 88.6% of
CONUS urban areas compared to surrounding rural areas, although the average relative
difference in duration was only 5.0% (Table A1). As shown in Fig. 2.3d, the longest heat wave
durations were mainly found across urban areas in the West, Southwest, South, and Southeast
climate regions. However, durations in the Northern Rockies and Plains, Upper Midwest, Ohio
Valley, and Northeast were much shorter. Table A1 further highlights these regional disparities:

urban areas in the South had the longest average heat wave durations at 5.1 days, while the
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Upper Midwest had the shortest at 4.1 days. The greatest relative differences between urban and
rural heat wave durations were observed in the West, Southwest, and Southeast, with relative
differences exceeding 15%. In contrast, minimal differences (within +3%) were mainly observed
in the Northeast, Ohio Valley, Upper Midwest, Northern Rockies and Plains, and South. For
some cities in the eastern U.S., urban heat wave durations were up to ~3.6% shorter than those in
rural areas, representing the most notable cases of this pattern.

The cumulative heat intensity of minimum temperature-based heat waves was higher in
98.8% of urban areas compared to their rural counterparts (Fig. 2.4c), with an average urban—
rural relative difference of 35.5%. This disparity is mainly attributed to the widespread nocturnal
urban canopy layer heat island effect across the CONUS (Fig. 2.4d—f). Both urban and rural
cumulative intensities peaked in the West (Fig. 2.4a and b), with substantially higher values
observed in urban areas. As shown in Table A1, the greatest regional average urban cumulative
heat intensity was recorded in the West at 1053.0°C, more than twice the lowest regional average
in the Upper Midwest (404.9°C). While the highest rural cumulative heat intensity was also in
the West at 670.5°C, the weakest cumulative intensity occurred in the rural Southeast (313.2°C).
The largest relative differences between urban and rural cumulative heat intensities were found
in the West, Southwest, and Southeast (Fig. 2.4c), with urban cumulative intensities were more
than twice those of their rural surroundings in cities such as Albuquerque, NM, Las Vegas, NV,

Phoenix, AZ, Denver, CO, and Miami, FL.
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Figure 2.4. Cumulative intensity of heat waves based on minimum temperatures and warm-
season mean minimum temperature in urban and surrounding rural areas: (a) cumulative heat
intensity in urban areas, (b) cumulative heat intensity in rural areas, (c) relative difference in
cumulative heat intensity between urban and rural areas (urban minus rural), (d) warm-season
mean minimum temperature in urban areas, (€) warm-season mean minimum temperature in
rural areas, and (f) difference in warm-season mean minimum temperature between urban and
rural areas (urban minus rural). Filled circles represent individual urban and rural areas, with

circle sizes scaled to urban population.

2.3 Characteristics of PM2.s pollution episodes

More frequent PM2 5 pollution episodes were observed in 85.4% of urban areas compared
to their surrounding rural areas (Fig. 2.5a—c). On average, urban areas experienced 23.7 days of

excessive PMz s pollution annually, while rural areas faced 22.7 days annually. Regionally, PM2 s
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pollution occurred most often in the Ohio Valley, Northeast, and upper Southeast across both
urban and rural areas. In particular, urban areas in the Ohio Valley had the most frequent PM> 5
pollution episodes, occurring 36.9 days per year. In contrast, cities in the Southwest had the
fewest PM> s pollution episodes, averaging only 5.5 days annually. The most substantial urban—
rural relative differences in frequency occurred in Southern California, exceeding 70% (Fig.
2.5¢). Across other climate regions, relative differences in general ranged between 0% and 30%,
with slightly elevated values along coastal areas in the Northwest and Southeast. A few urban
areas had lower pollution episode frequencies than rural surroundings, particularly in the Ohio

Valley, Upper Midwest, Northeast, and upper Southeast.
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Figure 2.5. Frequency and duration of PMz s pollution episodes in urban and surrounding rural
areas: (a) frequency in urban areas, (b) frequency in rural areas, (c) relative difference in

frequency between urban and rural areas (urban minus rural), (d) duration in urban areas, ()
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duration in rural areas, and (f) relative difference in duration between urban and rural areas
(urban minus rural). Filled circles represent individual urban and rural areas, with circle sizes
scaled to urban population. White circles in (¢) and (f) indicate no urban—rural differences.

PM; 5 pollution episodes lasted longer in 52.8% of CONUS urban areas compared to their
rural counterparts. The spatial pattern of PMb> s pollution durations was similar to that of
frequency in most climate regions, with the longest durations recorded in the Northwest, Ohio
Valley, upper Southeast, and Southern California across both urban and rural areas (Fig. 2.5d and
e). Urban areas in the Northwest experienced the longest episodes, averaging 3.1 days.
Meanwhile, the shortest durations for PM; 5 pollution episodes were found in the Upper Midwest
at 2.2 days (Table A2 in the Appendix). Overall, urban—rural relative differences in PM2 s
pollution duration were low across much of the CONUS, the majority of which fell within +10%.
The largest relative differences of over 30% were found in Southern California. Additionally, the
share of urban areas with shorter episode durations than their rural surroundings was

substantially higher than the share with lower episode frequency.
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Figure 2.6. Cumulative intensity of PM2 5 pollution episodes and warm-season mean PMa s
concentration in urban and surrounding rural areas: (a) cumulative PM> s pollution intensity in
urban areas, (b) cumulative PM2 5 pollution intensity in rural areas, (c) relative difference in
cumulative PM3 5 pollution intensity between urban and rural areas (urban minus rural), (d)
warm-season mean PM; s concentration in urban areas, (€) warm-season mean PM> 5
concentration in rural areas, and (f) difference in warm-season mean PM; s concentration
between urban and rural areas (urban minus rural). Filled circles represent individual urban and
rural areas, with circle sizes scaled to urban population.

The cumulative pollution intensity of PMa.s pollution episodes was greater in 80.5% of
urban areas compared to surrounding rural areas. The highest cumulative intensities were
observed across the Ohio Valley, Northeast, and upper Southeast (Fig. 2.6a—c and Table A2).
The patterns of urban and rural cumulative pollution intensities were generally comparable,

except in Southern California, where urban values were notably higher. Regionally, Ohio Valley
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had the highest cumulative intensities, averaging 5513.9 pg m~ in urban areas, while the
Southwest had the lowest urban mean of 745.4 pg m= (Table A2). The largest urban—rural
relative difference in cumulative pollution intensity was observed in Southern California (>
~100%) (Fig. 2.6¢). In addition, high relative differences were noted in cities such as Miami, FL,
El Paso, TX, and Las Vegas, NV. In contrast, negative urban—rural relative differences (i.e.,
lower urban cumulative pollution intensity) were scattered mainly across the Northeast and
South. Consistent with the spatial patterns of pollution episodes, warm-season mean PM> s
concentrations were highest in the Ohio Valley, upper Southeast, South, Northeast, and
California. The greatest regional mean urban PM> 5 concentration was in the Ohio Valley,
reaching 12.2 ug m>, while the lowest was in the Northwest at 7.3 pg m > (Table A2). Absolute
mean differences between urban and rural mean PMz 5 concentrations were greatest in Southern

California, ranging from 1.0 pg m > to 2.5 pg m> for some cities (Fig. 2.6f).

2.4 Characteristics of compound heat and PM2.s pollution episodes

Approximately 97.9% of urban areas experienced more frequent compound heat and
PMb 5 pollution events compared to their surrounding rural areas. These compound events
occurred frequently in the Northeast, Ohio Valley, South, upper Southeast, and California (Fig.
2.7a—c). Regionally, the highest frequency for urban areas was in the Ohio Valley at
approximately 4.5 days year ' (Table A3 in the Appendix). The highest rural mean frequency was
also observed in this region, which was about 3.4 days year !. Compound events were least
frequent in the Southwest, averaging only 1.5 days year! in urban areas and 1.0 day year! in

rural areas. A comparison of urban and rural compound event frequencies reveals that the
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greatest relative differences (over 150%) were located in the West, Southwest, and coastal areas

of the Southeast (Fig. 2.7¢).
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Figure 2.7. Frequency and duration of compound heat and PM2 s pollution episodes in urban and

surrounding rural areas: (a) frequency in urban areas, (b) frequency in rural areas, (c) relative

difference in frequency between urban and rural areas (urban minus rural), (d) duration in urban

areas, (e) duration in rural areas, and (f) relative difference in duration between urban and rural

areas (urban minus rural). Filled circles represent individual urban and rural areas, with circle

sizes scaled to urban population. White circles in (c) and (f) indicate no urban—rural differences.

