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Methane, an important and not yet fully understood greenhouse gas, has a global warming 

potential 25 times that of carbon dioxide over 100 years, although with an atmospheric lifetime 

much shorter than carbon dioxide.  Controlling methane emissions is a useful way to avoid some 

of the adverse effects of climate change at least on short time scales.  Natural sources include 

wetlands, ruminants, and wildfires, while anthropogenic sources include the production, 

transmission, distribution, and use of natural gas, livestock, and landfills.  In the US, natural gas 

and petroleum systems, anthropogenic sources, are the second-largest source of methane 



 

 

 

emissions. Urban areas are a significant source of anthropogenic methane emissions, primarily 

fugitive emissions from natural gas distribution and usage. 

We studied methane observations from five towers in the Baltimore-Washington (BWR) 

region – two urban towers ARL (Arlington, VA), NEB (Northeast Baltimore, MD), and one rural 

tower, BUC (Bucktown, MD).  Methane measurements from these three towers displayed 

distinct seasonal and diurnal cycles with maxima at night and in the early morning, which 

indicated significant local emissions. We concluded from our analysis that anthropogenic 

methane emissions dominate at the urban sites whereas wetland emissions dominate at the rural 

site. We compared observed enhancements (mole fractions above the 5th percentile) to simulated 

methane enhancements using the WRF-STILT model driven by two EDGAR inventories – 

EDGAR 4.2 and EDGAR 5.0. We did a similar comparison between model and observations 

with vertical gradients. We concluded that both versions of EDGAR underestimated the regional 

anthropogenic emissions of methane, but version 5.0 had a more accurate spatial representation. 

We ran the model with WETCHARTs to account for wetland emissions which significantly 

reduced the bias between model and observations especially in summer at the rural site. 

We investigated winter methane observations from three towers in the BWR including a 

ten-year record, 2013-2022, from  BUC, located ~100 km southeast of these urban areas.  We 

combined the observations with a HYSPLIT clustering analysis for all years to determine the 

major synoptic patterns influencing methane mixing ratios at BUC.  For methane concentrations 

above global background, the cluster analysis revealed four characteristic pathways of transport 

into BUC – from the west (W), southwest (SW), northwest (NW), and east (E) and these showed 

significant differences in methane mixing ratios. We corroborated our conclusions from BUC 

using 2018-2022 data from towers in Stafford, Virginia (SFD), and Thurmont, Maryland (TMD); 



 

 

 

results confirmed the influence of synoptic pattern, typically associated with frontal passage, on 

methane.  No significant temporal trend over the global background was detected overall or 

within any cluster.  For BUC, low concentrations were observed for air off the North Atlantic 

Ocean (E cluster) and flowing rapidly behind cold fronts (NW cluster).  High methane mixing 

ratios were observed, as expected, in the W cluster due to the proximity of the BWR and oil and 

gas operations in the Marcellus.  Less expected were high mixing ratios for the SW cluster – we 

attribute these to agricultural sources in North Carolina.  Swine production, ~500 km to the SW, 

impacts methane in eastern Maryland as much or more than local urban emissions plus oil and 

gas operations 100–300 km to the west; this supports the high end of emission estimates for 

animal husbandry and suggests strategies for future research and mitigation. 
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Chapter 1 : Introduction 

Methane is a greenhouse gas with a global warming potential of about ~82 times more than 

carbon dioxide over a 20-year time horizon (Sixth Assessment Report — IPCC), although with 

an atmospheric lifetime much shorter than carbon dioxide. Due to its short-lived nature and 

higher global warming potential, methane mitigation brings about greater climate change 

benefits. 

There are both natural as well as anthropogenic sources of methane. Natural sources 

include wetlands which produce methane through microbial activity. Smaller amounts are 

emitted from volcanic eruptions and wildfires. The largest anthropogenic sources of methane 

include energy, agriculture, and waste sectors. Methane is the primary component of natural gas 

and is emitted during extraction, storage, transportation, and distribution processes. Coal bed 

methane (CBM) is generated in coal beds and remains trapped within layers of coal (Haldar, 

2018; Zou, 2017).  Methane is also emitted from the decomposition of waste in landfills and 

wastewater treatment facilities. The agriculture sector, enteric fermentation in cattle and 

decomposition of manure, generate methane. In the US, the agriculture and energy sectors 

together contribute ~75% of total methane emissions (Greenhouse Gas Inventory Data | US 

EPA). 
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1.1 Methane Emissions from the Energy Sector 

 

There has been an increased transition from coal-fired power plants to natural gas under 

the Clean Air Act. The use of natural gas over coal results in substantial reductions in CO2, NOx 

and SO2 emissions (Gouw et al., 2014; Lu et al., 2012; Venkatesh et al., 2012b, 2012a). Natural 

gas fugitive emissions, however, have the potential to negate the benefits that it brings over coal 

(Howarth et al., 2011; Ren et al., 2018). Methane, the primary component of natural gas (~80-

90%), is more potent than carbon dioxide in forcing climate change over a decadal period. 

Additionally, emissions of VOCs, PM2.5, and NOx occur during the production and processing 

stages of natural gas extraction and use (Kemball-Cook et al., 2010a; Roy et al., 2014; Warneke 

et al., 2014). Methane is emitted during both surface and underground coal mining operations 

(Bibler et al., 1998; Ren et al., 2019). Thus, we need to identify and quantify the emissions 

resulting from natural gas-related sources. 

Estimates of methane emissions from pipeline leakage remain uncertain. Studies have 

attempted to assess and quantify the methane emissions from leakage in urban centers and the 

transmission and storage (T&S) sector in general (Alvarez et al., 2018a; Gallagher et al., 2015; 

Hendrick et al., 2016; Jackson et al., 2014; Lamb et al., 2015; Phillips et al., 2013a; Zimmerle et 

al., 2015). Alvarez et al., (2018) estimated the methane leakage from the US oil and gas supply 

chain to be ~60% higher than the EPA inventory estimate. Schneising et al., (2014) found 

fugitive methane emissions from Bakken and Eagle Ford formations, to be underestimated in the 

inventories. 
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Oil and gas operations are major sources of methane emissions as methane is the major 

component of natural gas, and it is emitted during the production, transmission, and distribution 

stages of the operation. Several studies have looked at quantifying methane emissions from oil 

and gas operations. 

Peischl et al., (2018b) used ethane (C2H6) and methane measurements in downwind 

regions of five major oil and gas-producing regions in the Central and Western United States to 

determine methane emission rates. The oil and gas producing regions surveyed were Bakken in 

North Dakota, Barnett in Texas, Denver Basin in Colorado, Eagle Ford in Texas, and 

Haynesville in Texas and Louisiana. The ethane-to-methane enhancement ratio in the downwind 

regions was similar to the ratio in locally produced gas, and the percentage of natural gas emitted 

compared to natural gas produced ranged from 1.0 ± 0.5 % to 5.4 ± 2.0 % in the regions 

surveyed. Two similar studies by Peischl et al., (2016b) and Peischl et al., (2015b) estimated 

methane emissions using measurements of ethane and methane in the Williston Basin of 

northwestern North Dakota, northeastern Pennsylvania, Haynesville region and Fayetteville 

region in Arkansas. Karion et al., (2015) used a mass balance approach using data from 8 flight 

days to determine methane emissions (60 ± 11 x 103 kg hr-1) in the Barnett Shale region of 

Texas, underestimated both EPA’s Greenhouse Gas Reporting Program and the global Emission 

Database for Global Atmospheric Research (EDGAR) inventory. A similar study by Karion et 

al., (2013) used a mass balance approach to estimate methane emissions and the natural gas leak 

rate from the oil and gas-producing region in Uintah County, Utah. Barkley et al., (2019) used a 

top-down approach using measurements of ethane and methane to determine methane emissions 
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from coal and natural gas extraction in southwestern Pennsylvania, with emissions from natural 

gas underestimated in EPA inventories by a factor of 5 (±3). A study to reconcile methane 

emissions estimated by the top-down approach and bottom-up approach by Zavala-Araiza et al., 

(2015) used data from a campaign in the Barnett region of Texas. In addition, there have been 

other studies to estimate methane emissions from oil and gas production regions (Z. Barkley et 

al., 2023; Z. R. Barkley et al., 2017; Pétron et al., 2014; Schwietzke et al., 2017; Smith et al., 

2015). All these studies are evidence that oil and gas operations in the US emit large quantities of 

methane, their impact in downwind regions and the need for more observation-based studies to 

quantify emissions from this sector accurately. Reducing emissions from both leakage and oil 

and gas extraction is essential for reducing greenhouse gas emissions. VOCs, being emitted from 

natural gas extraction and being components of natural gas, form ozone and PM2.5 on reacting 

with NOx in the presence of sunlight. Reducing emissions from these sectors can thus help 

improve air quality. 

Mapping studies showed densely populated cities in the eastern U.S. to have numerous 

natural gas leaks (Gallagher et al., 2015, Philips et al., 2013, Jackson et al., 2014, Hendrick et al., 

2016). We presently do not have a clear picture of the impact of such local emissions on the 

ambient air quality in BWR. A study by Jackson et al., 2014 on natural gas leakage in the 

Washington, DC area found the isotopic signature of methane and ethane from leakage close to 

the isotopic signature of methane and ethane from natural gas pipelines. The paper estimated the 

emissions from four streets to range from 9200 to 38200 L/CH4 per day. Hendrick et al., 2016, 

estimated the methane flux from leaks in the Boston region to range from 4.0 - 23000 g CH4 per 
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day. The distribution of leak size was skewed, with 7% of the leaks responsible for 50% of total 

methane emissions. At several locations, potentially explosive (Grade 1) CH4 methane 

concentrations were detected. A study of leaks across Boston City by Philips et al., 2012, 

concluded, from the isotopic signature of methane, that it was a fossil fuel rather than a biogenic 

source of methane. 

1.2 Methane emissions from agricultural sources 

  Agricultural practices constitute many of the major sources of methane.  Based on 

average emissions between 1990 and 2010, (Karakurt et al., 2012) estimated that ~50% of 

anthropogenic methane emissions can be attributed to agricultural activities. In the United States, 

agriculture is the largest source of methane emissions (Inventory of U.S. Greenhouse Gas 

Emissions and Sinks | US EPA). The major agricultural sources of methane include enteric 

fermentation in cattle, manure emissions, rice cultivation, and biomass burning. Methane is 

produced due to the fermentation of food by microbes in the digestive system of ruminants. 

Ruminants in this category include cows, buffalo, sheep, camels, goats, with emissions varying 

by species, type, and quantity of feed (Karakurt et al., 2012; Moss et al., 2000a, 2000b; Moumen 

et al., 2016; Sejian et al., 2011; Shi et al., 2014; P. Smith et al., 2021). 

 Another major source is animal manure stored in lagoons and pits, which, under 

anaerobic conditions, decomposes to generate methane. Manure emissions depend on several 

factors, including temperature, animal species and diet, and manure management systems 
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(Hristov et al., 2017; Reay et al., 2018; Steed & Hashimoto, 1994). Rice cultivation is yet 

another major source of methane emissions. When paddy rice fields are flooded during the 

cultivation process, organic matter decomposes under anaerobic conditions, and methanogenic 

bacteria generate methane under such conditions. Methane emissions from this sector are 

dependent on water and straw management patterns, organic content, rice varieties and fertilizers 

(Anand et al., 2005; Jiang et al., 2017; Matthews et al., 1991; Sass & Fisher, 1997; Wang et al., 

2023; Wassmann et al., 1993; Yagi et al., 1997; Yan et al., 2009). Partial combustion of biomass 

also generates methane.  

1.3 Methane emissions from waste sector 

 The waste sector is another major source of methane emissions especially in urban areas 

(Ren et al., 2018; Sargent et al., 2021), mostly from solid waste landfills and wastewater. 

Methane is generated from anaerobic decomposition of organic matter in wastewater and 

landfills (Lou & Nair, 2009; Talyan et al., 2007; Themelis & Ulloa, 2007).  

1.4 Methane studies in the Baltimore-Washington region (BWR) 

We saw an increase in methane mixing ratios between 2011 and 2014 over the 

Northeastern United States, evident from Figures 1.1a and b below, which compare the ambient 

data from two campaigns conducted in the BWR, DISCOVER-AQ in the summer of 2011 and 
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NOAA flights in the summer of 2014. The figures suggest that there has been an increment in 

boundary layer methane concentration between 2011 and 2014. The trend in emissions, however, 

remains unclear, for example, Karion et al., (2023), found a 4-5 % year-to-year decrease in 

methane emissions between 2018 and 2021 in the BWR. 
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Figure 1.1: Comparison of methane mixing ratio at various altitudes from two campaigns in 

BWR a.) DISCOVER-AQ in summer 2011 (Data obtained from https://www-

air.larc.nasa.gov/missions/discover-aq/dataaccess.htm) and b.) NOAA satellite validation flights. 
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The rise in methane concentration in BWR has been attributed to the unprecedented 

increase in natural gas operations through fracking (Vinciguerra et al., 2015). We can attribute 

methane concentrations in BWR to two anthropogenic emission sources - local and regional. The 

regional source includes the Marcellus shale gas region, whereas local sources include leakage 

from natural gas pipelines. The Marcellus shale gas region spread mostly across Pennsylvania 

and West Virginia, is one of the fastest growing and the most massive natural gas plays (Omara 

et al., 2016) in the country, accounting for 19% of the total natural gas production (Ren et al., 

2019) in the US. Between 2011 and 2016 the gas production in the Marcellus has almost 

increased five times and is expected to rise further owing to new infrastructure projects (US 

EIA). In the state of Pennsylvania alone, shale gas production increased by a factor of more than 

7 between 2011 and 2021 (Shale Gas Production, US EIA).  

Studies have demonstrated the impact of natural gas operations on the air quality in 

downwind regions.  Vinciguerra et al., (2015) examined the impact of Marcellus shale gas 

operations in downwind regions of BWR by analyzing the hourly VOC mixing ratios measured 

by MDE, at Essex, MD. The daytime ethane mixing ratio along with ethane to total non-methane 

organic carbon (TNMOC) ratio showed an increase since 2011. The paper attributed the rise in 

absolute concentrations and the ratios to rise in fracking operations upwind in the Marcellus 

region. The article concluded that technological advancements such as hydraulic fracturing and 

horizontal drilling had amplified natural gas operations and this led to the rise in ethane mixing 



 

 

 

 

 

 

 

 

10 

 

ratios in downwind regions such as BWR. The article, however, does not provide any 

information about the impact of local emissions of methane resulting from leakage in the natural 

gas distribution system. 

             Ren et al., (2019) also estimated methane emission rates from Marcellus shale region in 

southwestern Pennsylvania and northern West Virginia, an area of intensive of oil and gas 

(O&G) operations, using aircraft observations and mass balance method. Mixing ratios of 

methane, carbon dioxide, and carbon monoxide were measured using a Picarro analyzer. Three 

flights were conducted in the Marcellus shale region between August and September 2015. As 

part of the mass balance method, the transects were carried upwind and downwind of natural gas 

operations, in a direction perpendicular to the wind direction. The aim was to estimate the 

enhancement over the background methane concentration. A pictorial description of the mass 

balance approach is shown below in Figure 1.2. The mean CH4 emission rate from the three mass 

balance flights was estimated to be 21.1±2.0 kg CH4/s from the experimental area, about 2.3 

times higher than the 2012 EPA CH4 inventory (Maasakkers et al., 2016a). The mean CH4 

emissions from oil and gas (O&G) operations were determined to be 5.98±2.0 kg CH4/s, a factor 

of 1.7 times higher than the 2012 Massakkers CH4 inventory.  
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Figure 1.2: Pictorial representation of mass balance method. Picture obtained from (Ren et al., 

2019). 

 

Ren et al., (2018) used mass-balance flight experiments in the Baltimore-Washington 

region during the winters of 2015 and 2016. The calculated mean winter methane emission rates 

were ~2.8 times higher than the 2012 US GHG inventory and ~1.7 times higher than the 

Maryland inventory. The study used ethane-to-methane ratios to estimate that ~40-60% of 

methane emissions in the region can be attributed to the urban natural gas infrastructure. 

Landfills were found to be a major source of methane emissions in the area, constituting ~25 ± 

15% of total emissions. Lopez-Coto et al., (2020) found a similar discrepancy (~2.8) in methane 

emission rate with US GHG inventory using aircraft observations and inverse modeling 

techniques. Huang et al., (2019) used methane observations for the afternoon hours (12 pm – 5 

pm) in the year 2016 from four towers in the BWR, along with atmospheric inversions using the 
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Stochastic Time-Inverted Lagrangian Transport (STILT) model to estimate methane emissions. 

The study discovered a significant seasonality in urban methane emissions in the BWR, not 

captured in inventories, with emissions ~41% higher in winter correlating with higher natural gas 

usage. Karion et al., (2023) used tower-based observations in the BWR for a five-year period 

along with inversion modeling techniques to quantify methane emissions and found winter 

emissions were 44% higher than summer emissions. The same study found a ~4-5% per year 

decreasing trend in methane emissions for Washington DC and Baltimore urban areas. The 

above studies prove that urban areas in the BWR are significant sources of methane emissions, 

and there is a need for more observations and studies to accurately quantify emissions and 

develop effective mitigation policies.  

1.5 Northeast Corridor (NEC) Project 

The National Institute of Standards and Technology (NIST), along with other institutions, 

initiated the Northeast Corridor (NEC) project in 2015, with the objective to better quantify 

urban anthropogenic greenhouse gas emissions (Karion et al., 2020). The goal of the project is to 

determine urban greenhouse gas emissions from areas along the US East Coast with several other 

sources located upwind, like oil and gas operations and power plants. The network comprises of 

29 stations, out of which 16 are in the BWR, with continuous in-situ measurements of carbon 

dioxide (CO2) and methane (CH4) measured at two inlet heights at each station, except for 

Stafford (SFD), in Virginia with three inlet heights. The tower network design and location under 
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NEC, data collection, processing, instrumentation, and calibration have been discussed in detail 

in prior publications (Karion et al., 2020; Lopez-Coto et al., 2017; Mueller et al., 2018; Verhulst 

et al., 2017; Welp et al., 2013). We will summarize the major features of this project here.  

 A total of four stations in the BWR were identified as background stations, including 

towers at Bucktown (BUC), Maryland, Stafford (SFD) in Virginia, and Thurmont (TMD) in 

Maryland. The towers at SFD and TMD are in forested areas, and the BUC tower is situated in a 

wetland-dominated region, east of Chesapeake Bay. The rest of the towers were classified as 

urban towers with varying degrees of urban intensity. BUC with the oldest instrumented tower 

operated by Earth Networks when the NEC project was initiated and has collected data since 

2013, Karion et al., (2020) analyzed the observed vertical gradients at a few urban towers and the 

background towers. A vertical gradient is calculated as the difference in observations between 

the two inlet heights divided by the distance between the two heights. A pronounced vertical 

gradient during overnight to early morning hours, when the boundary layer is shallow, indicates 

strong local sources. The urban towers displayed a higher vertical gradient during winter as 

compared to summer plausibly due to greater emissions during winter or due to seasonality of 

boundary layer heights. The BUC tower displayed a pronounced vertical gradient during 

summer, attributed to the local wetland emissions. The location of towers used in our study is 

shown in Figure 1.3. 
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Figure 1.3: Location of towers, denoted by red circles, used in our study. 

1.6 Research Objectives 

 In this dissertation, we have analyzed methane observations from towers in the 

Baltimore-Washington region to determine the sources, trends, nature of sources, diurnal and 

seasonal patterns, and vertical gradients. We have compared the observed methane with model 

outputs and analyzed discrepancies with inventories. We have used HYSPLIT clustering analysis 

to determine the characteristic sources impacting methane mixing ratios in Maryland. The 

Maryland Greenhouse Gas Reduction Act targets 60% reduction in greenhouse gas emissions by 

2030, compared to 2006 levels, and achieve net-zero emissions by 2045. Although our study is 

not a comprehensive evaluation of methane emissions in the BWR, it substantially contributes to 
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quantifying methane emissions and developing mitigation policies. The following are the 

research questions we attempt to answer in this dissertation. 

 

Research Question 1: 

How do the urban and rural towers compare regarding seasonal and diurnal variations? Can we 

use methane observations to evaluate anthropogenic and biogenic inventories? What can the 

comparison reveal about the sources of methane? 

 

Research Question 2: 

Can existing models driven by emission inventories capture the observed diurnal and seasonal 

variations of methane in Maryland?  

 

Research Question 3: 

What are the sources of methane that influence methane mixing ratios in Maryland? Can we 

identify sources if we identify the dominant wind patterns? Among the dominant synoptic 

weather patterns and the associated transport pathways, are there significant differences in 

methane mixing ratios? 

 

Research Question 4: 
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Is there any temporal trend in methane above the global background in Maryland? Is there any 

impact of the repair works on the natural gas distribution infrastructure on methane 

concentrations in Maryland? 

 

We answered research questions 1 and 2 in Chapter 2, where we evaluated methane observations 

from towers for their diurnal and seasonal patterns for both urban and rural towers. We adopted a 

simple approach where we used observations to evaluate anthropogenic and biogenic emission 

inventories, using 5th percentiles as background.  

 

We looked at research questions 3 and 4 in Chapter 3, where we investigated methane 

observations from a tower in Maryland for a decadal time period (2013-2022) integrated with 

HYSPLIT cluster analysis to determine the major clusters and the associated methane statistics. 

We used the median methane mixing ratios for each cluster and the wind pattern to understand 

the sources influencing the methane mixing ratios and also studied the temporal trends. 
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Chapter 2 : Analysis of the trends in ambient methane in the Baltimore-Washington region 

and comparison to model output. 

2.1 Introduction 

 

Methane is an important and not yet fully understood greenhouse gas, with a global warming 

potential approximately ~82 times greater than that of carbon dioxide over a 20-year time 

horizon (Sixth Assessment Report — IPCC), although with an atmospheric lifetime much shorter 

than carbon dioxide. Natural sources include wetlands, insects, and wild animals while 

anthropogenic sources include the production, transmission, distribution, and use of natural gas, 

as well as coal, livestock, agriculture, wastewater treatment, and landfills. In the United States 

(U.S.), natural gas and petroleum systems are the second largest source of methane emissions 

after agriculture (Inventory of U.S. Greenhouse Gas Emissions and Sinks | U.S. EPA). Urban 

areas are a significant source of anthropogenic methane emissions, often dominated by fugitive 

emissions from natural gas distribution and usage (Ren et al., 2018; Plant et al., 2019; Sargent et 

al., 2021).  

Methane emissions from urban areas remain uncertain. Numerous prior studies have 

attempted to assess and quantify the methane emissions from natural gas leakage in urban centers 

and the transmission and storage (T&S) sector as a whole (Alvarez et al., 2012, 2018; Peischl et 
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al., 2013; Phillips et al., 2013; Jackson et al., 2014; Gallagher et al., 2015; McKain et al., 2015; 

Lamb et al., 2015; Zimmerle et al., 2015; Hendrick et al., 2016; Cambaliza et al., 2017). 

Substantial disparities exist between bottom-up estimates (inventories) and top-down estimates 

(based on atmospheric measurements) of methane emissions, with top-down estimates generally 

much larger than bottom-up values (Lamb et al., 2016; Turner et al., 2016; Ren et al., 2018; 

Lopez-Coto et al., 2020). A recent study by Plant et al., (2019) used aircraft measurements to 

conclude that methane emissions from many urban centers along the U.S. East Coast are more 

than twice those in commonly used inventories. Ren et al., (2018) and Lopez-Coto et al., (2020) 

used airborne measurements to determine that the winter (February) methane emission rates in 

2016 in the Baltimore-Washington region (BWR) were 2.7 to 2.8 times the US national 

greenhouse gas inventory for 2012. Huang et al., (2019) used atmospheric inversions with 

methane observations from towers in the BWR and found methane emissions underestimated by 

the existing inventories in fall, winter, and spring but overestimated in summer because of excess 

modeled wetland emissions. 

Few studies have looked at how models reproduce observed diurnal and seasonal trends 

of methane. Yadav et al., (2019) and He et al., (2019) used continuous observations (tower-based 

and remote-sensing, respectively) in the Southern California air basin to show seasonality in 

urban methane emissions. Sargent et al., (2021) showed distinct seasonality in methane 

emissions in Boston using in-situ observations. Huang et al., (2019) used data from afternoon 

hours (12 pm to 5 pm local time) and discovered a significant seasonality in urban methane 

emissions in the BWR. 
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The objective of our study is to evaluate anthropogenic and biogenic methane emission 

inventories with ambient observations from towers. The aim is to better understand the sources 

and to evaluate existing inventories of methane. We studied in-situ methane data from the BWR 

under the Northeast Corridor (NEC) project using two urban towers ARL (Arlington, VA), NEB 

(Northeast Baltimore, MD), and one rural tower, BUC (Bucktown, MD) (Karion et al., 2020). 

Karion et al., (2020) discussed methane measurements from two of these three towers – ARL 

and BUC. The methane observations from these towers display distinct seasonal and diurnal 

cycles with seasonal maxima in winter at the urban towers reflecting greater emissions and 

reduced vertical mixing, and larger vertical gradients at night and early morning, indicating 

significant local emissions and higher concentrations when the planetary boundary layer (PBL) is 

shallow. At BUC, the rural site, Karion et al., (2020) observed large vertical gradients during the 

early morning hours in the summer, suggesting substantial local wetland emissions expected to 

peak when the surface is warm. In our study, we compared modeled methane enhancements to 

observed enhancements. We used the meteorological WRF (Weather Research and Forecasting) 

Model (Skamarock et al., 2008) in combination with the Lagrangian dispersion model STILT 

(Stochastic Time-Inverted Lagrangian Transport model) (Lin et al., 2003; Nehrkorn et al., 2010) 

to simulate time series of methane at each tower location. We compared the tower methane 

observations with the model outputs and used the ambient observations to evaluate the 

anthropogenic and biogenic emission inventories of methane. 
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2.2 Methods 

2.2.1 Tower locations and observations 

The NEC tower network, currently consisting of 29 stations, was initiated in 2015, with 

the primary objective to better quantify urban emissions of anthropogenic greenhouse gases 

(Karion et al., 2020). Sixteen stations were established around the BWR to estimate greenhouse 

gas emissions using inverse modeling techniques (Lopez-Coto et al., 2017; Mueller et al., 2018). 

The tower network design and location under NEC, data collection, processing, instrumentation, 

and calibration have been discussed in detail in prior publications (Welp et al., 2013; Verhulst et 

al., 2017; Lopez-Coto et al., 2017; Mueller et al., 2018; Karion et al., 2020). We used 

continuous, hourly measurements of methane from the three towers in the region - NEB, ARL, 

and BUC.  Both NEB and ARL are classified as urban towers (Karion et al., 2020). BUC is 

located in Bucktown, MD, on the eastern side of Chesapeake Bay, in a wetland-dominant region 

(Karion et al., 2020). The location of these towers and the sampling heights are provided in 

Table 6.1 & Figure 6.1, and also in Huang et al., (2019) and Karion et al., (2020).  

          Here we analyzed observations of methane dry air mole fractions (units nanomole per 

mole, or ppb) from these tower stations. We analyzed the diurnal and seasonal variation of 

methane at these three towers using contour plots as previously done in Bloomer et al. (2010). 

We computed the hourly averages of the methane observations for each month to generate these 

plots. We used data for the period November 2016 to October 2017 and focused our model 
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comparison analysis in two ecological seasons - winter (December 2016 to February 2017) and 

summer (June to August 2017). Our research considered data from the entire diurnal cycle to 

determine how effectively the model run with various inventories can replicate the observed 

diurnal variations. All three towers sampled air from two inlet heights, one between 46 m and 50 

m above ground level, and one between 66 m and 75 m above ground level (Table 6.1). We used 

results from only the lower sampling height for the model bias comparison but obtained similar 

results when considering data from the upper sampling height. Data from both sampling heights 

of each tower were used for the vertical gradient analysis. 