The durations of compound heat and PM> 5 pollution events were longer in 58.8% of

CONUS urban areas compared to their rural counterparts. As shown in Fig. 2.7d—f, these events

were most prolonged in the Northeast, Ohio Valley, upper Southeast, Northwest, and West.
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Among these regions, the longest durations were observed in the Northwest, where urban and
rural areas averaged 2.6 and 2.7 days, respectively (Table A3). The South, however, had the
shortest average duration of 2.0 days in urban areas. Urban areas with substantially lower
compound event duration than their rural surroundings were scattered across all climate regions.
Similarly, areas with the largest urban—rural relative differences in frequency (>100%) were
dispersed across the continent, with notable examples in major cities such as Los Angeles, CA,

Miami, FL, Salt Lake City, UT, Denver, CO, and Albuquerque, NM.
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Figure 2.8. Cumulative intensity of compound heat and PM2 5 pollution episodes in urban and
surrounding rural areas: (a) cumulative heat intensity in urban areas, (b) cumulative heat
intensity in rural areas, (c) relative difference in cumulative heat intensity between urban and
rural areas (urban minus rural), (d) cumulative PM> 5 pollution intensity in urban area, (e)

cumulative PM3 5 pollution intensity in rural area, and (f) relative difference in cumulative PM2 s
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pollution intensity between urban and rural areas (urban minus rural). Filled circles represent
individual urban and rural areas, with circle sizes scaled to urban population.

As shown in Fig. 2.8a—c, cumulative heat intensities during compound heat and PM> s
pollution events were highest in the Northeast, Ohio Valley, and West. Overall, 98.3% of urban
areas had greater cumulative heat intensities compared to their rural surroundings. Regionally,
the highest cumulative heat intensities were observed in the Northeast, reaching on average
161.1°C in urban areas (Table A3). In contrast, the lowest values were found in the Southwest,
where urban areas averaged only 57.5°C. The largest urban—rural relative differences in
cumulative heat intensity (> 150%) were predominantly observed in the Southwest and West
(Fig. 2.8c). However, some isolated locations in the Southeast and South, such as El Paso, TX,
also exhibited large urban—rural relative differences.

During compound heat and PM; 5 pollution episodes, 97.3% of CONUS urban areas
experienced greater cumulative pollution intensities than their surrounding rural areas. The
highest cumulative PM2 5 pollution intensities for both urban and rural areas were observed in the
Northeast, Northwest, and West (Fig. 2.8d—f). Different from cumulative heat intensities during
compound events, Northwest exhibited the greatest cumulative PM2 5 pollution intensities,
reaching on average 1107.0 ug m across urban areas. In comparison, the lowest values were
recorded in the Southwest: on average 189.4 pg m in urban areas and 124.1 pg m> in rural
areas (Table A3). Urban—rural disparities in cumulative pollution intensity varied substantially in
space. The largest relative differences (> 200%) were mainly concentrated in the Southeast,

Southwest, and West and Southwest, with additional isolated cases in the Northwest and South

(Fig. 2.8).
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2.5 Comparison and attribution of single and compound extremes

Analysis of heat wave characteristics across the CONUS reveals that heat waves in urban
areas, defined by daily minimum air temperature in this study, were generally more frequent,
longer lasting, and more intense than in rural areas (Figs. 2.3-2.4). These findings are consistent
with previous observations and numerical simulations at regional and global scales: heat waves
can amplify nighttime urban heat islands and escalate urban—rural temperature differences (D. Li
& Bou-Zeid, 2013; Liao et al., 2018; L. Zhao et al., 2018). This synergistic effect mainly results
from the heat retention of construction materials, the lack of surface moisture, and anthropogenic
heat emissions (Barriopedro et al., 2023). Heat waves occurred most frequent in inland urban
areas of the West and Southwest where the urban—rural relative differences were also the greatest
(Fig. 2.3a and ¢). In comparison, coastal cities in the West (i.e., California) experienced less
frequent heat waves, likely influenced by the nearby ocean. Heat waves lasted the longest in
urban areas across the southern U.S., where the largest urban—rural differences in duration were
found. Interestingly, in the eastern U.S., urban areas exhibited both longer and shorter heat wave
durations than their rural surroundings (Fig. 2.3f). This disparity is because some urban areas
experienced more frequent but shorter individual heat waves when minimum air temperature in
rural areas fell below the heat wave threshold.

Despite shorter average durations in some cities, nearly all urban areas experienced
higher cumulative heat intensity than rural areas (Fig. 2.4c). The consistent spatial patterns
between nighttime UHI intensity (Fig. 2.4f) and urban—rural heat wave differences indicates that
the urban—rural contrast is primarily driven by the nighttime UHI effect. However, the extent to
which the nighttime UHI influenced this contrast varied by region and was modulated by

climatic conditions (Liao et al., 2018). Notably, several cities in Florida (e.g., Miami) had
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substantially more severe heat wave conditions than their rural surroundings, despite relatively
low UHI intensity. In addition, larger cities, characterized by higher population here, tended to
exhibit greater urban—rural differences in heat wave frequency and cumulative intensity, as well
as higher nighttime UHI intensity, compared to their surrounding smaller cities. This pattern
highlights the potentially amplified influence of large urban areas on local and even regional
climatic conditions (Manoli et al., 2019; Oke et al., 2017; Ramamurthy & Bou-Zeid, 2017; B.
Zhou et al., 2013).

PM; 5 pollution episodes were also more frequent, longer lasting, and more intense in
urban areas than in rural areas, largely due to higher urban emissions (e.g., Fig. Alg in the
Appendix). In fact, over 91% of urban areas were more polluted than their rural surroundings in
terms of warm-season PM> s concentrations. In particular, PMa s pollution episodes were the
most frequent, persistent, and intense in both urban and rural areas across the eastern U.S.,
excluding Florida, and in Southern California (Figs. 2.5-2.6). Several cities in Southern
California (e.g., Los Angeles) exhibited the most substantial urban—rural relative differences in
the frequency, duration, and cumulative intensity of PM2 s pollution episodes, which is in
alignment with findings from previous shorter-period studies (Chakraborty et al., 2022; Eiguren-
Fernandez et al., 2004; Meng et al., 2018). These substantial differences are due to higher urban
emissions from traffic, industrial activities, as well as wildfires (Chow et al., 2006; B. Yang et
al., 2024). In addition, the topography of Southern California, where many cities are surrounded
by mountains, traps air pollution and allows it to accumulate and persist over extended periods
(C. Wang et al., 2017). Fig. Alf illustrates this pattern in Los Angeles and surrounding cities.

The spatial patterns of urban—rural differences in PM; 5 pollution episodes were relatively

more heterogeneous than those observed for heat waves (Figs. 2.5-2.6, cf. Figs. 2.3-2.4). In
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many urban areas, the frequency, duration, and cumulative pollution intensity were lower than in
rural areas, especially for episode duration (Fig. 2.5f). Some cities even recorded lower warm-
season mean PM> s concentrations than nearby rural areas. This is partly explained by the
transport of urban pollutant emissions toward downwind rural areas for some cities (e.g., Fig.
A1h), which can lead to higher rural concentration and the formation of secondary PM» 5 (X.-M.
Hu et al., 2008; Kim et al., 2016). Additionally, rural emissions from biomass burning and
agricultural dust (Lei et al., 2016; X. Li et al., 2020) can contribute to elevated PM; 5 levels, as
evidenced by higher PM2 s concentrations over agricultural lands south of Phoenix (Fig. Ale).
Urban-—rural contrasts in PM3 5 pollution episodes can also diminish due to synoptic weather
conditions, unique regional emission patterns, and geographical controls. For example, stagnant
weather in the eastern U.S. can result in similar PM> s levels across urban and rural areas.
Secondary PM: 5 formation from emissions associated with industrial activities and coal-fired
power plants in the eastern U.S., agricultural ammonia emissions in the Midwest, and biogenic
emissions in the Southeast can further reduce urban—rural differences (Bauer et al., 2016;
McDulffie et al., 2021; Skyllakou et al., 2021; Wyer et al., 2022). In California’s Central Valley,
the shared topographical constraints can limit the ventilation of pollutants, leading to similar
PM: s levels between urban and rural areas, despite high warm-season mean concentrations (Fig.
2.6d-).

Compound heat and PM; 5 pollution episodes were more frequent and more intense, in
terms of both heat and pollution, in ~98% of CONUS urban areas compared to their rural
counterparts (Figs. 2.7¢c, 2.8c, and 2.8f). However, only slightly more than half of urban areas
experienced longer lasting compound events than nearby rural areas (Fig. 2.7f). Regionally, the

eastern U.S. (excluding Florida) and California had the most frequent and longer lasting
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compound events. Cumulative heat and pollution intensities for both urban and rural areas
showed similar spatial patterns, with the greatest intensities occurring in California and most
states across the eastern U.S. (Fig. 2.8). The largest urban—rural relative differences in
cumulative heat and pollution intensities were observed in the West and Southwest, along with a
few outliers on the East Coast, such as Miami, FL. These outlier cities in the eastern U.S.
typically had low frequency, duration, and cumulative intensities. The high relative difference
actually reflects the ratio of two low values, with urban intensities slightly higher than rural ones.
In general, the spatial patterns of compound event characteristics for both urban and rural areas
more closely resembled those of PM2 s pollution episodes than those of heat waves (Figs. 2.7—
2.8, cf. Figs. 2.3-2.6). This suggests that the spatial distributions of compound events were
primarily driven by PMa2 s pollution episodes, despite their relatively shorter duration compared
to that of either heat waves or PM2 5 pollution events. Consequently, regions with high PM2 s
frequency, duration, and cumulative intensity also tended to experience more frequent,
prolonged, and intense compound heat and PM: s pollution events. These regions should be

prioritized in the implementation of heat and pollution mitigation strategies.

2.6 Post-2016 reversal in PM2s and its impact on compound events

The study period (2000-2022) encompasses a unique transition in national air quality
trends, marked by an initial decrease in warm-season PMa s concentrations, followed by a
reversal starting around 2016. As shown in Fig. A2 in the Appendix, both urban and rural areas
experienced statistically significant decreasing trends in mean PM3 s levels prior to ~2016 (p <
0.01), and statistically significant increase thereafter (p < 0.02). As pointed out in a recent study

(Burke et al., 2023), this post-2016 rebound in PM> s levels was primarily attributed to the
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escalating influence of wildfire activities. Wildfires, particularly in the western U.S., have grown
in both size and intensity, collectively due to climate change, accumulated fuel loads, and
increased human-related ignitions (Balch et al., 2017; Boisramé et al., 2022; Juang et al., 2022;
Westerling, 2016). Burke et al. (2023) estimated that these changes have offset approximately
one-quarter of the multi-decadal improvements in air quality across many CONUS states. These
shifts in pollution levels likely altered the characteristics and frequency of extreme pollution
events, particularly during the warm season.

A thorough comparison of event characteristics between the entire 23-year study period
and the earlier years (2000-2016) further confirms this shift. During the earlier period (2000—
2016), the characteristics of heat waves, including urban—rural contrasts, remained relatively
stable, with limited change in frequency and cumulative heat intensity compared to the entire 23-
year period (Figs. A3—A4 and Table A4 in the Appendix). In contrast, PM; 5 pollution episodes
and compound heat and pollution events exhibited notably higher frequency, duration, and
cumulative intensities across many climate regions in the western U.S. (Figs. A5—AS8 and Tables
A3-A4). For example, in states such as Oregon and Washington, urban—rural differences in
frequency and cumulative intensity, which were clearly evident during 2000-2016, were
substantially diminished when considering the full 23-year period. This weakened urban—rural
contrast results from the dominance of widespread wildfire smoke, which largely obscures the
urban pollution signal. A similar pattern was observed for compound events as well, with
wildfire-driven pollution increasingly changing the frequency and cumulative intensity across the

western U.S.
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Figure 2.9. Annual frequency of (a) PMa 5 pollution episodes and (b) compound events,
measured as the number of event days in urban areas across the CONUS, eastern U.S.
(Northeast, Upper Midwest, Ohio Valley, and Southeast), and western U.S. (Southwest,
Northwest, and West). Each box shows the interquartile range (IQR), with the horizontal line
indicating the median, whiskers extending to 1.5 x IQR, and points beyond the whiskers
representing outliers. The inset in (b) shows the climate regions used to define the eastern and
western U.S. (blue and red, respectively).

The annual analysis of event days further reveals regional contrasts across the CONUS

(Fig. 2.9). Nationally, the number of PM 5 pollution days and compound event days declined
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until around 2016, followed by a plateau in subsequent years. This trend was also evident in the
eastern U.S. However, the western U.S. experienced a substantial post-2016 increase in both
PMb 5 pollution and compound event days, albeit with some year-to-year variability. Notably,
several recent years (e.g., 2020 and 2021) even surpassed the levels observed during 2000-2016.
These findings imply the growing challenge of managing urban air quality, as the rising
influence of long-range wildfire smoke can increasingly undermine the effectiveness of local
emission control efforts. Current regulatory frameworks may fall short under such conditions,
highlighting the urgent need for integrated strategies that combine urban emission control with

regional-scale fuel and land management to protect both environmental quality and public health.

2.7 Limitations and uncertainties

This study has several limitations that should be acknowledged. First, our analysis is
indirectly based on observational datasets, and thus inevitably inherits uncertainties from the
input datasets of the machine learning models, despite their extensive validation (e.g., Di et al.,
2019; Wei et al., 2023). In addition, while our threshold-based approach captures major pollution
events, it does not fully reflect the potential health risks associated with lower-level PM; s
pollution exposure, as even concentrations below WHO guidelines have been shown to pose
risks to public health (McDulffie et al., 2021). This necessitates caution when interpreting the
health implications of our findings. Furthermore, the use of daily PMz s levels limits our ability
to examine the diurnal variability of exposure, particularly for heat stress and pollution peaks
that may occur at specific hours of the day as influenced by emission patterns and weather
conditions. Future work incorporating hourly or sub-daily data, when available, would offer a

more detailed understanding of potential exposure risks. Lastly, our data-driven approach does
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not explicitly evaluate physical mechanisms or causal drivers. However, it serves as a critical
first step by identifying spatial patterns and high-risk regions that warrant further investigation

into underlying processes and the development of targeted mitigation strategies.
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Chapter 3

Integrated observational and modeling analysis of urban methane emissions:

A landfill case study

This chapter presents a multiscale characterization of CHs emissions from a municipal
solid waste landfill in Oklahoma City using concurrent mobile and satellite observations
collected on December 13%, 2025, in combination with high-resolution WRF-Chem simulations.
Mobile transect measurements conducted around the landfill perimeter were used to determine
near-surface CHs distributions from early morning to late afternoon. In addition, satellite-derived
CHj4 column data provided independent emission estimates and offered a spatially continuous
view of the CH4 plume at a broader scale. WRF-Chem simulations were used alongside mobile
observations to inversely estimate the landfill CH4 emission rate, by calculating the ratio of
observed to simulated cross-plume CH4 enhancements and applying it to the prescribed emission
rate. A comparative analysis of mobile, satellite, and simulated CH4 was then used to evaluate the
consistency of emission estimates across observational and modeling approaches. This study
aims to improve confidence in landfill CH4 emission estimates and demonstrate the value of

integrating concurrent, multiscale observations with high-resolution simulations.

3.1 Methodology
3.1.1 Study area and measurement overview

The Republic Services Southeast Landfill (35.3996°N, —-97.4638°W) is an active
municipal solid waste facility located in the southeastern Oklahoma City metropolitan area (Fig.

3.1). The landfill accepts MSW and is equipped with an active landfill gas (LFG) collection
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system that converts captured gas to renewable natural gas (RNG) for energy use (Republic
Services, 2018). Despite the gas collection system, there are fugitive CH4 emissions from
uncollected or poorly captured landfill gas, particularly from active tipping areas and imperfectly
sealed cover sections. Their cover system uses two feet of compacted clay, a synthetic liner,
topsoil, and vegetation. Mobile and satellite CH4 measurements were conducted at the landfill
site on December 13", 2025, when skies were clear and winds were generally out of the north to
northeast, advecting the landfill CH4 plume to the south and southwest of the facility. December
131, 2025 was also selected in part because winter conditions favor elevated fugitive CHa
emissions at landfill sites, as low soil temperatures suppress the activity of methane-oxidizing
bacteria in the cover layer, reducing the amount of CH4 oxidized before reaching the surface

(Borjesson & Svensson, 1997; Chanton & Liptay, 2000).

Newly constructed
lined cell

Active working face

Figure 3.1. Satellite view of Republic Services Southeast Landfill in Oklahoma City.
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3.1.2 Mobile CH4 measurements and data processing

Near-surface CH4 concentrations were collected using a vehicle-mounted LI-COR 7810
trace gas analyzer, paired with a GR-9029 Real-Time Kinematic Global Navigation Satellite
System GPS receiver for precise location tracking. The LI-COR 7810 is a cavity ring-down
spectroscopy instrument that provides continuous, high-frequency measurements of CHy
concentrations in parts-per-billion (ppb). This instrument has a CH4 measurement range of 0—100
ppm, a response time of 2 seconds, a precision of 0.25 ppb with 5-second averaging, and a
maximum drift of less than 1 ppb per 24-hr period (LI-COR, 2026). Together, the two
instruments recorded CH4 concentration, geographic coordinates, and timestamps throughout the
measurement period. The mobile measurement strategy included sampling the broader perimeter
around the landfill to collect background CH4 concentrations (Fig. 3.2a) and transects along east-
west roadways (specifically Interstate 240) to sample the CH4 plume advected southward by the
predominately northerly winds on December 13%, 2025 (Fig. 3.2b). Driving perpendicular to the
wind direction along these transects is best for capturing the cross-sectional CH4 distribution

needed for estimating emission rates.
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Figure 3.2. Mobile measurement route around Republic Services Southeast Landfill in
Oklahoma City, including (a) larger perimeter and (b) the transect along Interstate 240.