2.2.2 Description of model and inventories 

 

The WRF-STILT model described here was run by researchers at NIST, who provided 

the output modeled mole fractions. Our study used the STILT transport and dispersion model 

(Lin et al., 2003b) run with meteorological data from the WRF model (Skamarock and Klemp, 

2008; Skamarock et al., 2008), and configured as described in Karion et al., 2021. STILT was 

run 120 h backward in time from the observation points – the locations of the towers in our 

study. The surface influence (proportional to the residence time of a particle over a given pixel 

and within the planetary boundary layer) for each observation, or footprint, was calculated. The 

surface influence at each pixel was multiplied by the emissions inventory’s surface flux 

(μmol/m2/s). The sum over all pixels equals the modeled mole fraction enhancement at the tower 
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site. Footprints were generated for each tower for a regional domain (bounds 92.0 W, 68.0 W, 

33.0 N, 47.0 N) at 0.1-degree resolution. The domain is shown in Figure 6.2.  

We used two anthropogenic CH4 emission inventories – the Emission Database for 

Global Atmospheric Research version 4.2 (hereafter referred to as EDGAR 4.2) (Janssens-

Maenhout et al., 2013) and version 5.0 (hereafter referred to as EDGAR 5.0) (EDGAR - Joint 

Research Centre Data Catalogue - EDGAR v5.0 Greenhouse Gas Emissions - European 

Commission; Crippa et al., 2019) for 2012. The inventories have a horizontal resolution of 0.1o 

latitude by 0.1o longitude. There is no seasonality in methane emissions in EDGAR 4.2 and 

essentially no variation (< 5%) with season in EDGAR 5.0 either for our model domain or near 

our towers. Therefore, we used the annual average of emissions for a particular year in the 

model. We chose these two versions of EDGAR because they have the most different spatial 

representation of emissions, with EDGAR 4.2 placing more emissions in urban centers (i.e., 

emissions are downscaled via population) than EDGAR 5.0. (Janssens-Maenhout et al., 2013). 

The distribution of methane emissions within the inventories for the area near the towers is 

discussed in the results section. 

2.2.3. Comparison of observations and model outputs  

Our study considered several methods to compare modeled wetland emissions with 

observations. To account for wetland methane emissions, we used wetland fluxes derived from 

WetCHARTs, with a horizontal resolution of 0.5o latitude by 0.5o longitude (Bloom et al., 2017). 
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WetCHARTs consists of 18 emission models or “members”, of which nine exhibit higher 

magnitude of methane wetland fluxes than others, while the remaining 9 models are significantly 

lower in magnitude and have different spatial allocations of wetland emissions (Figures 6.3a-b). 

We calculated the mean from the 9 models with higher magnitude (hereafter referred to as ‘wet 

3a’) and lower magnitude (hereafter referred to as ‘wet 4a’) of wetland fluxes averaged monthly 

over 15 years. We also determined the mean of all 18 models over 15 years (hereafter referred to 

as ‘wet ma’) for comparison with observations. In addition to the three scenarios mentioned 

above (wet 3a, wet 4a and wet ma), we have downscaled the emissions to our 0.1o model 

resolution using the wetland fraction (calculated as the sum of woody and herbaceous wetlands) 

from the National Land Cover Database (NLCD) 2016 (Yang et al., 2018), conserving the mass 

of methane within each 0.5o cell. We have referred to these scenarios as ‘wet 3b’, ’wet4b’, and 

‘wet mb’.  

 We adopted a simple approach to directly compare the model outputs with methane tower 

observations. The WRF-STILT model footprints were convolved (multiplied pixel by pixel and 

then summed) with inventories (both anthropogenic and WetCHARTs) to simulate methane 

mole fraction enhancement in nanomoles of methane per mole of dry air, (nmol mol-1), or parts 

per billion (ppb), interpreted as excess methane over the atmospheric background concentration. 

Due to the small number of towers used in this work and the fact that none of them could really 

be considered a background tower, we decided to apply a simplified background methodology, 

treating each tower independently, as opposed to using more complex background methods as 

described in Karion et al., (2021). Similar to Pak et al., (2021), we subtracted the 5th percentile 
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from each data point.  Here, we determined the seasonal variation of methane for each tower, 

using the absolute methane mole fractions from both the tower observations and the modeled 

output. We repeated our analysis with the 2nd, 10th, and 15th percentile (Tables 6.2-6.3) subtracted 

from the methane tower observations and the model results and found that while the choice of 

percentile impacts the magnitude of the biases, this choice does not impact either the direction of 

the biases, the normalized mean bias (see below), or the general conclusions. Below, we present 

results using the 5th percentile.  

We added the WetCHARTs modeled outputs to the EDGAR outputs (and subsequently 

deducted the 5th percentile) to determine if the inclusion of wetland emissions would lead to 

better agreement between the model and observations. We used the bias and normalized mean 

bias (hereafter referred to as NMB) of methane to quantify the discrepancies between the model 

and observations. The NMB quantifies the significance of the bias relative to the signal 

(enhancement). The two quantities were calculated as follows,  

Mean bias (ppb methane) =
∑ (modeli − obsi)

n
i=1

n
 

(Eq. 1)  

 

Normalized mean bias (NMB) =
∑ (modeli − obsi)

n
i=1

∑ obsi
n
i=1

 

(Eq. 2) 

 

(n = number of observations) 
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Here, ‘obs’ and ‘model’ refer to the observations and modeled output above the 5th percentile. A 

negative mean bias will be reflective of the model underestimating observations. We also 

calculated the least squares coefficient of determination (r2) between methane observations and 

the model.  

We investigated the methane vertical gradients between the two inlet heights at the three 

towers and compared these with model output. The analysis of vertical gradients will help 

determine whether local sources exist within the vicinity of the towers (Monteiro et al., 2022). 

When the PBL is not well-mixed (e.g., at night or early morning), ground-level emissions near 

the tower result in higher concentrations at the lower level, thus larger gradients indicate higher 

emissions near the tower. 

2.3 Results 

2.3.1. Analysis of methane observations at the three towers 

Methane measurements from the three towers in our study display distinct diurnal and 

seasonal cycles, with daily maxima in the early morning and night hours (Figure 2.1). The 

presence of such distinct early morning and nighttime local maxima indicates local emissions. 

These maxima can be explained by the buildup from local emissions in the shallower boundary 

layer that are later dissipated due to turbulent mixing in the afternoon hours.  The methane 

contour plots at the two urban sites, NEB and ARL, show that this early morning enhancement is 
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greatest during winter, but a secondary maximum in the early morning also appears in the late 

summer months (around August). The higher ambient concentration in the early morning and 

night hours in winter can be attributed to both enhanced anthropogenic methane emissions in 

winter and to the seasonality of boundary layer heights (Huang et al., 2019; Karion et al., 2020). 

Methane mixing ratio minima are observed in the summer afternoons when the PBL is deepest. 

The pattern indicates the importance of local emissions in the vicinity of the towers. The urban 

sites show a dominant winter peak, suggesting that leakage from the natural gas (NG) system 

may be a major local source, since NG system emissions are likely higher in winter than summer 

as suggested by previous urban studies (He et al., 2019; Sargent et al., 2021). The secondary 

summer peaks indicate that other, likely biogenic sources may also be important.  Seasonality in 

meteorological conditions, including the PBL, also plays a role. 

 

 

Figure 2.1: Methane contour plots showing diurnal and seasonal variation of methane at the 

three towers for the period November 2016 – October 2017. The data are from the lower inlet 

height of the towers 50 m above ground level for NEB and ARL and 46 m for BUC. Note the 
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color bars are different in each plot and absolute concentrations are higher at NEB than ARL and 

lowest at BUC. 

Unlike the urban sites, the rural BUC site shows a dominant early morning enhancement 

during the summer months, indicating a strong local biogenic process that is more pronounced at 

higher temperatures. This late summer maximum is coincident with the summer maxima 

discussed for the urban towers (ARL and NEB), indicating that these towers might also be 

impacted by biogenic sources.  Besides agricultural land, BUC is located in Dorchester County, 

MD, with close to 68,400 hectares of estuarine and palustrine wetlands.  This site shows a minor 

winter maximum likely related to PBL dynamics coupled with some minor local emissions in 

winter.  The absolute values of the methane mole fractions are greatest at NEB and smallest at 

BUC. These patterns demonstrate that urban methane emissions are greater than rural emissions 

in the BWR.  

2.3.2. Comparison of observed and modeled diurnal cycles of methane 

We analyzed both the observed and modeled diurnal variations of methane enhancements 

at all three towers to investigate how accurately the models capture the observed diurnal trends 

of methane. The modeled outputs were derived from WRF-STILT runs using the two EDGAR 

inventories described in the Methods section. The plots in Figures 2.2 a-f show the observed 

diurnal cycles of methane enhancements plotted along with the WRF-STILT model predicted 

diurnal cycles, run with EDGAR 4.2 or EDGAR 5.0. 
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Figure 2.2: Diurnal cycles of methane enhancements during summer (a-c) and winter months (d-

f) at two urban towers, ARL and NEB, and one rural tower, BUC.  The black line represents the 

hourly averaged methane observations; the blue and red lines represent modeled trends run with 

EDGAR 4.2 and EDGAR 5.0 inventories respectively using the 5th percentile as background. 

The error bars represent the standard error of the mean, i.e., the standard deviation of the hourly 

observations divided by the square root of the number of observations used to calculate the 

mean. 
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2.3.3. Analysis of observed diurnal cycles of methane  

The observed diurnal cycles of methane enhancements for the three sites displayed a 

pronounced maximum in the early morning and the night, as also shown in Figure 2.1, which 

suggests the importance of local emissions. As explained earlier, local emissions produce 

maxima in concentrations when the PBL is shallow. At the two urban sites, the magnitude of 

observed early morning maxima were greater during the winter than the summer. A plausible 

reason could be greater local anthropogenic methane emissions during winter due to increased 

NG use for heating, resulting in a higher early morning maximum in the diurnal cycle (He et al., 

2019; Sargent et al., 2021). The early morning maxima could be caused by lower mixing layer 

depths in winter compared to summer. At BUC, a prominent diurnal cycle was seen during 

summer with a weaker variation during winter, suggesting that this site is influenced by strong 

summer-time local sources, while winter-time enhancements either originated farther from the 

tower or from weak, local sources. Figure 2.2b shows evidence of strong seasonal emissions, 

likely from wetlands, at BUC that may explain the diurnal cycle in summer and near absence of 

it in winter.  

2.3.4. Analysis of modeled diurnal cycles of methane to determine model - observation bias 

It is evident from Figures 2.2a-f that significant discrepancies exist between the modeled 

and observed enhancements at all three towers. The WRF-STILT runs with both EDGAR 

inventories underestimate the enhancement of methane substantially in most cases at all three 
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sites, particularly for summer and winter at BUC and for winter at ARL and NEB when EDGAR 

4.2 is used. EDGAR does not include wetland emissions of methane, which can likely explain 

the discrepancies between model and methane observations, especially in summer. WRF-STILT 

driven with the EDGAR 5.0 inventory has a greater negative bias relative to our methane 

observations than when driven with EDGAR 4.2. In general, the EDGAR 4.2 inventory appears 

to reproduce the observed diurnal trend better (with less bias) than EDGAR 5.0.   

In the winter, both EDGAR inventories underestimate methane during all hours, at all 

three towers. This discrepancy is clear evidence of the model underestimating anthropogenic 

methane emissions, as we do not expect large natural emissions from wetlands in winter. The 

bias is greater with EDGAR 5.0 than with EDGAR 4.2, however. The spatial distributions of 

methane emissions within the area near the towers for both EDGAR 4.2 and EDGAR 5.0 are 

shown in Figure 2.3. The total methane emissions within this area are significantly higher in 

EDGAR 4.2 (a factor of 1.85 in the area shown in Figure 2.3) compared to EDGAR 5.0. In 

addition, EDGAR 4.2 has more concentrated emissions around the cities, which strongly 

influence observations at the urban sites. These factors combined result in higher modeled 

enhancements relative to EDGAR 5.0 and thus lower bias. Both EDGAR inventories 

underestimate observed methane enhancements at BUC during winter, when wetland emissions 

are minimal, suggesting that these inventories also underestimate anthropogenic methane 

emissions upwind of this rural site. The bias is lower, in absolute magnitude, during the 

afternoon hours, when the boundary layer is well mixed, than at other times of the day, but still 

substantial.  
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Figure 2.3: Distribution of CH4 emission fluxes (in units of μmol/m2/s) in EDGAR 4.2 (left) 

and EDGAR 5.0 (right) around the towers used in our analysis. The pink stars represent the 

towers in our study. Color axis has been truncated for clarity, i.e., some pixels have emissions 

larger than 0.1 μmol/m2/s (maximum value is 20.5 μmol/m2/s). 

 

At the urban towers during the summer months, EDGAR 5.0 underestimates observed 

methane enhancements at all hours. However, EDGAR 4.2 underestimates methane 

enhancements during afternoon hours but overestimates them during early morning hours. A 

plausible explanation of the overestimation could be lower emissions of methane during summer 

compared to winter (Huang et al., 2019), combined with potential inaccurate representation of 

planetary boundary layer dynamics in the transport model. Emissions of methane within EDGAR 
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versions used here are averaged annually, so there is no temporal variability in the anthropogenic 

emissions used in the model. During the summer months for the rural site of BUC, which is 

located in an area of extensive estuaries and other wetlands, observed methane enhancements are 

larger than modeled, at all hours.  This discrepancy can be explained by the fact that EDGAR 

inventories do not include natural (wetland) emissions, as discussed below.  

2.3.5. Mean bias, NMB, correlation between observed and modeled methane enhancements 

To quantify the bias between model outputs and observed methane enhancements, we 

analyzed the mean bias (Eq. 1), normalized mean bias (NMB, Eq. 2), and the coefficient of 

determination (r2). The results for summer and winter afternoon hours (12 pm to 3 pm EST) are 

tabulated in Table 2.1 and all hours in Table 6.4. 

 

Tower Inventory Season Mean bias 

(ppb) 

NMB r2 

BUC  

 

EDGAR 4.2 

winter -22.26 -0.44 0.26 

NEB winter -42.50 -0.52 0.38 

ARL winter -26.97 -0.40 0.33 
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BUC  

 

EDGAR 5.0 

winter -37.50 -0.74 0.29 

NEB winter -65.93 -0.80 0.39 

ARL winter -51.78 -0.77 0.36 

BUC  

 

EDGAR 4.2 

summer -35.10 -0.60 0.30 

NEB summer -26.98 -0.49 0.18 

ARL summer -18.78 -0.39 0.28 

BUC  

 

EDGAR 5.0 

summer -46.38 -0.80 0.36 

NEB summer -43.39 -0.79 0.22 

ARL summer -36.40 -0.75 0.36 

 

Table 2.1: Mean bias (in ppb of methane, i.e., nmol/mol), normalized mean bias, and r2 between 

modeled and observed enhancements for winter and summer afternoon hours, using the 5th  

percentile background. 
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On average, the modeled methane enhancements are biased low in winter by 

approximately 22 ppb to 37 ppb at BUC, and by 27 ppb to 66 ppb for the urban towers (NEB and 

ARL), depending on which EDGAR inventory is used. The bias (absolute value) is greater for 

the urban towers compared with the rural site, and greater with EDGAR 5.0 than with 4.2 at all 

sites. During summer, the low bias ranges from approximately 19 ppb to 46 ppb when 

considering the three towers. There is a greater low bias at the urban towers (NEB and ARL) 

during winter than at BUC. Conversely during summer, the model low bias was greater at BUC 

than at the two urban towers.  We attribute these tendencies to weak wetland emissions during 

winter at the rural site that are amplified during summer. The urban towers are influenced by the 

local anthropogenic methane emissions, likely from the NG distribution system or end usage, 

which recent studies have suggested are higher in winter (He et al., 2019; Huang et al., 2019; 

Sargent et al., 2021). Moreover, during winter, local emissions have a greater impact on 

observed enhancements due to the shallower boundary layer. We arrive at the same conclusions 

when considering all hours of the day (Table 6.4). The low bias is reduced to 1 ppb to 10 ppb of 

methane at the urban towers during summer when using EDGAR 4.2 due to the overestimation 

by the model at early morning hours (Figures 2.2 a-b). The bias is the smallest when only 

afternoon hours are considered, possibly due to the smaller overall enhancements and because 

the transport model may perform better under well-mixed conditions.  

We compare the coefficient of determination (r2) between modeled and observed CH4 

enhancements within each season. Modeled methane from EDGAR 5.0 correlates better with 

observations than EDGAR 4.2 in most cases despite the greater low bias, likely due to the 
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improved spatial distribution of methane emissions in the newer version. However, while 

EDGAR 5.0 correlates better with observations, our use of this inventory results in a greater 

negative bias because it has lower emissions, especially around urban centers. We note here that 

although newer versions of EDGAR (6.0, 7.0, 8.0) are now available, the methane emissions are 

very similar in both magnitude and spatial distribution to EDGAR 5.0 (Figure 6.4). Hence, we 

would not expect the newer versions to yield any significant difference in our results. 

2.3.6. Incorporating wetland emissions using WetCHARTs 

The summer concentration peak at BUC (an area of extensive estuaries and other 

wetlands) suggests a strong natural flux of methane from wetlands, which are not included in the 

EDGAR anthropogenic emissions inventory. We thus ran the model with WetCHARTs version 

1.3.1 and added the resulting modeled enhancements from wetland emissions to the 

anthropogenic enhancements from EDGAR 5.0 and EDGAR 4.2 (See Figures 6.5a-b and Tables 

6.5-6.8). We used WRF-STILT outputs with EDGAR 5.0 and EDGAR 4.2 (Figures 2.4a-b).  

2.3.7. Results with EDGAR 5.0  

Our findings suggest that during winter, the addition of various WetCHARTs 

combinations has little impact on the bias, as expected (wetland emissions of methane are small 

in winter (Figure 6.3). The combinations ‘wet 3a’ and ‘wet 3b’ produce the smallest bias under 

all scenarios, as these include the WetCHARTs members that have significantly higher methane 
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flux than others. During winter afternoon hours, the model is still biased low by approximately 

35 ppb, 63 ppb, and 50 ppb at BUC, NEB, and ARL, respectively. The continued 

underestimation by the model during winter after incorporating wetland emissions is evidence of 

EDGAR 5.0 underestimating anthropogenic methane emissions in this region.   

 

 

Figure 2.4: Diurnal cycle of methane at BUC during summer. The black line represents the 

hourly averaged methane observations. The red and blue lines represent the model predicted 

diurnal trends using the EDGAR 5.0 (Figure 6a) and EDGAR 4.2. 

2.3.8. Results with EDGAR 4.2 

Like EDGAR 5.0, when using EDGAR 4.2, the various WetCHARTs members have 

little impact on the bias and the combinations ‘wet 3a’ and ‘wet 3b’ produce the lowest bias 

under all winter scenarios. The model is biased low by 23 ppb, 49 ppb, and 22 ppb at BUC, 

NEB, and ARL, respectively, during winter afternoon hours. In terms of magnitude, the negative 

model bias is lower than when using EDGAR 5.0, which is expected as WRF-STILT run with 

EDGAR 4.2 reproduced observations better than EDGAR 5.0. During summer afternoon hours, 
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at the three towers, the negative model bias falls to 5 to 13 ppb. When we compare the 

correlation after adding several versions of WetCHARTs to EDGAR 4.2, we find a slight 

(insignificant) improvement in r2 values. The findings suggest that while including WetCHARTs 

improves the bias against observations and replicates the methane emissions in the average 

sense, the model does not simulate the day-to-day variation and/or the spatial distribution of 

biogenic emissions.  

2.3.9. Analysis of observed and modeled vertical gradient of methane 

We compared the observed and modeled vertical gradient of methane at the three towers 

for the winter and summer months. The vertical gradient was calculated as the difference in 

methane observations between the lower and the upper height, divided by the difference in inlet 

heights. A weak vertical gradient is indicative of a better mixed boundary layer or absence of 

strong local sources and sinks.  When the boundary layer is not well-mixed (as occurs often in 

the early morning hours), the gradient shows if there are local sources. Thus, the early morning 

vertical gradient can help us better understand if strong local sources of methane influence the 

tower observations (Wyngaard et al., 1984; Dyer, 1974; Patton, Sullivan and Davis, 2003; 

Monteiro et al., 2022). However, the difference between modeled and observed vertical gradients 

is a function of both the accuracy of the emissions used in the model and the ability of the 

transport and dispersion model to simulate vertical mixing accurately. Figure 2.5 shows the 
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diurnal variations of the observed and modeled vertical gradients at the three towers in summer 

(Figures 2.5 a-c) and winter (Figures 2.5 d-f).  

 

 

 

Figure 2.5: Vertical gradients of methane at the three towers in summer (a-c) and in winter (d-f). 

The black lines represent the observed vertical gradient between the two inlet heights at the 

towers. The blue and the red lines represent the model simulated vertical gradient without 

wetland emissions and with ‘wet 3a’ emissions from WetCHARTs, respectively. The error bars 

represent the standard error of mean of vertical gradients in hourly bins. 
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2.4.1 Observed vertical gradient of methane 

We observe a large vertical gradient at both urban towers in the early morning hours that 

plummets in the afternoon hours, which is consistent with the early morning maximum seen in 

Figure 2.1. The strong vertical gradient in the morning hours indicates that the towers are 

situated in the vicinity of methane sources. The pattern is similar during winter and summer; 

however, the morning vertical gradient is slightly higher during winter, which can be attributed 

either to the seasonality of the nocturnal vertical mixing or greater anthropogenic methane 

emissions during winter or both. In contrast, at BUC, we observe strong vertical gradients during 

summer, but they are close to zero during winter indicating that local sources during this season 

are very weak. The strong summer vertical gradients can be explained by local wetland 

emissions influencing observations at this site, and the bulk of anthropogenic sources being 

farther away. 

2.4.2. Modeled vertical gradient of methane  

We analyzed how reliably WRF-STILT run with EDGAR 5.0 can reproduce the observed 

vertical gradients at the three towers. We included modeled methane enhancements from 

WetCHARTs “3a” (the mean of the high-emission members) to account for biogenic emissions, 

because the “3a” version better matched summer observations at BUC in our previous analysis. 

The discrepancy between observed and modeled vertical gradients at all three sites is lowest 

during the late afternoon hours when the boundary layer is well-mixed. The results are congruent 
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with the results in the previous section, where we compared the observed and model-simulated 

diurnal patterns of methane enhancements. At NEB and ARL, the inclusion of wetland emissions 

during winter does not substantially improve the model bias, as they are very small in winter (see 

Tables S7-8). At ARL, during winter, we observed a bias of approximately 0.3 ppb per meter 

during early morning hours and less than 0.1 ppb per meter during the afternoon. At NEB, the 

model was biased low by approximately 1 ppb per meter in the early morning hours and 

approximately 0.2 ppb per meter during the afternoon hours, most likely due to local sources 

being underestimated in EDGAR 5.0.  

At NEB and ARL during summer, the model simulations with the addition of wetland 

emissions significantly reduce the bias between the modeled and observed vertical gradient, from 

approximately 1 to less than 0.1 ppb per meter. Thus, either wetland emissions influence 

observations at NEB and ARL in summer, or the additional modeled emissions are compensating 

for the large under-estimation of anthropogenic emissions in EDGAR 5.0 at this site. At BUC, 

during winter, in the absence of any strong local sources, we observe good agreement between 

model outputs and observations at all hours. During summer, when wetland emissions are 

greatest, the addition of WetCHARTs output in the model significantly reduces the bias, 

especially during morning hours, when local emissions are most significant. 
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2.4.3. Contrasting urban sites - NEB and ARL 

When we compare the diurnal cycle of enhancements (Figure 2.2) and vertical gradients 

(Figure 2.5) at the two urban towers, we find greater methane enhancements at NEB when 

compared to ARL. The absolute methane mole fractions are also greater at NEB than ARL 

(Figures 2.1a-b). These observations may either be the result of ARL being generally more 

upwind of the Baltimore Washington Region and NEB being more generally downwind of this 

major population center, or else to greater emissions of methane near NEB possibly due to 

fugitive methane emissions from leaks in the natural gas delivery system (Weller, Hamburg and 

von Fischer, 2020). In this paper, we have pointed out the potential impact of natural gas on 

observations, but local sources could also be from urban wastewater treatment facilities and 

landfills. 

Demographics and infrastructure may play a role in the differences of methane 

concentrations at these two urban sites. Future studies should further investigate differences in 

methane sources and emissions magnitudes in these two cities (Arlington, VA and Baltimore, 

MD). When comparing the observed methane enhancement to modeled enhancements, we have 

found more extreme bias toward low values in the model for NEB (in Baltimore) than ARL 

(Arlington)  (NMB 0.80 vs 0.77 for winter afternoon with EDGAR 5.0; see Table 2.1). The 

difference suggests EDGAR 5.0 emissions are too low near NEB and slightly more accurate near 

ARL, compared to observed data, as also suggested by the vertical gradients. 
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2.5 Conclusions 

 

Our study compared diurnal patterns and vertical gradients of methane observed from 

three towers to output from a Lagrangian model. Results suggest that anthropogenic methane 

emissions dominate in the urban areas (sites NEB and ARL) while natural (i.e., wetland) sources 

dominate at the rural site (BUC). Significant discrepancies in methane enhancements were found 

between models driven by EDGAR and observations; while EDGAR 5.0 with more widely 

dispersed methane release seems to have an improved spatial distribution of emissions (as 

suggested by higher correlations with observed enhancements), the magnitude of methane 

emissions in EDGAR 5.0 for these two cities is too low.  EDGAR 4.2, with larger urban 

emissions, compared more favorably with observations in terms of magnitude.  Both daily cycle 

and vertical gradient comparisons point toward higher local emissions near NEB relative to ARL 

and higher emissions during winter than in summer at these urban sites.  Adding wetland 

emissions from WetCHARTs significantly improved the agreement between modeled and 

observed vertical gradients, especially in summer at BUC. While adding wetland emissions from 

WetCHARTs reduced bias, especially in summer, the low correlation observed with both 

inventories indicates that they cannot capture the day-to-day variation in observations.  This 

further indicates that the distribution of these emissions could still be improved and that we need 

better wetland models with greater resolution to replicate observations from the mid-Atlantic 

wetlands. Besides the known anthropogenic emissions, we found evidence of additional summer 

(possibly biogenic) emissions at the urban sites based upon analyses of the seasonal and temporal 
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patterns of observed methane. Future studies should investigate the source of summer-time 

emissions around these sites and the strength of these sources relative to the anthropogenic 

source of methane. We note that here we have investigated CH4 observations near towers using a 

simple seasonal background; a more quantitative determination of CH4 emissions would require 

a more sophisticated treatment of background (e.g., Karion et al., 2021) and likely a higher 

resolution modeling framework. Finally, future measurements of ethane and 13C isotopic analysis 

along with methane might help distinguish the relative strength of biogenic and anthropogenic 

sources.  

 

 

 

 

Chapter 3 : Influence of synoptic weather patterns on methane mixing ratios in the 

Baltimore/Washington region 

 

The work in this Chapter was published in the journal Atmospheric Environment in July 2024 

under the title “Influence of Synoptic Weather Patterns on Methane Mixing Ratios in the 

Baltimore/Washington Region.” (https://doi.org/10.1016/j.atmosenv.2024.120675 ). I am the 

first author of this paper and have collaborated with three co-authors from the University of 

Maryland, NASA, and NOAA. Numbered figures and tables within this chapter have been 

adjusted to reflect the numbering system of the dissertation. 

https://doi.org/10.1016/j.atmosenv.2024.120675
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3.1 Introduction 

 

Methane (CH4) is an important greenhouse gas with a global warming potential ~82 times more 

than carbon dioxide on a 20-year time horizon. Due to the shorter lifetime and larger global 

warming potential, methane mitigation provides a faster way to reduce near-term warming, 

providing short-term benefits and aiding in efforts to stay within the 1.5 Celsius limit.  In terms 

of climate forcing, it is often more economical to reduce CH4 than CO2, leading to renewed 

global efforts for 30% methane mitigation by 2030 (2023 Global Methane Pledge Ministerial). 

Oil and gas operations, agriculture, livestock, landfills, and wetlands are major sources of 

methane. Agriculture and oil and gas facilities are the two largest US sources of methane 

(Inventory of U.S. Greenhouse Gas Emissions and Sinks | US EPA). Emissions from the 

agricultural sector remain uncertain (Solazzo et al., 2021), but a number of recent studies suggest 

animal feeding operations and associated manure treatment contribute more to emissions than 

has been accounted for in past inventories (Burns et al., 2023; Hristov et al., 2017). A study by 

Lan et al. (2021) concluded that methane increases post-2006 are unlikely to be attributed to 

fossil fuel emissions. Concentrated animal feeding operations (CAFOs) can also be major 

sources of a variety of pollutants and pathogens including methane (NRC, 2003; Trevisan et al., 

2024; Zhang et al., 2013).  