The LI-COR and GPS data were first combined by matching their timestamps, creating a
dataset that links CH4 concentrations to location along the measurement route (Fig. 3.3). Fill
values were removed during quality control, and the dataset isolated the relevant measurement
window for December 13", 2025. Background CH4 levels were estimated using measurements
collected away from the landfill and CH4 enhancements were calculated as the difference
between observed values within the CH4 plume and background values. The data were then
mapped to visually examine how CH4 concentrations vary across the plume. Finally, the
processed mobile observations were utilized with WRF-Chem simulations to estimate landfill

CH4 emission rates.
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Figure 3.3. Flowchart of mobile CHs measurement data post-processing steps and multi-source

emission rate comparison for the Oklahoma City landfill.
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3.1.3 Satellite CH4 observations and emission rate estimation

Satellite CH4 observations were obtained from Carbon Mapper’s Tanager-1 satellite, a
hyperspectral imaging spectrometer operated by Planet Labs. Tanager-1 captures radiance across
a broad spectral range (400—2500 nanometers) and retrieves column-averaged CHy
concentrations in units of parts-per-million times meters (ppm-m) at a ground sampling distance
of approximately 30—43 m, depending on look angle (Carbon Mapper, 2025). The satellite
overpass over the Oklahoma City landfill occurred at 18:10:12 UTC (12:10:12 CST) on
December 13, 2025, providing a near-concurrent snapshot of the CHs plume during the mobile
measurement. The retrieved column enhancement product serves as the basis for plume detection

and emission rate quantification.

Emission rates from the Tanager-1 observations were estimated using Carbon Mapper’s
Integrated Mass Enhancement (IME) approach, which calculates the total excess mass of CH4
within a plume above a dynamically determined concentration threshold (Carbon Mapper, 2024).
This threshold is estimated for each plume based on the background noise in the immediate
vicinity of the plume origin, using an optimized percentile and spatial crop pair applied to the
retrieved concentration map. The IME is then combined with the plume fetch length and a 10-m
wind speed to calculate an emission rate in units of kilograms of CH4 per hour. Wind speed data
was from the High-Resolution Rapid Refresh (HRRR) reanalysis product rather than
observations, which introduces some uncertainties. The plume mask used for the IME calculation
was created by grouping nearby pixels above the concentration threshold around the plume
origin, however, Carbon Mapper also provides a visualization plume which captures more pixels

to show the full visual aspect of a plume for human eyes. This visualization plume uses a
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separate dynamic thresholding approach based on progressively cropped windows around the
plume origin with pixel confidence scoring to capture more low-concentration pixels (Carbon

Mapper, 2024).

3.1.4 WRF-Chem model configuration and scaling

WRF-Chem simulations were configured with four nested domains, centered over the
Oklahoma City landfill site (Fig. 3.4). The outermost domain (d01) had a horizontal grid spacing
of 12 km, followed by 800 m (d02), then 160 m (d03), and 32 m in the innermost domain (d04),
which encompasses the landfill and its immediate surroundings at large-eddy simulation scale.
The 12-hour simulation for December 13, 2025, used the greenhouse gas passive tracer option
to simulate CH4 transport without chemical reactions (Table 3.1). A similar WRF-GHG LES
configuration with 32 m grid spacing has been previously evaluated and shown to successfully
simulate CH4 plume enhancements and their diurnal variability under evolving boundary layer
conditions comparable to those observed on December 13, 2025, providing confidence in the

model configuration used here (X.-M. Hu et al., 2025).
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Figure 3.4. WRF-Chem nested domain configuration for Oklahoma City landfill site
simulations: (a) outer domains D01 (green) and D02 (yellow), and (b) inner domains D03 (red)

and D04 (blue).

Table 3.1. WRF-Chem physics and chemistry parameterization schemes used in the December

13™, 2025 simulation.

Scheme Type Scheme Name

Microphysics Morrison 2-moment

Longwave radiation Rapid Radiative Transfer Model (RRTM)

Shortwave radiation Dudhia

Surface layer Revised MMS5 Monin-Obukhov

Land surface Noah land surface model

Planetary boundary layer Mellor-Yamada-Janji¢ (MY]J)

PBL/SGS turbulence Disabled (LES mode); Smagorinsky first-order
closure for SGS mixing

Cumulus convection Grell-Freitas ensemble

Chemistry WRF-GHG greenhouse gas passive tracer

To inversely estimate the landfill CH4 emission rate, simulated near-surface CHs
concentrations from the innermost domain (d04) were extracted and compared to the mobile
observations along the plume transects. A scaling factor (R) was calculated as the ratio of
observed to simulated cross-plume CH4 enhancements at the same location and time R =
ACH4obs / ACHssim (X.-M. Hu et al., 2025; Ye et al., 2020). The real emission rate is then
estimated by multiplying the modeled emission rate by this factor Qreat = Qsim X R. This approach
uses the mobile measurements to improve the model and produce an emission estimate that can

be compared with the satellite-based estimate.

3.1.5 Key CHy variable definitions
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To evaluate consistency across the observational and modeling methods, their derived
emission rate estimates were directly compared and their differences were analyzed. Before
presenting the results, it is helpful to define three key quantities used in this chapter. CH4
concentration refers to the total amount of methane measured in the atmosphere, reported in ppb
for mobile measurements or in column unit ppm-m for satellite data. CH4 enhancement is the
excess concentration above background level, representing the landfill’s contribution to the
measured CHa. As previously mentioned, the background is estimated using measurements
collected away from the landfill, and enhancements are calculated by subtracting this
background from the total concentration. CH4 emission rate is the amount of methane released
from the landfill per unit time, reported in kg CHa hr!. Differences in emission estimates reflect
both the different types of data each approach provides and the assumptions used in each

method, which will be discussed in the following section.
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3.2 Mobile measurements of methane plumes
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Figure 3.5. Mobile CH4 concentrations (ppm) recorded along the Interstate 240 transect south of
the Oklahoma City landfill site during early morning measurement intervals on December 13,
2025, including: (a) 04:15, (b) 04:45, (c) 05:15, (d) 06:45, (e) 07:15, (f) 07:45, (g) 08:15, and (h)

08:45 (CST).
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Mobile measurements during the early morning hours (roughly 04:15-08:45 CST)
revealed elevated CH4 concentrations along the Interstate 240 transect downwind of the landfill
(Fig. 3.5). The highest concentrations, exceeding 4.8 ppm in several subplots, were observed in
the earliest measurement intervals (04:15-05:15 CST), with a narrower plume appearing
southwest of the landfill (Fig. 3.5a—c). This is consistent with the shallow, stable nocturnal
boundary layer that typically prevails in the early morning hours, which suppresses vertical
mixing and allows CH4 to accumulate near the surface (X.-M. Hu et al., 2025; Lapworth, 2006).
As the morning progressed into the 07:45-08:45 CST period, peak concentrations began to
decrease modestly (Fig. 3.5f~h). However, elevated CH4 measurements around 4.3 ppm persisted
along the transect, suggesting the boundary layer had not yet grown sufficiently to substantially
diminish the landfill plume. In fact, the plume appeared wider at times and shifted to be more
south—southwest of the landfill with the highest values concentrated near the center of the

transect.
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Figure 3.6. Mobile CH4 concentrations (ppm) recorded along the Interstate 240 transect south of
the Oklahoma City landfill site during late morning to afternoon measurement intervals on
December 13, 2025, including: (a) 09:15, (b) 09:45, (c) 10:15, (d) 12:45, (e) 13:15, () 13:45,

(g) 14:15, and (h) 14:45 (CST).

During the late morning and afternoon hours (around 09:15-14:45 CST), CH4
enhancements along the Interstate 240 transect were noticeably reduced compared to the early

morning period (Fig. 3.6). Peak concentrations dropped to roughly 3.1-3.5 ppm across most
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subplots, with a more broad and weaker plume signal. This change can be attributed to the
growth of the boundary layer and surface heating, which increased vertical mixing and dispersed
the landfill plume (Darbieu et al., 2015; Grimsdell & Angevine, 2002). Some variability is
present across the afternoon subplots, such as the 12:45 and 14:15 CST intervals, which showed
locally elevated concentrations along portions of the transect (Fig. 3.61 and o). This is likely
reflecting fluctuations in emission strength or shifting wind directions that temporarily redirected
the plume. Overall, the contrast between the early morning and afternoon results highlights the

strong influence of boundary layer dynamics on near-surface CH4 concentrations.
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Figure 3.7. Time series of near-surface CH4 concentrations (ppb) from mobile measurements
around the Oklahoma City landfill site on December 13%, 2025, derived from LI-COR 7810 and
GPS data in local time (CST).