Methane estimates from various sources in the US remain uncertain. Several inventories 

show the distribution of anthropogenic methane emissions and are constantly being updated and 

revised. The inventories are thought to give a reasonable approximation of actual emissions, 
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although substantial uncertainties remain. EDGAR (EDGAR - The Emissions Database for 

Global Atmospheric Research), is a global inventory, Maasakkers et al. (2023), for the US for 

anthropogenic emissions and Hristov et al. (2017) for the livestock sector. A recent, thorough 

inventory of anthropogenic methane emissions in the US can be seen online at the US 

Greenhouse Gas Center (https://earth.gov/ghgcenter/data-catalog/epa-ch4emission-yeargrid-

v2express). Lan et al. (2019) used long-term methane measurements from sites in North America 

from 2006 to 2015 and found no significant large increase in emissions in the past decade.  Lu et 

al. (2022) used inversion analysis to find no net trend in anthropogenic methane emissions from 

2010-2017. In the same study, the oil and gas sector methane emissions were determined through 

inversion analysis and were found to be greater by 177% and 65%, respectively, from the 

Environmental Protection Agency (EPA) 2021 estimates. A study by Plant et al. (2019) found, 

using aircraft measurements, that methane emissions from many urban centers on the US East 

Coast were more than twice the inventories. Using satellite measurements, de Foy et al. (2023) 

showed that emissions from urban areas were underestimated by a factor of 3–4 and found 

unusually high per capita methane emissions for Baltimore.  Ren et al. (2018) used the mass 

balance method to determine the flux of methane emissions in the Baltimore-Washington region 

(BWR) and found it to be almost twice that of the EPA and Maryland inventories of the time. 

The same study determined the natural gas leakage rate in the BWR to be ~1-2% of the usage. 

Another major discovery of the study was that landfills in Maryland were emitting ~4 times as 

much methane as in the state inventories of the time. The findings of Ren et al. (2018) were 

confirmed and expanded in an analysis by Lopez-Coto et al. (2020), which concluded that 
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methane emissions from the BWR were ~2.7 times than that of the US national greenhouse gas 

inventory. Huang et al. (2019) used tower methane observations in the BWR, along with 

atmospheric inversions and found a seasonality in urban methane emissions and that emissions 

were underestimated in existing inventories in fall, spring, and winter. Karion et al. (2023) also 

used methane observations from towers in the BWR with atmospheric inversion techniques to 

uncover a 4-5% per year declining trend in methane emissions from both cities, for the years 

2018-2021. The study also found that winter methane emissions were 44% higher than in 

summer, attributable to higher natural gas usage for heating.  

Fewer studies have explored the influence of synoptic weather patterns on atmospheric 

methane mixing ratios (The Climate of London: Deduced from Meteorological Observations – 

Howard., 1833.). Bruhwiler et al. (2017) demonstrated that interannual variability in transport 

can cause short-term (less than 4 year) trends in methane. Feng et al. (2023) discovered that 

inter-annual variability in atmospheric methane enhancements (mixing ratio above background) 

was driven by the variability in atmospheric transport (synoptic flow patterns) for the study 

period 2008-2015, making it difficult to separate trends in greenhouse gas emissions from trends 

in weather.  

We attempt to find the influence of synoptic weather conditions on methane mixing 

ratios. Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) three-dimensional 

back trajectory and clustering analysis can help determine how synoptic conditions impact air 

quality. Nauth et al. (2023) calculated total column NO2 (TCNO2) and surface ozone (O3) for 

each cluster of trajectories to determine the synoptic patterns associated with high and low air 
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quality. They found stagnant conditions to be associated with high TCNO2 and O3 as emissions 

from local sources build up. Synoptic patterns from the northwest and southwest were associated 

with higher concentrations of pollutants, which were transferred from industrialized and urban 

regions of the northwest and the I95 corridor to the southwest. Winds from the northeast and 

south were associated with cleaner air as they passed over rural New England and the Atlantic 

Ocean, respectively.  Moy et al. (1994) used clustering techniques to study carbon monoxide 

(CO) in Virginia and found a ‘clean corridor’ from the northwest, explained by rapid flow and 

subsidence (a descending motion over a broad area) as well as a local minimum in emissions in 

central Pennsylvania.  Kotsakis et al. (2022) using 12-hr back trajectories, cluster analysis, and 

surface O3 measurements over the Chesapeake Bay, concluded that westerly and northwesterly 

patterns were associated with the highest summer O3 values.  

We performed a similar analysis where we investigated the major source regions that 

influenced the methane mixing ratios at a rural tower in Maryland over a decadal time period 

(2013-2022), using NOAA HYSPLIT back trajectories and clustering techniques. The clusters 

helped determine the synoptic patterns influencing methane at this rural site. We used 

observations from two other towers, one in northwestern Maryland and the other in northern 

Virginia, to verify our results. This study is the first of its kind in the BWR to use HYSPLIT to 

determine the impact of synoptic patterns on methane mixing ratios for a decadal time period. 

Over the past years, several hundred kilometers of steel pipelines have been replaced by 

plastic pipelines in Maryland in an effort to curb fugitive methane emissions. There is no 

significant trend in natural gas consumption in Maryland for the residential, commercial, and 



 

 

 

 

 

 

 

 

48 

 

industrial sectors between the years 2013-2022. One additional objective was to investigate if a 

trend in methane mixing ratios above the global background could be detected and related to 

infrastructure improvements in the BWR.  The main objectives of this study are to determine the 

characteristic synoptic weather conditions that influence the methane mixing ratios in BWR, 

look for trends within those patterns, and to identify the major source regions. 

3.2 Methods 

3.2.1 Methane Tower Measurements 

We used the CH4 observations from three towers in the BWR for our analysis.  Bucktown 

in Maryland, BUC, is located on the Eastern Shore of the Chesapeake Bay, in a wetlands-

dominated region southeast of the Baltimore-Washington urban region. We used CH4 

observations from two other towers located in forested regions (Karion et al., 2020) – Stafford 

(hereafter referred to as SFD) in Virginia, southwest of Washington, DC, and Thurmont 

(hereafter referred to as TMD) in MD, northwest of the BWR, for comparison and corroboration 

of our analysis using BUC observations. We used observations from BUC, for the years 2013-

2022 for the months of January and February only, to determine concentrations with minimal 

influence of local wetlands. The three towers are part of the Northeast Corridor (NEC) project 

comprising 29 stations, with the aim to quantify urban greenhouse gas emissions better.  

We analyzed CH4 observations from three towers in the BWR (Karion et al., 2020), 

measured using a Picarro cavity ring-down spectroscopy analyzer (Model G2301). The 
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instrument has an e-folding response time of about 2 s, and data are recorded as 1-min averages, 

but substantial autocorrelation can be seen on short time scales, so we employ daily afternoon 

means (12 pm – 3 pm) for our statistical analysis; the number of independent observations is 

approximately one per day, and these give a more realistic number of degrees of freedom for the 

determination of the statistical significance of differences between clusters.  The instruments are 

calibrated every 22 hours using two cylinders of air containing known amounts of methane 

(Karion et al., 2020; Verhulst et al., 2017). The total measurement uncertainty (95% CI) includes 

instrument noise and calibration uncertainties as described in Karion et al. (2020) and is about 1 

ppb on average over this timeframe. Precision, more relevant to temporal trends and discerning 

the impact of flow patterns, is better than 1 ppb.  Variability in ambient concentrations due to 

changes in emissions and mixing is about 9 ppb. Previous publications discussed in detail the 

network design, instrumentation, data collection, processing, and calibration techniques involved 

in the project (Karion et al., 2020; Lopez-Coto et al., 2017; Mueller et al., 2018; Verhulst et al., 

2017; Welp et al., 2013). The location of the towers and the sampling heights are shown in 

Figure 3.1 and Table 3.1, as well as in Huang et al. (2019) and Karion et al. (2020).  
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Figure 3.1: Geographic location of the towers in our study. The red circles represent the location 

of three towers - BUC (Bucktown, MD), SFD (Stafford, VA), and TMD (Thurmont, MD). 

 

Tower Latitude (o) Longitude (o) Inlet heights (meters above 

ground level) (upper/lower) 

BUC 38.45970 -76.04297 75/46 

SFD 38.44593 -77.52997 152/50 

TMD 39.57678 -77.48806 113/49 

Table 3.1: Latitude and longitude of the three towers in our study, along with the inlet heights in 

the tower. 

The impact of local wetland emissions can be evidenced from the seasonal plots, as seen 

in Figure 3.2, with a diminished peak in the early morning hours of winter compared to summer. 
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The planetary boundary layer (PBL) is shallower during the early morning hours and nighttime, 

and local emissions dominate methane concentrations during these time periods. The relatively 

flat diurnal cycle during early morning hours in winter at BUC points to the weak local 

emissions. 

 

 

Figure 3.2: Comparison of diurnal plots of methane at BUC. The red and blue lines represent the 

hourly averaged methane observations (absolute dry volume mixing ratios) during winter 

(December 2016 – February 2017) and summer (June 2017 – August 2017). The error bars 

represent the standard error of the mean, i.e., the standard deviation of the hourly observations 

divided by the square root of the number of observations used to calculate the mean. 

At BUC, tower measurements are made at two inlet heights, as shown in Table 3.1. The 

lower inlet height is situated at 46 meters above ground level (AGL). We used CH4 observations 
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mainly from the lower inlet height. We did not find any significant changes in our results on 

using the methane mixing ratios from the upper inlet height. We focused on afternoon hours (12 

– 3 pm) in our analysis because the PBL is usually well-mixed, and measurements are more 

representative of regional emissions. We plotted the vertical gradient in methane at the BUC 

tower during winter (December 2016 – February 2017), shown in Figure 3.3, and found it close 

to zero during the winter afternoon, indicating the weak influence of local sources of methane. 

We also found a good correlation between methane observations at the upper and lower inlet 

heights at BUC (Figure 7.1). 

 

 

Figure 3.3: Vertical gradients of methane at BUC during winter (January – February 2017). The 

red line represents the observed vertical gradient between the two inlet heights at the tower. The 

vertical gradient was calculated as the difference in methane observations between the lower and 
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the upper height, divided by the difference in inlet heights. A positive vertical gradient indicates 

higher methane mixing ratio at the lower inlet height. The error bars represent the standard error 

of the mean of vertical gradients in hourly bins. 

  

 We used the global monthly average methane obtained from NOAA Global Monitoring 

Laboratory (GML) measurements (Lan et al., 2022) to subtract from the observed methane 

mixing ratios at the towers. The idea here is to account for the trend in global or hemispheric 

background methane and to investigate the trend in methane mixing ratios in the BWR above the 

global background. We compared the global average monthly methane with the monthly 

averaged methane mixing ratios measured at Mauna Loa, Hawaii (Thoning et al., 2023). The 

measurement of atmospheric variables at Mauna Loa is representative of the North Hemisphere 

atmospheric background. The results of the comparison are shown in Figure 3.4, we observed an 

excellent agreement between the two datasets. A latitudinal gradient of globally-averaged 

methane values exists, about –1.3 ppb per degree latitude, calculated based on the information on 

NOAA GML (Global Monitoring Laboratory - Data Visualization). From this latitudinal 

gradient, we expect background methane values for trajectories originating in the north to be 

higher than trajectories from the south of BUC. 
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Figure 3.4: Correlation plot of globally average methane (averaged monthly) and monthly 

average methane from Mauna Loa for the months of January and February from 2013-2022. 

3.2.2 HYSPLIT back trajectory and clustering analysis 

 The National Oceanic and Atmospheric Administration (NOAA) HYSPLIT model 

computes air parcel trajectories and complex transport, dispersion, chemical transformation, and 

deposition simulations (Stein et al., 2015). The model uses a mixture of Lagrangian and Eulerian 

methods. HYSPLIT has been effectively used for analyzing atmospheric transport, dispersion, 

and deposition of pollutants and hazardous materials (Stein et al., 2015). The HYSPLIT model 

simulation was driven with meteorology from the North American Mesoscale Forecast System 
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(NAM) with a horizontal resolution of 12 km, covering the continental United States and 

Southern Canada.  

The HYSPLIT clustering technique groups individual trajectories based on their two-

dimensional spatial proximities (Moy et al., 1994; Stein et al., 2015; Taubman et al., 2006). This 

helps in identifying the characteristic synoptic patterns in a region. The difference between the 

endpoints along individual trajectories and the cluster mean trajectory is calculated. The sum of 

the differences for all trajectories within a cluster is referred to as a cluster spatial variance 

(CSV). The sum of CSVs for all clusters is known as total spatial variance (TSV). A plot of TSV 

versus the number of clusters is generated for each cluster analysis, which helps determine the 

appropriate number of clusters to use in the analysis. The ideal number of clusters is decided 

from the plot when, upon increasing the number of clusters, a maximum decrease in TSV is 

observed. A large increase in TSV indicates that disparate clusters have been grouped together.  

We ran 24-hour HYSPLIT back trajectories daily for each year from 2013 to 2022 for the 

months of January and February. The HYSPLIT simulation was initialized at 12 pm local time at 

BUC, 500 meters above ground level, to represent the dynamics near the middle of the mixed 

layer (PBL). Transport is carried throughout the boundary layer with sub-grid scale mixing such 

as by thermals, and 500 m represents roughly the middle of the PBL (Zhang et al., 2020). We 

thus have ~60 back trajectories for each year. We then clustered the back trajectories for each 

year. The objective was to investigate the dominant wind direction (synoptic weather pattern) 

influencing methane mixing ratios at the BUC site.  We examined the statistics of the methane 

mixing ratios associated with each cluster for the afternoon hours (12 – 3 pm) to find which 
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synoptic conditions were associated with high methane mixing ratios. The statistics are based on 

daily afternoon means of methane mixing ratios. We computed the mean, median, and standard 

deviation of the mean, 5th, 25th, 75th, and 95th percentiles for each year (Tables S2-S11) and for 

all years together.   We used methane observations from two other rural towers – SFD in 

Virginia and TMD in Maryland for comparison. Data for SFD and TMD are limited to the years 

2018-2022. We hypothesized that synoptic patterns similar to BUC prevail in SFD and TMD, 

hence, we should reach similar conclusions using data from these two sites. 

3.3 Results and discussion 

3.3.1. HYSPLIT clustering analysis  

We analyzed the HYSPLIT clusters between 2013 and 2022 for the months of January 

and February to determine the characteristic synoptic patterns influencing the methane mixing 

ratios at BUC.  Figure 3.5 shows the cluster mean trajectories for all years from 2013-2022, 

based on the TSV plot. Figures 7.2-7.11 show the cluster mean trajectories for the individual 

years. 
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Figure 3.5: Clusters for all years from 2013-2022. The various colored lines represent the mean 

position within a cluster. The numbers in brackets represent the percentage of trajectories in each 

cluster. Also shown in black are the median methane mixing ratios (above background) in ppb. 

The black star represents the location of the BUC tower. 

As seen in Figure 3.5, four characteristic synoptic patterns emerged. The frequency 

distribution plots for each cluster are shown in Figures 3.6a-d. The frequency is calculated by 

dividing the number of trajectories intersecting each grid cell by the total number of trajectories. 

We calculated the statistics of methane mixing ratios above the monthly global average for each 

synoptic situation, shown in Table 3.2, for all years; individual years can be found in Tables 7.2-

7.11. The statistics calculated using methane observations from the upper inlet height are shown 

in Table 7.1. A box and whisker plot showing the methane mixing ratios of each cluster is shown 
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in Figure 3.7.  The direction of reginal transport impacting the BWR is dependent on the location 

of a cyclonic system. A schematic diagram depicting a characteristic cold front, winds, and 

associated fronts is shown in Figure 3.8. In general, as a cyclonic system moves through, the 

BWR experiences southwesterly flow ahead of the cold front and northwesterly flow behind it.  

Westerly flow occurs when the system has moved off the coast, and easterly flow occurs when 

the cyclone lies to the southeast of the BWR. 

 

Cluster Trajectories Mean 

(ppb)  

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1-W 177 150.7 3.1 104.8 123.8 140.2 171.7 222.2 

2-NW 144 134.0 2.7 102.3 113.6 124.4 146.4 200.4 

3-SW 137 148.0 4.1 79.0 120.2 140.9 172.7 229.9 

4-E 67 137.9 4.6 96.6 112.4 128.8 153.4 228.0 

Table 3.2: Methane mixing ratio (ppb) statistics associated with each cluster for all years (2013-

2022) at BUC. The statistics were calculated using the averages of the daily afternoon means of 

the data above the monthly global background. The term σ/√n represents the standard deviation 

of the mean, where 𝝈 denotes the standard deviation of all methane values within a cluster and n 

the number of independent observations, equal to the number of days in each cluster. 
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Figure 3.6: Frequency plots of each cluster. The star represents the location of the BUC tower. 

The blue, green, and light blue-shaded regions represent where the frequency of trajectories is 

greater than 10%, 1%, and 0.1%, respectively. a – Westerly (W) cluster (Cluster 1); b – 
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northwesterly (NW) cluster (Cluster 2); c – southwesterly (SW) cluster (Cluster 3); d – easterly 

(E) cluster (Cluster 4). 

 

 

Figure 3.7: Box and whisker plot for the methane mixing ratios of each cluster. The line in each 

box represents the median, and the lower and upper box edges represent the 25th and 75th   

percentiles, respectively. The whiskers represent the maximum and minimum values that are not 

considered outliers. 
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Figure 3.8: A schematic diagram of a mid-latitude cyclone (referred to as a depression outside 

North America) in the Northern Hemisphere. Arrows represent the wind directions, blue 

triangles a cold front, and red semicircles a warm front.  Maritime Tropical air masses (mT) and 

continental Polar air masses are indicated.  North is along the y-axis.  From [Stull, 2017] 

https://www.eoas.ubc.ca/books/Practical_Meteorology/ used with permission of the author. 

 

We identified four different synoptic conditions based on back trajectories associated 

with statistically significant differences in methane mixing ratios. The order of methane mixing 

ratios for the synoptic patterns varied slightly for the individual years, but the overall trend 

remained consistent. The difference in methane mixing ratios between the clusters was greater 

than the instrument noise. Values of methane in the NW and E clusters were lower than in the W 

and SW clusters by from 3 to 5 times the standard deviation of the mean.  Upon consideration of 

https://www.eoas.ubc.ca/books/Practical_Meteorology/
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the mean latitudinal gradient in the Northern Hemisphere, the methane mixing ratio values for 

the SW cluster would have started ~5 ppb lower (traveling from ~35oN to ~39oN) and for the 

NW cluster ~6 ppb higher (traveling from ~44oN to ~39oN) making the differences closer to 15 

ppb and even more statistically significant. The global gradient in methane mixing ratios is also 

evident from the lower end of the distributions; the 5th percentile in the SW cluster was lower 

than the NW cluster despite the overall median being significantly higher than the NW cluster. 

We observed the synoptic pattern associated with the W and SW clusters generally were 

associated with higher methane mixing ratios compared to the other two clusters and similar 

magnitudes within the levels of uncertainty. To explain the variation in methane mixing ratios 

associated with each synoptic condition, we identified the major methane source regions, 

explained below. 

 Trajectories associated with the W cluster traversed the BWR and show high 

concentrations (Figures 3.5, 3.6a, 3.7, Table 3.2). Several studies have investigated methane 

emissions and sources in the BWR (Ren et al., 2018; Karion et al., 2020; Karion et al., 2023; 

Lopez-Coto et al., 2020; Huang et al., 2019). In addition to fugitive emissions from leaks in 

natural gas delivery infrastructure, landfills are also a major source of methane in the BWR. The 

frequency plot show that W cluster trajectories traveled over the urban regions of the BWR that 

contribute to the higher methane values. This cluster also traversed over the Marcellus shale gas 

region, one of the largest natural gas reserves in the US (Roy et al., 2014), which geographically 

extends over several states. Previous studies have investigated methane emissions in the 

Marcellus region from natural gas wells, storage tanks, production sites, and coalbeds (Adams et 
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al., 1982; Barkley et al., 2023; Daube et al., 2023; Goetz et al., 2017; Johnson et al., 2022; Milici 

et al., 2010; Omara et al., 2016; Peischl et al., 2015; Ren et al., 2019; Riddick et al., 2019; Yuan 

et al., 2015). The higher methane mixing ratios in the W cluster can thus be attributed to both 

methane emissions resulting from the intensive natural gas operations and coalbed methane in 

the Marcellus region, plus urban emissions from the BWR. Figure 3.7 and Table 3.2 show a large 

variation in methane values in the W cluster, possibly explained by the multiplicity of spatially 

distinct sources. 

 The SW synoptic pattern is also associated with higher methane mixing ratios. Many 

trajectories were seen to traverse through North Carolina (Figure 3.6c) where manure methane 

emissions from numerous swine and poultry farms are located.  North Carolina hosts no 

intensive oil and gas operations. Several studies have looked at greenhouse gas emissions from 

swine manure (Basak et al., 2022; Maurer et al., 2017; Riaño & García-González, 2015). The 

high methane mixing ratios could be attributed to the dense swine population in the state. North 

Carolina ranks among the top five states in the contiguous United States for swine and poultry 

production (Hristov et al., 2017). Hristov et al. (2017), used a bottom-up approach to estimate the 

manure methane emissions from cattle, swine, and poultry sectors in North Carolina to be 233 

Gg/year, second only to California and Iowa. North Carolina is the only state near MD with 

major swine operations. Sharpe et al. (2001) and Maasakkers et al. (2023) estimated methane 

emissions from swine production in North Carolina and found emissions twice as high in 

summer as in winter.  We also observed the distribution of methane values within this cluster to 

be large, just as in the W cluster. The swine lagoons are concentrated in a few counties in North 
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Carolina, which account for the higher variability of concentrations associated with this cluster. 

Some trajectories miss the counties where the swine operations are located. 

 Concentrations depend on more than emissions but we can examine the statistics of the 

methane mixing ratios to see if we can infer anything about the relative strength of the two major 

source regions.  The mean methane mixing ratio for the W cluster is slightly higher than for the 

SW cluster, but the median, 75th, and 95th percentiles are all higher for the SW cluster suggesting 

that emissions may be greater from this agricultural source.  Supporting this argument are the 

global latitudinal gradient and 5th percentile that suggest air from the SW starts with substantially 

less methane than air from the W.  Further, manure methane emissions peak during summer 

(Sharpe et al., 2001; Maasakkers et al., 2023) but urban natural gas emissions peak in winter.  

The swine operations are farther away from BUC than the BWR or Marcellus.  In contrast, the 

average W trajectory is longer than that from the SW reflecting greater wind speeds and greater 

dilution.  In sum, methane sources from the animal husbandry sector in North Carolina are 

similar or possibly greater, in strength than the sources in Marcellus and the BWR and the 

subject is deserving of further study. 

Burns et al. (2023) suggested that emissions from the animal husbandry sector are 

underestimated. Manure emissions estimated by Hristov et al. (2017) were ~10 times higher than 

in EDGARv4.2, FT2010 (available at https://data.jrc.ec.europa.eu/dataset/jrc-edgar-

emissiontimeseriesv42), but are within 30% of those of Maasakkers et al. (2023). Our results are 

consistent with the higher estimate of manure methane release.  
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 The NW synoptic pattern was consistently associated with lower methane mixing ratios. 

Most trajectories crossed through central Pennsylvania (Figure 3.6b). Shale gas operations occur 

mostly in the southwestern and northeastern regions of Pennsylvania. This synoptic pattern 

passing through a central “clean corridor” consistently displayed less methane. Winter winds 

from the NW usually have higher speeds, often behind a cold front (e.g., Moy et al., 1994), and 

involve subsidence from the upper boundary layer or lower free troposphere.  Methane mixing 

ratios often decrease as the altitude increases, as emissions are from near or at the surface.  We 

calculated the mean ending altitude for all the backward trajectories within this synoptic pattern 

as 1146 m above ground level (AGL) and higher than altitudes for the W (896 m), SW (772 m) 

and E (1012 m) clusters. 

For certain years (2014, 2016, 2022), we did observe a few outliers with comparatively 

higher methane mixing ratios associated with a NW synoptic pattern when the shorter 

trajectories passed through the southwestern Pennsylvania regions adjoining the border with 

Maryland (see SI Figures 7.3, 7.5, and 7.11). These regions have intensive fracking operations 

and coalbed methane emissions (Ren et al., 2019), which could explain the higher methane 

mixing ratios compared to other synoptic patterns. 

The E synoptic pattern was generally associated with low methane mixing ratios. Figure 

3.6d shows that many trajectories passed over the marine waters while some traveled over 

densely populated urban regions along the East Coast. The low methane level can be explained 

by dilution due to mixing with cleaner air that passes over the ocean. This is similar to the 

findings of  Nauth et al. (2023) with clean air days associated with south clusters that traveled 
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over the Atlantic Ocean. Both the E and NW clusters had smaller distributions in methane values 

between the 25th and 75th percentiles (Figure 3.7, Table 3.2). However, the E cluster’s 95th 

percentile methane concentrations were high (Table 3.2) due to some trajectories passing over 

the New York City (NYC) metropolitan area (Figure 14d). 

A map depicting major U.S. emissions regions was constructed from the most recent 

EPA inventory (Maasakkers et al., 2023) is shown in Figure 3.9; the white star shows the 

location of BUC.  Oil and gas operations in the Marcellus shale region to the west of BUC stand 

out.  Central Pennsylvania, an area of relative low emissions, corresponds to the NW cluster.  

The hot spot in eastern North Carolina shows the location of intensive swine production the 

probably source of high methane in the SW cluster. 
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Figure 3.9: Gridded anthropogenic methane emissions covering the Mid Atlantic States for 2020 

created from the U.S. EPA Greenhouse Gas Center website (https://earth.gov/ghgcenter/data-

catalog/epa-ch4emission-yeargrid-v2express; Maasakkers et al., 2023). White star represents the 

location of the BUC tower.  
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3.3.2 Comparison with TMD and SFD 

 We repeated our analysis using methane mixing ratios from towers in Stafford (SFD), 

Virginia, and Thurmont (TMD), Maryland. The results, shown in Table 3.3 and Table 3.4 for all 

years (2018–2022) and for individual years in Tables 7.12-7.21, were broadly consistent with our 

analysis from BUC. We observed higher methane mixing ratios associated with W and SW 

synoptic conditions than the NW cluster, as we saw earlier in our analysis of BUC data. The 

consistency in results associated with the W and SW synoptic patterns using data at TMD and 

SFD confirmed our conclusions regarding the major source regions of methane. Similarly, 

consistent with BUC analysis, the lower methane mixing ratios at both TMD and SFD associated 

with the NW cluster confirms our hypothesis of subsidence behind a cold front transports air 

with lower methane concentrations into the boundary layer.   

 We observed a difference between BUC and the other two towers for the E synoptic 

pattern – TMD and SFD had higher methane mixing ratios. Both TMD and SFD towers are 

located west of major urban regions. TMD is located west of the Baltimore region, and SFD is 

southwest of Washington, DC, and west of heavily populated regions of northern Virginia.  The 

methane emissions from these major urban regions contribute to higher mixing ratios above 

background.   
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

percentile 

(ppb) 

1 W 90 146.6 3.8 105.4 119.3 140.6 167.9 197.1 

2 NW 85 141.0 4.9 100.8 113.8 125.4 149.9 232.5 

3 SW 81 158.0 5.3 100.4 127.2 151.8 186.9 255.2 

4 E 40 166.0 8.4 110.3 130.6 150.2 178.5 281.3 

Table 3.3: Same as Table 3 for TMD for the years 2018-2022. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

percentile 

(ppb) 

1 W 90 145.0 4.7 97.7 111.4 139.3 166.0 233.3 

2 NW 85 141.0 5.0 97.3 113.0 130.7 147.4 251.7 

3 SW 81 151.1 5.4 76.9 119.3 147.5 176.8 246.1 

4 E 40 172.4 7.5 118.0 133.0 157.9 199.6 274.9 

Table 3.4: Same as Table 3 for SFD for the years 2018-2022 

3.3.3 Methane trends  

 We investigated the temporal trend in methane above the global background from BUC 

for the decadal time period 2013-2022. Figures 3.10 a-e show the trend for each winter period for 

each cluster. 



 

 

 

 

 

 

 

 

71 

 

 

 

Figure 3.10: Trend in methane above global background at BUC for the afternoon hours (12-3 

pm) from 2013-2022 for a – all clusters; b – W cluster (Cluster 1); c – NW cluster (Cluster 2); d 

– SW cluster (Cluster 3); e – E cluster (Cluster 4). The red line shows the difference in average 

methane mixing ratios (calculated from the average of daily afternoon means) with the methane 

global background. The blue line shows the difference in median methane mixing ratios 

(calculated from the average of daily afternoon means) with the methane global background. 

As seen in Figure 3.10a, there was no discernible trend in methane above the global 

background at BUC for 2013-2022. The slope, about –0.5 ppb/year, is statistically insignificant 
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and might reflect the decrease in frequency in winds from source regions (W and SW) in the 

later years.  Although there is no statistically significant trend in the frequency of these clusters 

with higher methane concentrations, they comprised 64% of all trajectories in the first five years, 

but only 52% in the second five years.  Karion et al., (2023), found a 4-5 % year-to-year decrease 

in methane emissions between 2018 and 2021 in the BWR. No such trend stood out when we 

looked at the 10-year dataset of methane observations at BUC. Karion et al., (2023) used a much 

larger dataset involving other tower sites within the urban core, and it is possible that winter 

values from the one tower with a ten-year record did not have a sufficiently large dataset to 

determine the trend. There need not be a linear relationship between methane emissions in BWR 

and methane mixing ratios at BUC, further complicating the comparison between our results and 

Karion et al., (2023) findings.  