The time series of mobile CH4 concentrations throughout the measurement day revealed a
clear morning-to-afternoon transition driven largely by boundary layer dynamics (Fig. 3.7). The
highest concentrations of the day occurred during the first active measurement period (roughly
04:15-05:30 CST), where peaks exceeding 15,000-30,000 ppb were observed. These peaks

occurred when the vehicle crossed the landfill plume along the east-west transect under a shallow
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and stable boundary layer. A second measurement block began around 06:45 CST following a
break period, with an initial peak exceeding 20,000 ppb before concentrations declined steadily
through the morning hours as the boundary layer grew. By the third active measurement period
(approximately 13:00-15:00 CST) peak concentrations were substantially lower, generally
remaining below 5,000 ppb due to the well-mixed afternoon boundary layer. Between each
plume crossing, concentrations dropped back toward background levels of roughly 2,000-2,500
ppb, which was close to the global average atmospheric CH4 concentration of approximately
1,900 ppb (Lan et al., 2021; Skeie et al., 2023). The two annotated break periods (when the
mobile measurement team rested) showed consistent near-background concentrations,
confirming that the sharp peaks occurred due to driving through the landfill plume. Overall, the
time series illustrated that the landfill was a persistent CH4 source throughout the day, but that

concentrations were greatly impacted by the evolution of the boundary layer.
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Figure 3.8. Distribution of (b) mobile CH4 concentrations (ppb) and (a) WRF-Chem simulated
mean surface winds (where half-barb =2.5 m s}, full = 5 m s}, flag =25 m s7!) at the Oklahoma
City landfill site during active 30-minute measurement intervals on December 13", 2025.

Figure 3.8 depicts the distribution of mobile CH4 concentrations across each active 30-m
measurement interval alongside WRF-Chem simulated mean surface winds. The widest
interquartile ranges and highest upper whiskers mainly occurred in the early morning,
specifically at 05:15 and 08:45 CST (Fig. 3.8). These large variations in CH4 concentrations were
due to the vehicle repeatedly crossing in and out of the concentrated landfill plume. The median
concentrations during the early morning intervals were significantly higher than the background,
with some intervals showing medians near 2,800 ppb. From 10:15 CST onward, both the
medians and spreads decreased substantially as most boxplots only ranged between roughly
2,200-2,500 ppb. Again, this transition aligned with the well-mixed boundary layer timing that
reduced the contrast between plume and background concentrations. Surface winds from WRF-
Chem were northeasterly throughout the morning, veering slightly more northerly in the
afternoon. Wind speeds remained light and only modestly increased heading into the afternoon
hours. The consistent winds explain why the plume was mainly advected southward and
southwestward across the Interstate 240 transect (Pérez et al., 2021). This suggests that morning
and afternoon CH4 concentration differences were primarily driven by boundary layer depth

rather than changes in wind direction or landfill emission strength.
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Figure 3.9. Probability density distribution of near-surface CHs concentrations (ppb) from
mobile measurements on December 13, 2025, at the Oklahoma City landfill site.

The probability density distribution of all mobile CH4 measurements is strongly right-
skewed, with the vast majority of observations occurring at relatively low concentrations and
probability density dropping sharply as concentrations increase (Fig. 3.9). The mean value of
2746 ppb lies to the right of the peak, indicating the influence of intermittent plume encounters
during transect crossings on the overall distribution. The long tail extending toward 30,000 ppb
reflects infrequent but significant enhancements associated with entering the landfill plume.
These findings are consistent with the sporadic nature of mobile landfill CH4 measurements
documented in previous studies (Kumar et al., 2024; Menster et al., 2019). This skewed
distribution is typical of near-source trace gas measurements, where background conditions

dominate and brief high concentrations greatly impact emission rate estimates.
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3.3 Satellite observations of methane emissions

The Tanager-1 satellite captured a clear CH4 plume over the Republic Services Southeast
Landfill during its overpass at 18:10:12 UTC (12:10:12 CST) on December 13", 2025 (Fig.
3.10). The highest column enhancements of 1,500—2,000 ppm-m were concentrated directly over
and immediately south of the landfill, consistent with the generally northerly winds transporting
the plume southward during this time. The broader visualization plume extended well south of

the landfill and reached beyond Interstate 240, spanning roughly 0.02 degrees of latitude

(approximately 2 km).
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Figure 3.10. Tanager-1 satellite-retrieved column CH4 enhancement (ppm-m) over the
Oklahoma City landfill site during the Carbon Mapper overpass at 18:10:12 UTC on December
13%, 2025. This includes the visualization plume (blue-purple shading) and Integrated Mass
Enhancement plume mask (yellow-purple shading).

The IME plume mask (shown in yellow to purple) shows the core of the CH4 emission
source and represents the pixels Carbon Mapper used to quantify the emission rate. The mask is
tightly constrained to the landfill site, reflecting the automated segmentation algorithm that
groups together nearby pixels with concentrations above a dynamic threshold within 2,500 m of
the plume origin (Carbon Mapper, 2024). The highest enhancements offset slightly to the south
of the landfill center were due to the northerly flow, which was also demonstrated by the mobile
measurements. The broader visualization plume beyond the IME mask boundary reflected lower
CH4 enhancements that fell below the dynamic threshold but were still detectable above the
background concentration. This plume extended across the Interstate 240 transect, consistent
with the mobile measurement findings. This illustrates the high sensitivity and 30 m resolution of

the Tanager-1 satellite (Carbon Mapper, 2025; Jacob et al., 2022).

Table 3.2. Carbon Mapper Tanager-1 satellite overpass metadata for the detected CH4 plume at

the Oklahoma City landfill site on December 13, 2025.

Date/Time Plume Plume IPCC Plume Emission  Emission Wind Wind
Latitude  Longitude Sector Bounds Uncertainty Speed Direction

2025-12- 35.399 -97.463 Solid [-97.485, 928.07 359.00 224+ 2599+

13 Waste 35.376, - 0.80 5.55

18:10:12 (6A) 97.446,

UTC 35.407]

The metadata table reported a CH4 emission rate of 928.07 kg CHs hr! with an

uncertainty of 359.00 kg CHy hr! for this landfill overpass (Table 3.2). The wind speed used in
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the IME calculation was 2.24 + 0.80 m s~ from a direction of 25.99 + 5.55°, sourced from the
HRRR reanalysis product, consistent with the northerly to northeasterly winds observed

throughout December 13. The reported uncertainty reflects the combined contributions of wind

speed uncertainty and retrieval noise, which are the dominant sources of error in IME-based

emission quantification (Carbon Mapper, 2024).

3.4 Simulated methane enhancements
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Figure 3.11. WRF-Chem simulated (a) surface temperature (°C), (b) surface wind speed and

direction (m s™'), and (c) CHs enhancement (ppmv) at 19:00 UTC around the Oklahoma City

landfill

site on December 13, 2025.

Figure 3.11 demonstrates the WRF-Chem simulated temperatures, wind field, and
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unscaled CH4 enhancement around the landfill at 19:00 UTC (13:00 CST). Surface temperatures

(Fig. 3.11a) are generally cool across the domain, ranging from roughly 15 to 24°C, with slightly

warmer patches southwest of the landfill. This is likely due to differences in surface albedo and

thermal properties between the landfill cover and surrounding area. The simulated wind field

(Fig. 3.11b) shows light surface winds of around 1-3 m s~! with a northerly to northeasterly

direction, consistent with the observed winds throughout December 13" and supporting
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southward plume transport away from the landfill. The unscaled CH4 enhancement plume (Fig.
3.11c¢) originates from the landfill and extends southwestward, with peak enhancements reaching
approximately 12—14 ppmyv at the site and immediately downwind before dispersing with
distance. This enhancement is calculated by subtracting the background CHjs from the total
anthropogenic CHy values, where the background is derived from the lateral boundary conditions
of the model. The plume exhibits a slight curvature toward the southwest, which aligns with the
wind vectors variability. These simulated patterns show overall good agreement with the mobile

observations.
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Figure 3.12. Observed vs simulated CHs enhancement (ppb) at 19:00 UTC around the
Oklahoma City landfill site on December 13, 2025.