We investigated the trends for each of the four synoptic patterns we discovered in our 

analysis. The plots are shown in Figures 3.10b-e. As evident from the plots, no discernible 

temporal trend in methane above the background for each cluster for the years 2013-2022. The – 

0.5 ppb yr–1 slope for all plots did not pass the tests for statistical significance (p < 0.05). Given 

the absence of any trend in methane above the background, we conclude that the different 

synoptic patterns do influence the methane observations in the BWR, as concluded by Feng et 

al., (2023) but find no statistically significant trend in methane enhancements above background 

for the decadal period of our study. We compared the trend in the W cluster (sensitive to 

methane emissions from the BWR and the Marcellus region) with the Karion et al., 2023 

findings.  We observed a decreasing trend (~6-7 ppb/yr) between the years 2018-2021, consistent 
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with the results of Karion et al., (2023). However, our trend failed to pass the test for statistical 

significance (p < 0.05) for these four.  As noted earlier, the trend was also insignificant for the 

entire decadal period of our analysis.  

 Karion et al., (2023) used a limited domain for performing the modeling and inversion to 

determine methane emissions from the BWR. Our analysis revealed a major methane emission 

source from swine production several hundred kilometers southwest of the BWR. The SW 

synoptic pattern was almost of equal magnitude as the westerly clusters (representative of 

emissions from BWR and Marcellus), in terms of methane over the global background. If the 

global latitudinal gradient is applicable to our domain, emissions from the animal husbandry 

sector in North Carolina to the SW could be a greater source of methane than the BWR.  A major 

source outside the BWR domain must be accounted for in background emissions and contributes 

to uncertainties in model inversions (Karion et al., 2021). It is possible that expanding the 

modeling domain used in Karion et al., (2023), to include major emissions from the southwest of 

BWR would strengthen our understanding of methane fluxes and trends. 

3.4 Conclusions 

We demonstrated how methane mixing ratios associated with characteristic synoptic 

situations can help determine major source regions.  We analyzed a 10-year (2013-2022) 

methane dataset from a rural site, BUC, on the Eastern Shore of Maryland, southeast of the 

BWR. We limited our analysis to January and February because local wetland methane 
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emissions are minimal during the winter, and regional anthropogenic emissions should dominate. 

We used HYSPLIT back trajectory and a clustering technique to determine distinct synoptic 

situations that impact the region and found the following patterns associated with mid-latitude 

cyclonic systems: 1) SW winds ahead of a cold front, 2) high-velocity, NW winds behind a cold 

front and associated with subsidence, 3) W winds after low pressure moves off the coast, and 4) 

E winds when the low-pressure system resides south of BUC.  Our analysis shows that synoptic 

conditions substantially impacted atmospheric composition in BWR based on statistically 

significant differences in the methane mixing ratios of the clusters.  

There was no discernible temporal trend in any of the clusters for the decadal period in 

our study. However, if we look at only 2018-2021 for the W cluster, we observed a decreasing 

trend in methane above the global background of ~6-7 ppb/yr,  consistent with the 4-5% yr-1 

decrease in emissions found in a model inversion study of this region for 2018-2021 (Karion et 

al., 2023) although the trend in the W cluster fails to meet the p <0.05 test for statistical 

significance. 

Based on the HYSPLIT clusters, we identified several major methane source regions that 

influence the mixing ratios at BUC.  A W cluster associated with high methane mixing ratios can 

be attributed to emissions from the BWR, ~100 km west of BUC, and the Marcellus shale 

operations, ~300 km west.  We also found high methane for the SW cluster, attributed to 

emissions from intense swine production and manure pits in North Carolina, ~500 km from 

BUC.   
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Flow through central Pennsylvania (a clean corridor between major sources) was 

consistently associated with low methane mixing ratios. Winds from the NW often travel fast 

behind a cold front and are associated with subsidence. The difference in methane values with 

the southwesterly cluster will be more significant when the Northern Hemisphere latitudinal 

gradient is considered. 

The synoptic conditions with winds from the E were mostly linked with low methane 

mixing ratios, explained by cleaner marine air. Certain exceptions occurred when recirculating 

winds originated from the New York metropolitan region, bringing high concentrations.  

  We repeated our analysis using data from Stafford (SFD), VA, and Thurmont (TMD) 

towers. We found similar results from the W and SW clusters, reinforcing our findings from 

BUC.  The SFD and TMD towers lie west of major metropolitan regions, which can explain the 

differences in methane between the easterly clusters for SFD and TMD vs. those for BUC. Thus, 

we confirmed the major emissions source regions that influence methane concentrations at BUC.   

The high winter methane mixing ratios in the SW cluster are noteworthy.  Urban methane 

emissions peak in cold weather but manure emissions peak in hot weather.  The animal 

husbandry sector in North Carolina may have an impact even greater than the nearby urban 

regions and Marcellus gas fields based on the methane values of the SW and W clusters, 

seasonality, and the latitudinal gradient.   Given the complexity of measuring manure methane 

emissions and the dependency on many factors, we need more measurements for accurate 

estimates from this sector. Isotopic analysis can also help identify the sources of methane as has 

been shown in previous studies (Cain et al., 2017; Haghnegahdar et al., 2023; Lowry et al., 
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2001). Concentrated animal feeding operations release other pollutants and pathogens to be 

targeted in future studies. Our analysis in the BWR can be replicated for other regions situated in 

the mid-latitudes and may provide valuable insight into how synoptic weather patterns influence 

atmospheric transport and composition and identify impacts of major sources and source regions. 

 

 

Chapter 4 : Summary of Results 

In Chapter 2, we investigated the diurnal patterns and vertical gradients of methane 

mixing ratios from three towers in the BWR. From the analysis of the diurnal cycles and vertical 

gradients, we concluded that the three towers in our study were located in the vicinity of local 

sources, but the nature of sources varied between the urban and rural towers. BUC, a rural site, 

was influenced by local wetland emissions that peak during summer, whereas local 

anthropogenic emissions peak in winter and dominated at the two urban sites.  

 On comparison of the observations and Lagrangian model output driven with two 

versions of EDGAR inventories, we observed significant discrepancies. The model runs with the 

EDGAR 4.2 inventory, with more emissions in urban areas, agreed more favorably with 

observations in terms of magnitude but EDGAR 5.0 showed a higher correlation with 

observations, which indicated an improved distribution of emissions in EDGAR 5.0. The 

addition of wetland emissions from WetCHARTs significantly reduced the bias, however, the 

correlation was weaker with both inventories. We concluded that WetCHARTs failed to capture 
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temporal or spatial variation in emissions. Chapter 2 answered Research Questions 1 and 2, 

where we determined the nature of sources impacting methane observations at the three towers 

and also demonstrated a simple technique to use observations to evaluate anthropogenic 

(EDGAR) and biogenic (WetCHARTs) inventories. We concluded that EDGAR inventories with 

a global focus, underestimated regional anthropogenic methane emissions, and while 

WetCHARTs reduced the bias, discrepancies remained, and the distribution of wetland 

emissions could be improved.  

In Chapter 3, we investigated methane observations for the months of January and 

February 2013-2022 from a rural tower, BUC, located east of the Baltimore-Washington region 

on the Eastern Shore of Maryland. We identified the major synoptic patterns that influenced 

methane mixing ratios in eastern MD during winter, using HYSPLIT back trajectory and 

clustering analysis. The identification of the dominant wind patterns revealed the characteristic 

methane source regions. It was a surprising discovery that methane emissions from hog farms 

~500 kilometers south in North Carolina can significantly impact observations in eastern 

Maryland during winter. We reaffirmed our conclusions by repeating the analysis using data 

from two other towers located in Stafford, Virginia (SFD) and Thurmont, Maryland (TMD). 

 We evaluated the temporal trends in methane over the global background, and no 

statistically significant trend was observed in any cluster. We concluded that variability in 

methane above the global background from 2013-2022, in eastern MD during winter, is driven 

by synoptic weather patterns, congruent with the findings of Feng et al., (2023). Based on the 

lack of a temporal trend in the westerly cluster, we were inconclusive regarding any impact of 
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the extensive repair works in the natural gas delivery infrastructure on reducing methane mixing 

ratios. Chapter 3 answered research questions 3 and 4, and we published this work in the 

Atmospheric Environment journal.  

 

 

 

 

 

Chapter 5 : Future Work 

 

In Chapter 2, we investigated methane observations from stations in the Baltimore-

Washington region, determined the sources using the diurnal and seasonal patterns, and 

evaluated emission inventories using observations. We found evidence of both anthropogenic 

and biogenic methane emissions in the BWR; however, the relative contribution of each source 

towards ambient methane mixing ratios was not addressed in our analysis. The partitioning 

between fossil fuel and microbial emissions can be done using ethane measurements, as ethane is 

a minor component of natural gas, not found in wetland emissions. Ethane-to-methane ratios can 

be used to determine the relative contribution of methane from natural gas sources (Karion et al., 

2015; Peischl et al., 2015a, 2016, 2018b; Ren et al., 2018). Thus, ethane measurements at each of 

the three sites in our study and additional sites can help better quantify methane emissions from 
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the natural gas sector in the entire BWR. The ethane to methane ratio from the natural gas 

pipelines can be compared with the ambient ratio to ascertain the extent to which fugitive 

emissions impact the observations. 

 Isotopic analysis is yet another tool to determine the relative contributions of 

anthropogenic and biogenic sources. The amount of 13CH4 released from biogenic sources is 

lower than fossil fuel sources, i.e., lighter 𝜹13C.  Haghnegahdar et al., (2023) used four different 

methane isotopic variants to evaluate contributions of fossil fuel and microbial sources. A similar 

isotopic analysis can be extended to the sites in BWR to determine the relative contributions of 

each source.  

 Our study focused on three out of the sixteen sites in the BWR, part of the NEC project. 

It would be interesting to study the diurnal and seasonal variation and the vertical gradients at the 

other sites in the region for multiple years, as these reveal information about the type of sources, 

their relative strengths, and the nature of the sources – anthropogenic or biogenic. The study can 

be extended to compare observations with the newer versions of the emission inventories, 

EDGAR and EPA to determine if the temporal spatial distributions of methane emissions is 

better than the older versions and to what extent they can reduce the bias with observations. 

Finally, atmospheric inversion studies with observations obtained in recent years from numerous 

sites can help us better quantify greenhouse gas emissions in the BWR, and thereby help develop 

effective abatement policies.  

 In Chapter 3, we used methane observations from a single site in Maryland along with 

HYSPLIT clustering analysis to ascertain the major synoptic conditions influencing the methane 
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mixing ratios at the site. We confined our study to the months of January and February and using 

data from the lower inlet height at BUC, but future studies can explore if inclusion of December 

data and data from the upper inlet height can generate any statistically significant trend. We 

showed how methane mixing ratios associated with each synoptic pattern can reveal information 

about the major source regions. The study can be extended to other sites in the mid-latitudes to 

identify any trend in concentrations and whether synoptic conditions influence them. We used 

methane observations in our study, but this study can be replicated for other atmospheric 

pollutants, like VOCs, to determine the major source regions. The knowledge of the source 

regions will help agencies develop mitigation policies to curb emissions from these sources, help 

improve air quality, and address climate change. 

 Karion et al., (2023) used atmospheric inversion techniques to find ~4-5% per year 

decrease in methane emissions in the BWR between 2018-2021. We did not find any statistically 

significant temporal trend in any of the clusters. However, we used a smaller dataset compared to 

Karion et al., (2023) to determine all possible source regions. The study by Karion et al., (2023) 

is limited to sources within the Baltimore-Washington region and does not consider sources like 

the animal husbandry southwest of MD. It would be interesting to see how expanding the domain 

and including manure methane emissions from the southwest would impact the results of Karion 

et al., (2023).  

 In Chapter 3, we discovered that manure methane emissions from swine lagoons in North 

Carolina exert a significant influence on methane observations in the BWR. Based on the 

methane mixing ratios, the impact of these emissions can be as strong as those of the Marcellus 
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and BWR emissions combined. We analyzed the Maasakkers et al., (2023) inventory and found 

that manure methane emissions were within ~30% of Hristov et al., (2017) estimates but several 

times higher than the latest version of EDGAR. The reason for the gross underestimation of this 

sector by EDGAR should be thoroughly investigated. The distribution of manure methane 

emissions within the EDGAR 8.0 inventory, shown in Figure 5.1. The manure emissions from 

Maasakkers inventory displayed an increasing trend and a distinct seasonal pattern, peaking 

during summer as shown in Figure 5.2. We limited our analysis to the months of January and 

February. Future work should involve a detailed analysis of the impact of manure methane 

emissions on observations in BWR during summer. During summer, wetland emissions at BUC 

peak, and we would need to segregate the local emissions to investigate any external influence, a 

subject of future study. It would also be interesting to examine the reason behind the increasing 

trend of manure methane emissions within the inventory as seen in Figure 5.2.  isotopes might 

help distinguish wetland methane from swine manure methane.  
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Figure 5.1: Manure methane emissions from EDGAR 8.0 inventory. 

 

 
Figure 5.2: Seasonal variation of manure methane emissions in Maasakkers et al., (2023) 

inventory. Figure generated by Dr. Hao He. 
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Chapter 6 : Supplementary information for Chapter 2 
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Figure 6.1: Geographic location of three towers in our study, represented by red dots. Two urban 

towers NEB (Baltimore, MD), ARL (Arlington, VA) and one rural tower, BUC (Bucktown, 

MD). 
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Figure 6.3: WetCHARTs members for methane flux for d01 domain. The combination ‘wet3a’ 

is shown on the left and ‘wet4a’ on the right. The black line is the mean of all members in each 

plot, which is used in our study. 

Figure 6.2: Modeling domain of our study. The larger blue box represents the d01 domain, 

and the smaller green box represents the BWR. The red dots represent the location of the 

towers in our study. 
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Figure 6.4: Distribution of CH4 emission fluxes (in units of μmol/m2/s) in EDGAR 6.0, 7.0, 8.0, 

around the towers in the BWR. The pink stars represent the towers in our study. Color axis has 

been truncated for clarity. 

 

Figure 6.5: Diurnal cycle of methane at ARL (a) and NEB (b) during summer. The black line 

represents the hourly averaged methane observed enhancements. The red and blue lines represent 

the model predicted diurnal cycle using EDGAR 5.0 inventory, with and without wetland 

emissions respectively. 
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Tower Latitude (o) Longitude (o) Inlet heights (meters above 

ground level) (upper/lower) 

BUC 38.459699 -76.042970 75/46 

NEB 39.315417 -76.583000 67/50 

ARL 38.891667 -77.131667 66/50 

Table 6.1: Latitude and and longitude of the three towers in our study, along with the inlet 

heights in the tower. 