Figure 3.12 compares the observed and simulated cross-plume CH4 enhancements along
the Interstate 240 transect at 19:00 UTC. The observed profile (blue line) shows a broad

enhancement spanning from roughly 97.473°W to 97.461°W, with multiple peaks reaching up to
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nearly 2,000 ppb and a mobile-derived emission rate of 996.92 kg CH4 hr' (Fig. 3.12). The
unscaled WRF-Chem simulation profile (red dashed line) captures the general location of the
plume, peaking near 97.468°W. However, it underestimates the magnitude of enhancements,
with a maximum of only around 250 ppb. This underestimation is consistent with findings from
other WREF studies, where discrepancies between simulated and observed CH4 enhancements are
attributed to biases in prescribed emission inventories rather than errors in the model's
representation of transport and dispersion (Callewaert et al., 2023, 2025). Despite the magnitude
difference, the good spatial alignment between the two profiles suggests WRF-Chem reproduced
the plume location and general shape reasonably well given the northerly wind conditions on this
day. Also shown is the scaled WRF-Chem CH4 enhancement profile (green dashed line), which
exceeds the observed peak and reflects the structural differences in plume shape where WREF-
Chem produces a narrow, concentration enhancement instead of the broader and more dispersed

observed profile, likely due to difficulties capturing turbulent mixing at this model resolution.

To inversely estimate the landfill CH4 emission rate, a scaling ratio was derived from the
observed and simulated cross-plume profiles shown in Figure 3.12. The ratio R = ACH4obs /
ACHgsim was calculated by comparing the peak observed and simulated enhancements along the
Interstate 240 transect, yielding R = 9.962. Multiplying this ratio by the prescribed WRF-Chem
emission rate of 100 kg CH4 hr! produces an emission rate of 996.92 kg CH4 hr!. This approach
follows the ratio method used in other studies, which uses the model's representation of
atmospheric transport and dispersion to estimate the real emission rate from the observed CH4

(X.-M. Hu et al., 2025; Ye et al., 2020).
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Figure 3.13. Observation to simulation scaling of WRF-Chem near-surface CH4 concentration
(ppmv) with surface wind vectors at 19:00 UTC around the Oklahoma City landfill site on
December 13, 2025. Note that background concentrations below 2 ppmv are shown as
transparent for visualization purposes.

The scaled WRF-Chem CHj4 concentration field (Fig. 3.13) shows a well-defined plume
originating at the landfill and extending southwestward, with peak near-surface concentrations
reaching approximately 4.5-5.0 ppmv immediately downwind of the source. The plume
disperses rapidly with distance, with concentrations approaching background values of around 2
ppmv within roughly 0.5-1 km southwest of the landfill. Surface wind vectors confirm
consistent northerly to northeasterly flow across the domain, directing the plume toward
Interstate 240 in good agreement with the mobile observations. The spatial compactness of the
CHa4 plume reflects the light wind conditions on December 13th, which limited dispersion and
concentrated the emission signal close to the landfill.
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3.5 Integrating observations and simulations for methane emission estimation

a) Mobile (LI-COR 7810) 19:04-13:06 UTC b) Satellite {Tanager-1) 18:10:12 UTC «¢) Simulation {WRF-Chem) 19:00:00 UTC
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Figure 3.14. Spatial distribution of CH4 enhancements around the Oklahoma City landfill site on
December 131, 2025, as captured by (a) LI-COR 7810 mobile measurements from 19:04-19:06
UTC, (b) Tanager-1 satellite overpass at 18:10:12 UTC, and (¢) WRF-Chem model simulation at
19:00:00 UTC.

Figure 3.14 places all three CH4 enhancement estimates side by side, allowing a direct
spatial comparison despite the differences in measurement time and units. All three panels
consistently show the landfill as the dominant CH4 source, with enhancements extending
generally southward across Interstate 240. The mobile panel (Fig. 3.14a) captures a narrow band
of enhancements along the transect with peak values around 2.5-3 ppmv during the 19:04—-19:06
UTC window. The satellite panel (Fig. 3.14b) shows the IME plume tightly clustered over the
landfill with column enhancements up to roughly 2,000 ppm-m, and the broader red-outlined
visualization plume reaching well beyond Interstate 240 at the overpass time of 18:10:12 UTC.
The WRF-Chem panel (Fig. 3.14¢) depicts a southwestward plume orientation, with the highest
CH4 enhancements of approximately 12—14 ppmv located just downwind of the landfill before

dispersing toward the transect.
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Despite these broad spatial agreements, there are notable differences between the three
approaches that are not just due to the timing offset. The mobile measurements show detailed,
fine-scale changes in CH4 along a single east—west transect, capturing spatial variability that
fixed stations cannot resolve (Meonster et al., 2019). The satellite measures CH4 over the full
atmospheric column, meaning its ppm-m units are not directly comparable to near-surface ppmv
values, and its 30 m resolution still smooths smaller-scale features (Jacob et al., 2022; Palmer et
al., 2021). WRF-Chem reproduces the general plume location well, but shows a smoother CH4
enhancement pattern than the mobile data due to the averaging effect of turbulent mixing
parameterizations at LES scales noted in similar studies (X.-M. Hu et al., 2025). In summary,
these approaches provide complementary views of the same CH4 plume, with the mobile data
capturing fine-scale near-surface variability, the satellite depicts broader spatial patterns above
the surface, and WRF-Chem provides continuous spatial and temporal coverage that connects the

two (Cusworth et al., 2020).

Table 3.3: Summary of key measurement characteristics from mobile, satellite, and simulated

approaches at the Oklahoma City landfill site on December 13, 2025.

Mobile Satellite Simulation
Instrument/ LI-COR 7810 Tanager-1 WRF-Chem
Platform
Observation time 19:04-19:06 18:10:12 19:00:00
UTO)
Wind source WRF-Chem HRRR WRF-Chem
Wind speed (ms™) ~2-3 2.24+0.8 ~2-3
Emission rate Obs/sim scaling ratio, R IME Qsim*R
method
Emission rate (kg 996.92 928.07 996.92 (used mobile
CH4 hr) data to derive R)
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The mobile-derived and satellite-derived emission rate estimates show reasonable
agreement, differing by only roughly 7% with values of 996.92 and 928.07 kg CHs hr!
respectively (Table 3.3). The slight differences are likely due to the fact that both estimates rely
on independent measurements, different CHs4 quantities (near-surface concentration versus
column-integrated enhancement), and different wind sources. The mobile estimate used WRF-
Chem simulated winds of approximately 2—-3 m s~!, while the satellite IME method used HRRR-
derived winds of 2.24 + 0.80 m s~!. The similar wind speeds likely contributes to the close
agreement in emission rates since wind speed is one of the dominant sources of uncertainty in
both the IME and scaling ratio approaches (Carbon Mapper, 2024; Menster et al., 2019). The
roughly 7% difference could also reflect the timing offset between the mobile transect (19:04—
19:06 UTC) and the satellite overpass (18:10:12 UTC), during which wind conditions or
emission strength may have varied slightly. Overall, the agreement between the different
approaches suggests that both methods provide reliable estimates of landfill CH4 emissions, and
is consistent with previous studies showing consistency between mobile and satellite estimates

when wind conditions are well known (Cusworth et al., 2020; Jacob et al., 2022).
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Chapter 4

Conclusions

4.1 Key findings on urban compound heat and PM2.s pollution episodes

Chapter 2 provides a comprehensive assessment of heat waves, PM2 s pollution episodes,
and compound heat and PM: 5 pollution events across CONUS urban and rural areas from 2000
to 2022 (23 years) using reconstructed, long-term, high-resolution datasets. In particular, heat
waves were defined based on daily minimum near-surface air temperature (rather than remotely
sensed land surface temperature commonly used in long-term studies). Results show that urban
environments generally experienced more frequent, longer lasting, and more intense heat waves
than rural surroundings, primarily due to the persistent nighttime urban heat island effect.
Similarly, PM2 s pollution episodes were more frequent, prolonged, and intense in most urban
areas, largely driven by higher pollution emissions from transportation, industry, and other urban
sources. Compound heat and PM> 5 pollution episodes were more frequent and intense in ~98%
of CONUS urban areas, and more than half of them experienced longer durations than their rural
counterparts. On average, urban areas experienced 1.4°C greater cumulative heat intensity and
6.0 ug m higher cumulative PM, s pollution intensity per year than their rural surroundings.
Furthermore, the spatial patterns of compound events aligned closely with those of PM> s
pollution episodes, suggesting that air pollution played a dominant role in their occurrence.
Notably, the number of PM; 5 pollution and compound event days declined through ~2016 but
increased in the western U.S. in recent years, primarily due to rising wildfire emissions. It is
worth noting that while the equal-area rural buffer approach is widely used in urban climate

research to ensure spatial comparability across cities of varying sizes, the rural boundaries are
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defined solely by matching the area of each urban shapefile rather than by any physical,
meteorological, or pollution-based criterion. Additionally, the reliability of PM> s estimates
toward the end of the study period may be reduced, as ground-based monitoring data used to
train and validate the machine learning models becomes less available after 2019, which should

be considered when interpreting recent trends in PM2 s pollution and compound events.

4.2 Key findings on urban methane emissions and observational constraints

Chapter 3 presents a multiscale characterization of CHs emissions from the Republic
Services Southeast Landfill in Oklahoma City using concurrent mobile and satellite observations
collected on December 13, 2025, alongside WRF-Chem simulations. Mobile measurements
revealed a pronounced morning-to-afternoon transition in near-surface CH4 concentrations, with
early morning peaks exceeding 30,000 ppb under a shallow stable boundary layer that
substantially decreased in the afternoon as the boundary layer grew and vertical mixing
increased. The landfill was a persistent CH4 source throughout the day, with its plume extending
south-southwestward toward Interstate 240 under light northeasterly winds. The Tanager-1
satellite captured a well-defined CH4 plume at 18:10:12 UTC with peak column enhancements of
1,500-2,000 ppm-m over the landfill, resulting in a satellite-derived emission rate of 928.07 +
359.00 kg CH4 hr'!. WRF-Chem reproduced the plume location and southwestward transport
direction well, and the ratio of observed to simulated cross-plume CH4 enhancements was used
to inversely estimate a landfill emission rate of 996.92 kg CH4 hr!. Despite differences in
measurement approach, spatial coverage, and wind data sources, the close agreement (only

roughly 7% difference) between mobile and satellite estimates shows the benefit of combining
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multiscale observations with high-resolution simulations to better estimate landfill CH4

emissions.

4.3 Implications and future work

The findings of the compound heat and PM; s pollution episode analysis underscores the
pressing need to address urban heat and particulate matter pollution issues simultaneously to
reduce human exposure, especially in cities and regions with the most severe impacts. The urban
and regional hotspots for extreme heat and PM; 5 pollution identified in this study can help
prioritize future physics-based numerical simulations to disentangle key contributors and
interactions between these environmental stressors. Investigating the meteorological and
anthropogenic drivers of the observed urban—rural differences and evaluating the effectiveness of
various mitigation strategies will help inform targeted interventions and investments. Future
mitigation efforts should also focus on cities where these stressors pose the greatest risks, to
improve urban resilience, public health, and environmental sustainability in an increasingly
warming and urbanizing world.

The results from the landfill emission case study highlight the value of integrating
concurrent mobile measurements, satellite observations, and process-based modeling to estimate
landfill CH4 emissions. The ratio of observed to simulated CH4 enhancements along the mobile
transect yielded a scaling factor of 9.962, which was applied to the prescribed emission rate to
estimate the actual landfill emission rate. Building on this work, our ongoing concurrent
measurement campaigns (see Figure A9 in Appendix) demonstrate that emission rate estimates
derived from the scaled WRF-Chem results remain consistent with satellite observations, which

provides increasing confidence in the methodology. Our continued mobile measurements also
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create an opportunity to investigate seasonal variability in emissions and to better understand the
influence of temperature, moisture, and operational factors on CH4 production. Future work
should extend these mobile measurements across a wider range of meteorological conditions,
including different wind regimes and boundary layer conditions, to further reduce uncertainty
scaling approaches. Expanding the observational network through more frequent satellite
overpasses and additional ground-based sensors would also enhance the ability to capture
temporal variability in emissions. At the same time, improving model representations of landfill
processes and refining prescribed emission inputs will be critical for reducing uncertainty in
inversely estimated emission rates. More broadly, the multiscale approach demonstrated here
could be applied to other types of waste sites in different climates to improve emission estimates

and support more effective CH4 mitigation efforts.

From a policy perspective, these findings highlight the need for integrated strategies that
address both urban air pollution exposure and underlying emission sources. At the large scale,
the spatial patterns of compound heat and PMaz s events across CONUS cities show the need for
national and regional policy frameworks that account for the co-occurrence of these hazards
rather than extreme heat or PM: s episodes alone. Policies that aim to reduce PM2 s pollution
from transportation and wildfire management will have the greatest co-benefits for reducing
compound event frequency, particularly across the western U.S. where wildfires occur most
often. Within-cities, the landfill CH4 results demonstrate the importance of site-level emission
monitoring and reporting. Current facility self-reporting to the EPA Greenhouse Gas Reporting
Program may substantially underestimate actual emissions at landfill sites. Requiring more
frequent and independent verification of landfill emissions through mobile or satellite-based

measurements could improve the accuracy of national inventories and help identify facilities
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where gas collection systems are underperforming. Taken together, both chapters suggest that
effective urban air quality policy needs to operate at multiple scales, combining broad

regulations with targeted, site-specific interventions informed by observations.

Overall, this thesis illustrates that urban air quality is a multiscale problem that cannot be
fully understood from a single perspective. Chapter 2 demonstrates that urban areas can intensify
the health risks of compound heat and PM2 s pollution events at large scales, while Chapter 3
shows that urban areas also contain high emission sources like landfills that affect both local air
quality and global greenhouse gas levels. Reducing urban air quality risks therefore requires both
managing large-scale environmental stressors and accurately quantifying local emission sources.
By integrating observations and models across scales, this work contributes to a more
comprehensive understanding of urban air quality and provides a foundation for developing more

effective, data-informed mitigation and adaptation strategies in a changing climate.
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Appendix

Note Al. Climate regions in the CONUS
The nine climatically consistent regions across the CONUS, as identified by the National
Centers for Environmental Information, National Oceanic and Atmospheric Administration
(https://www.ncei.noaa.gov/access/monitoring/reference-maps/us-climate-regions), are:
e Northeast (NE): Connecticut, Delaware, Maine, Maryland, Massachusetts, New
Hampshire, New Jersey, New York, Pennsylvania, Rhode Island, and Vermont
e Upper Midwest (UM): lowa, Michigan, Minnesota, and Wisconsin
e Ohio Valley (OV): Illinois, Indiana, Kentucky, Missouri, Ohio, Tennessee, and West
Virginia
e Southeast (SE): Alabama, Florida, Georgia, North Carolina, South Carolina, and Virginia
e Northern Rockies and Plains (NRP): Montana, Nebraska, North Dakota, South Dakota,
and Wyoming
e South (SO): Arkansas, Kansas, Louisiana, Mississippi, Oklahoma, and Texas
e Southwest (SW): Arizona, Colorado, New Mexico, and Utah
e Northwest (NW): Idaho, Oregon, and Washington

o West (WE): California and Nevada
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Figure A1. Spatial patterns of (a—d) daily minimum air temperature and (e—h) daily PM; 5
concentration averaged over warm seasons for representative urban areas: (a and e) Phoenix—
Mesa metropolitan area, (b and f) Los Angeles—Long Beach—Anaheim metropolitan area, (¢ and
g) Atlanta metropolitan area, and (d and h) Washington, D.C. and Baltimore metropolitan areas.

White and black boundaries represent urban and rural areas, respectively.
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Figure A2. Long-term trends in warm-season mean PM3 5 concentrations in (a) urban areas and
(b) rural surroundings. Concentrations for each urban area are normalized by their maximum and
minimum values to ease comparison (gray lines). Solid red lines are the annual mean of

normalized concentrations across all areas, with dashed red lines representing the interquartile
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range (25th—75th percentiles). Dashed black lines are linear fits to the annual means for 2000—

2015 and 2016-2022, with corresponding R? and p-value (based on an F-test) shown in each

subplot.
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Figure A3. Frequency and duration of heat waves based on minimum temperatures in urban and
surrounding rural areas during 2000-2016: (a) frequency in urban areas, (b) frequency in rural
areas, (c) relative difference in frequency between urban and rural areas (urban minus rural), (d)
duration in urban areas, (€) duration in rural areas, and (f) relative difference in duration between
urban and rural areas (urban minus rural). Filled circles represent individual urban and rural

areas, with circle sizes scaled to urban population. White circle in (f) indicates no urban—rural

differences.
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Figure A4. Cumulative intensity of heat waves based on minimum temperatures and warm-
season mean minimum temperature in urban and surrounding rural areas during 2000-2016: (a)
cumulative heat intensity in urban areas, (b) cumulative heat intensity in rural areas, (c) relative
difference in cumulative heat intensity between urban and rural areas (urban minus rural), (d)
warm-season mean minimum temperature in urban areas, (€) warm-season mean minimum
temperature in rural areas, and (f) difference in warm-season mean minimum temperature
between urban and rural areas (urban minus rural). Filled circles represent individual urban and

rural areas, with circle sizes scaled to urban population.
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Figure AS. Frequency and duration of PM2 5 pollution episodes in urban and surrounding rural
areas during 2000-2016: (a) frequency in urban areas, (b) frequency in rural areas, (c) relative
difference in frequency between urban and rural areas (urban minus rural), (d) duration in urban
areas, (e) duration in rural areas, and (f) relative difference in duration between urban and rural
areas (urban minus rural). Filled circles represent individual urban and rural areas, with circle

sizes scaled to urban population. White circles in (¢) and (f) indicate no urban—rural differences.
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Figure A6. Cumulative intensity of PM> s pollution episodes and warm-season mean PM> 5
concentration in urban and surrounding rural areas during 2000-2016: (a) cumulative PM> s
pollution intensity in urban areas, (b) cumulative PM; 5 pollution intensity in rural areas, (c)
relative difference in cumulative PM> s pollution intensity between urban and rural areas (urban
minus rural), (d) warm-season mean PM> s concentration in urban areas, (€) warm-season mean
PM> s concentration in rural areas, and (f) difference in warm-season mean PM> s concentration
between urban and rural areas (urban minus rural). Filled circles represent individual urban and

rural areas, with circle sizes scaled to urban population.
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Figure A7. Frequency and duration of compound heat and PM> s pollution episodes in urban and
surrounding rural areas during 2000-2016: (a) frequency in urban areas, (b) frequency in rural
areas, (c) relative difference in frequency between urban and rural areas (urban minus rural), (d)
duration in urban areas, (€) duration in rural areas, and (f) relative difference in duration between
urban and rural areas (urban minus rural). Filled circles represent individual urban and rural
areas, with circle sizes scaled to urban population. White circles indicate zero values in urban

and/or rural areas in (a), (b), (d), and (e) and no urban—rural differences in (c) and (f).
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Figure A8. Cumulative intensity of compound heat and PM: s pollution episodes in urban and
surrounding rural areas during 2000-2016: (a) cumulative heat intensity in urban areas, (b)
cumulative heat intensity in rural areas, (c) relative difference in cumulative heat intensity
between urban and rural areas (urban minus rural), (d) cumulative PM; 5 pollution intensity in
urban area, (e¢) cumulative PM> s pollution intensity in rural area, and (f) relative difference in
cumulative PM3 s pollution intensity between urban and rural areas (urban minus rural). Filled
circles represent individual urban and rural areas, with circle sizes scaled to urban population.

White circles indicate zero values in urban and/or rural areas in (a), (b), (d), and (e).
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Figure A9. Spatial distribution of CHs4 enhancements around the Oklahoma City landfill site on
April 16", 2026, as captured by (a) LI-COR 7810 mobile measurements from 18:26-18:29 UTC,
(b) Tanager-1 satellite overpass at 18:28:01 UTC, and (¢) WRF-Chem model simulation at

18:25:00 UTC.
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Table A1. Characteristics of heat waves based on minimum temperature in the CONUS and nine
climate regions (see Note S1) during 2000-2022: Northeast (NE), Upper Midwest (UM), Ohio
Valley (OV), Southeast (SE), Northern Rockies and Plains (NRP), South (SO), Southwest (SW),

Northwest (NW), and West (WE).

CONUS NE UM ov SE NRP SO SW NW WE
Urban frequency (d yr™) 19.18 1542 9.77 15.65 21.78 1237 2275 2631 19.27 2531
Rural frequency (d yr™') 14.51 12.84 835 12.83 16.94 943 18.03 15.84 13.99 16.27
Urban duration (d) 4.75 4.28 4.14 4.37 5.07 4.29 5.15 5.05 4.85 5.27
Rural duration (d) 4.52 4.17 4.10 4.23 4.80 4.13 4.88 4.64 4.55 4.81

Urban cumulative heat intensity (°C)  571.87 556.47 404.92 44825 417.50 453.52 499.67 817.77 690.02 1052.97
Rural cumulative heat intensity (°C)  415.24 449.73  345.61 358.82 313.19 335.87 380.54 439.43 48521 670.54

Table A2. Characteristics of PM 5 pollution episodes in the CONUS and nine climate regions

during 2000-2022.

CONUS NE UM oV SE NRP SO SW NW WE
Urban frequency (d yr'!) 23.73 26.71 20.09 36.90 28.50 10.28 25.08 5.46 6.73 16.36
Rural frequency (d yr!)  22.70 26.10 19.18 35.87 27.63 9.86 24.04 5.30 6.51 13.62
Urban duration (d) 2.67 2.45 2.16 3.05 2.94 2.48 2.48 2.23 3.11 2.68
Rural duration (d) 2.68 2.44 2.15 3.04 2.92 2.51 2.48 2.32 3.28 2.70
Urban cumulative 3468.94 441593 258790 551392 373533 1860.14 2527.03 74542 3349.14 2703.40
intensity (ug m=)
Rural cumulative 3351.27 4339.16 2511.12 5390.03 3609.33 1795.81 2415.62 732.16 3301.84 2427.56

intensity (ug m™>)

Table A3. Characteristics of compound heat and PM: 5 pollution episodes in the CONUS and

nine climate regions during 2000-2022.

CONUS NE UM OV SE NRP SO SW  NW WE
Urban frequency (d yr') 3.48 418 235 447 309 170 374 152 224 4.44
Rural frequency (d yr') 2.59 339 190 345 230 127 282 098  1.70 2.73
Urban duration (d) 2.20 229 200 225 219 200 197 205 2.6l 2.41
Rural duration (d) 2.18 229 198 220 215 193 194 205  2.67 2.40

Urban cumulative heat intensity (°C)  117.14  161.12 9744  135.18 6596 63.80 87.03 5747 9546  218.62
Rural cumulative heat intensity (°C) ~ 85.31 128.03 79.13 10227 47.10 4350 6517 3421 6770  139.70
Urban cumulative pollution intensity  567.30  811.19 34240 598.30 390.07 327.79 341.09 189.37 1106.96 915.60
(ngm™)
Rural cumulative pollution intensity ~ 429.97  657.01 270.00 429.60 292.31 241.61 261.52 124.10 86427  664.17
(ngm™)
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Table A4. Characteristics of heat waves based on minimum temperature in the CONUS and nine

climate regions during 2000-2016.

CONUS NE UM oV SE NRP SO SW NW WE
Urban frequency (d yr) 16.80 13.86 8.58 14.60 18.18 12.05 20.33 23.63 1696  21.12
Rural frequency (d yr!) 12.45 11.50  7.21 11.88 13.86  9.12 15.77 13.44 12.12 12.81
Urban duration (d) 4.66 4.26 3.95 4.31 5.01 4.32 5.13 4.90 4.76 4.97
Rural duration (d) 4.43 4.15 3.89 4.17 4.74 4.16 4.86 4.51 4.49 4.57
Urban cumulative heat intensity
(°C) 358.05 375.04 25533 30239 255.63 31824 320.57 511.71 432.10 591.95
Rural cumulative heat intensity
(°C) 25541 303.65 214.89 239.85 188.60 231.57 238.58 25847 299.09 355.19
Table AS5. Characteristics of PM 5 pollution episodes in the CONUS and nine climate regions
during 2000-2016.
CONUS NE UM ov SE NRP SO SW NW  WE
Urban frequency (d yr™) 29.24 35.02 25.16 48.12 37.43 8.34 31.30 2.62 342 14.79
Rural frequency (d yr!) 28.15 34.39 24.22 47.04 36.43 7.85 30.26 2.29 3.10 12.00
Urban duration (d) 2.56 2.49 2.20 3.12 3.01 1.94 2.55 1.59 2.15 2.27
Rural duration (d) 2.55 2.48 2.19 3.10 2.98 1.95 2.53 1.63 2.21 2.23
Urban cumulative 3004.98 4358.12 2464.57 5411.10 3678.08 837.62 2389.47 195.15 508.84 122231
intensity (ug m=)
Rural cumulative intensity ~ 2902.74  4288.30 2403.56 5302.58 3561.14 780.04 229392 176.25 490.56 987.95
(ng m™)
Table A6. Characteristics of compound heat and PM> 5 pollution episodes in the CONUS and
nine climate regions during 2000-2016.
CONUS NE UM oV SE NRP SO SW NwW WE
Urban frequency (d yr') 3.83 545 296 574 394 155 421 059 084  2.90
Rural frequency (d yr™') 2.86 4.44 2.41 4.42 2.96 1.17 3.11 0.30 0.53 1.49
Urban duration (d) 2.08 2.35 2.06 2.30 2.28 1.85 1.97 1.29 1.55 1.94
Rural duration (d) 2.02 2.35 2.04 2.24 2.22 1.72 1.93 1.19 1.35 1.86
Urban cumulative heat intensity (°C)  86.77 15544 89.95 12337 6224 42779  67.11 15.08 23.67 84.99
Rural cumulative heat intensity (°C)  63.28 124.08 73.64 92.82 4488 29.16  48.69  6.51 13.39 4441
Urban cumulative pollution intensity ~ 406.03 805.50 33296 583.29 382.08 14556 293.71 3547 8537 272.64
(ngm?)
Rural cumulative pollution intensity ~ 303.78 653.61 26431 417.61 287.78 115.08 221.06 18.18 5091 15546

(ng m™)
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