 

 

Tower Inventory Season Percentile Mean bias 

(ppb) 

NMB 

BUC  

EDGAR 4.2 

 

 

winter 

 

 

5th 

-22.26 -0.44 

NEB -42.50 -0.52 

ARL -26.97 -0.40 

BUC  

EDGAR 4.2 

 

 

winter 

 

 

2nd  

-35.59 -0.51 

NEB -42.22 -0.49 

ARL -38.07 -0.47 

BUC EDGAR 4.2 winter 10th  -17.89 -0.43 

NEB -35.48 -0.50 
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ARL   -23.54 -0.40 

BUC EDGAR 4.2 

 

winter 

 

15th  -14.99 -0.40 

NEB -35.34 -0.53 

ARL -22.49 -0.41 

BUC  

EDGAR 5.0 

 

 

winter 

 

 

5th  

-37.50 -0.74 

NEB -65.93 -0.80 

ARL -51.78 -0.77 

BUC  

EDGAR 5.0 

 

 

winter 

 

 

2nd  

-52.96 -0.76 

NEB -69.39 -0.80 

ARL -65.58 -0.80 

BUC EDGAR 5.0 

 

winter 

 

10th  -30.91 -0.74 

NEB -56.74 -0.80 

ARL -45.30 -0.76 

BUC EDGAR 5.0 

 

winter 

 

15th  -27.61 -0.74 

NEB -55.79 -0.83 

ARL -42.40 -0.78 

Table 6.2: Mean bias and normalized mean bias (NMB) after subtracting the 2nd, 5th, 10th, 15th 

percentiles from tower methane observations and model results for winter afternoon hours. 
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Tower Inventory Season Percentile Mean bias 

(ppb) 

NMB 

BUC  

EDGAR 4.2 

 

 

summer 

 

5th  

-35.10 -0.60 

NEB -26.98 -0.49 

ARL -18.78 -0.39 

BUC  

EDGAR 4.2 

 

 

summer 

 

2nd  

-45.99 -0.62 

NEB -28.04 -0.45 

ARL -34.98 -0.52 

BUC EDGAR 4.2 

 

 

summer 

10th  -20.06 -0.50 

NEB -24.33 -0.51 

ARL -17.47 -0.42 

BUC EDGAR 4.2 

 

 

summer 

15th  -15.93 -0.48 

NEB -21.90 -0.52 

ARL -14.59 -0.40 

BUC  

EDGAR 5.0 

 

 

summer 

 

 

5th  

-46.38 -0.80 

NEB -43.39 -0.79 

ARL -36.40 -0.75 

BUC  

EDGAR 5.0 

 

 

summer 

 

 

2nd  

-59.26 -0.80 

NEB -48.84 -0.78 

ARL -53.92 -0.80 
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BUC EDGAR 5.0 

 

summer 

 

10th  -30.79 -0.76 

NEB -38.18 -0.80 

ARL -31.78 -0.76 

BUC EDGAR 5.0 

 

summer 

 

15th  -25.71 -0.77 

NEB -34.02 -0.81 

ARL -28.20 -0.78 

Table 6.3: Same as Table 6.2 for summer afternoon hours 

 

 

Tower Inventory Season Mean bias 

(ppb) 

NMB r2 

BUC  

 

EDGAR 4.2 

 

winter -22.99 -0.42 0.37 

NEB winter -49.80 -0.39 0.37 

ARL winter -21.46 -0.25 0.29 

BUC  

 

EDGAR 5.0 

winter -39.12 -0.71 0.37 

NEB winter -101.10 -0.79 0.34 

ARL winter -63.57 -0.74 0.30 
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BUC  

 

EDGAR 4.2 

summer -35.10 -0.60 0.30 

NEB summer -26.98 -0.49 0.18 

ARL summer -18.78 -0.39 0.28 

BUC  

 

EDGAR 5.0 

 

summer -46.38 -0.80 0.36 

NEB summer -43.39 -0.79 0.22 

ARL summer -36.40 -0.75 0.36 

Table 6.4: Mean bias (ppb), normalized mean bias, and r2 between model (WRF-STILT + 

EDGAR 4.2 and 5.0) and observations for all hours in summer and winter. 

Tower Inventory Mean bias 

(ppb) 

NMB r2 

 

 

 

 

 

 

EDGAR 5.0 -37.50 -0.74 0.29 

EDGAR 5.0 + 3a -34.33 -0.68 0.30 

EDGAR 5.0 + 3b -33.81 -0.67 0.29 

EDGAR 5.0 + 4a -36.21 -0.72 0.30 

EDGAR 5.0 + 4b -36.20 -0.72 0.30 

EDGAR 5.0 + ma -35.30 -0.70 0.30 
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BUC 

 

EDGAR 5.0 + mb -34.99 -0.69 0.30 

 

 

 

 

 

 

 

NEB 

 

EDGAR 5.0 -65.93 -0.80 0.39 

EDGAR 5.0 + 3a -63.06 -0.77 0.42 

EDGAR 5.0 + 3b -63.15 -0.77 0.42 

EDGAR 5.0 + 4a -64.55 -0.79 0.41 

EDGAR 5.0 + 4b -64.57 -0.79 0.42 

EDGAR 5.0 + ma -63.80 -0.78 0.42 

EDGAR 5.0 + mb -63.90 -0.78 0.42 

 

 

 

 

 

 

ARL 

EDGAR 5.0 -51.78 -0.77 0.36 

EDGAR 5.0 + 3a -49.05 -0.73 0.37 

EDGAR 5.0 + 3b -48.99 -0.73 0.37 

EDGAR 5.0 + 4a -50.25 -0.75 0.38 

EDGAR 5.0 + 4b -50.40 -0.75 0.38 

EDGAR 5.0 + ma -49.65 -0.74 0.38 

EDGAR 5.0 + mb -49.79 -0.74 0.37 

Table 6.5: Model mean bias, NMB, and r2 after adding emissions from different WetCHARTs 

options (3a, 3b, 4a, 4b, ma, mb as described in the text) for winter afternoon hours. 
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Tower Inventory Mean bias 

(ppb) 

NMB r2 

 

 

 

 

 

 

 

 

BUC 

 

EDGAR 5.0 -39.12 -0.71 0.37 

EDGAR 5.0 + 3a -35.08 -0.63 0.37 

EDGAR 5.0 + 3b -34.09 -0.62 0.36 

EDGAR 5.0 + 4a -37.60 -0.68 0.37 

EDGAR 5.0 + 4b -37.52 -0.68 0.37 

EDGAR 5.0 + ma -36.29 -0.66 0.37 

EDGAR 5.0 + mb 

 

-35.71 -0.64 0.37 

 

 

 

 

 

 

EDGAR 5.0 -101.10 -0.7931 0.35 

EDGAR 5.0 + 3a -96.84 -0.76 0.36 

EDGAR 5.0 + 3b -96.92 -0.76 0.36 

EDGAR 5.0 + 4a -99.06 -0.78 0.36 

EDGAR 5.0 + 4b -98.95 -0.78 0.36 

EDGAR 5.0 + ma -97.95 -0.77 0.36 
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NEB 

 

EDGAR 5.0 + mb -98.04 -0.77 0.36 

 

 

 

 

 

 

ARL 

EDGAR 5.0 -63.57 -0.74 0.30 

EDGAR 5.0 + 3a -59.67 -0.70 0.32 

EDGAR 5.0 + 3b -59.86 -0.70 0.31 

EDGAR 5.0 + 4a -61.35 -0.72 0.32 

EDGAR 5.0 + 4b -61.62 -0.72 0.31 

EDGAR 5.0 + ma -60.53 -0.71 0.32 

EDGAR 5.0 + mb -60.73 -0.71 0.31 

Table 6.6: Same as Table 6.5 for all hours in winter. 

 

 

Tower Inventory Mean bias 

(ppb) 

Normalized 

mean bias 

r2 

 

 

 

EDGAR 5.0 -46.38 -0.80 0.36 

EDGAR 5.0 + 3a -20.78 -0.36 0.081 

EDGAR 5.0 + 3b -18.77 -0.32 0.073 
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BUC 

 

EDGAR 5.0 + 4a -36.35 -0.63 0.16 

EDGAR 5.0 + 4b -35.83 -0.62 0.16 

EDGAR 5.0 + ma -28.86 -0.50 0.11 

EDGAR 5.0 + mb -27.91 -0.48 0.11 

 

 

 

 

 

 

 

NEB 

 

EDGAR 5.0 -43.39 -0.79 0.22 

EDGAR 5.0 + 3a -22.82 -0.41 0.17 

EDGAR 5.0 + 3b -23.72 -0.43 0.18 

EDGAR 5.0 + 4a -34.75 -0.63 0.20 

EDGAR 5.0 + 4b -35.09 -0.64 0.20 

EDGAR 5.0 + ma -29.31 -0.53 0.19 

EDGAR 5.0 + mb -30.10 -0.55 0.19 

 

 

 

 

 

 

EDGAR 5.0 -36.40 -0.75 0.36 

EDGAR 5.0 + 3a -19.01 -0.39 0.28 

EDGAR 5.0 + 3b -19.92 -0.41 0.27 

EDGAR 5.0 + 4a -27.92 -0.58 0.34 

EDGAR 5.0 + 4b -28.44 -0.59 0.34 

EDGAR 5.0 + ma -23.39 -0.48 0.31 
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ARL EDGAR 5.0 + mb -24.20 -0.50 0.30 

Table 6.7: Same as Table 6.5 for summer afternoon hours. 

 

 

 

Tower Inventory Mean bias 

(ppb) 

Normalized 

mean bias 

r2 

 

 

 

 

 

 

 

 

BUC 

 

EDGAR 5.0 -62.90 -0.80 0.26 

EDGAR 5.0 + 3a -22.83 -0.29 0.17 

EDGAR 5.0 + 3b -12.13 -0.15 0.17 

EDGAR 5.0 + 4a -46.73 -0.59 0.21 

EDGAR 5.0 + 4b -46.06 -0.58 0.20 

EDGAR 5.0 + ma -35.59 -0.45 0.20 

EDGAR 5.0 + mb -29.88 -0.38 0.20 

 

 

 

EDGAR 5.0 -72.63 -0.74 0.32 

EDGAR 5.0 + 3a -28.40 -0.29 0.22 

EDGAR 5.0 + 3b -37.57 -0.38 0.24 
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NEB 

 

EDGAR 5.0 + 4a -56.73 -0.58 0.28 

EDGAR 5.0 + 4b -58.92 -0.60 0.29 

EDGAR 5.0 + ma -42.93 -0.44 0.25 

EDGAR 5.0 + mb -48.38 -0.49 0.27 

 

 

 

 

 

 

ARL 

EDGAR 5.0 -52.63 -0.70 0.28 

EDGAR 5.0 + 3a -20.65 -0.28 0.23 

EDGAR 5.0 + 3b -23.83 -0.32 0.19 

EDGAR 5.0 + 4a -36.52 -0.49 0.29 

EDGAR 5.0 + 4b -39.77 -0.53 0.26 

EDGAR 5.0 + ma -28.94 -0.39 0.26 

EDGAR 5.0 + mb -32.30 -0.43 0.23 

Table 6.8: Same as Table 6.5 for all hours in summer. 
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Chapter 7 : Supplementary information for Chapter 3 
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Figure 7.1: Correlation between methane observations at the upper (75 m) and lower (46 m) 

inlet heights of the BUC tower. The blue dashed line represents the 1:1 line.  We attribute small 

differences to local methane emissions with stronger effects at the lower inlet. 

 

 
Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1-W 177 150.3 3.1 103.8 123.2 141.1 169.3 219.4 



 

 

 

 

 

 

 

 

100 

 

2-

NW 

144 133.8 2.7 101.5 113.4 123.3 145.9 198.8 

3-SW 137 147.7 4.1 78.2 120.6 141.8 171.5 226.9 

4-E 67 136.8 4.5 97.9 110.6 125.7 153.6 225.5 

Table 7.1: Same as Table 3.2 of the main text using methane observations from the upper (75 m) 

inlet height 

 

 

Figure 7.2: Clusters for the year 2013. The various colored lines represent the mean position 

within a cluster. The numbers in brackets represent the percentage of trajectories in each cluster. 

Also shown in black are the median methane mixing ratios (above background) in ppb. The 

black star represents the location of the BUC tower. 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 11 1998.2 15.45 1941.7 1963.2 1983.7 2016.6 2103.2 

2 NW 17 1958.9 7.01 1923.2 1939.7 1954.1 1969.5 2020.0 

3WN

W 

10 1963.6 9.20 1924.1 1944.1 1956.7 1980.4 2020.8 

4 SW 8 1965.3 16.18 1903.4 1928.9 1966.5 1993.7 2041.0 

5 S 

(slow) 

10 1964.9 8.59 1921.8 1946.7 1956.2 1991.3 2005.4 

Table 7.2: Methane mixing ratio statistics associated with each cluster for the year 2013 at BUC. 

The statistics were calculated using the daily afternoon means of the methane mixing ratios. The 

term 𝝈/√𝒏 represents the standard deviation of the mean, where 𝝈 denotes the standard 

deviation of all methane within a cluster and n the number of independent observations, equal to 

the number of days in each cluster. 
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Figure 7.3: Same as Figure 7.2 for the year 2014. 

 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 

(slow) 

25 1966.2 6.98 1928.1 1940.5 1956.5 1980.1 2037.1 

2 SW 11 1987.5 16.50 1876.5 1964.8 1983.2 2018.0 2080.3 

3 SE 7 1952.3 21.78 1871.9 1917.9 1932.4 2004.2 2034.4 

4 W 

(fast) 

15 1948.9 5.89 1919.9 1928.9 1944.1 1994.6 1991.5 

Table 7.3: Same as Table 7.2 for the year 2014. 
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Figure 7.4: Same as Figure 7.2 for the year 2015. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 11 1970.5 6.14 1936.4 1955.5 1959.0 1989.9 2020.2 

2 NW 17 1975.9 12.25 1938.6 1946.9 1959.8 1987.3 2101.0 

3 SW 10 1986.5 18.57 1948.2 1955.9 1984.5 2017.1 2028.7 

4 S 

(slow) 

8 1976.2 12.84 1934.3 1952.9 1965.3 1982.3 2081.3 
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5 

NNE 

10 1961.4 8.45 1937.4 1949.1 1951.1 1973.2 2003.6 

Table 7.4: Same as Table 7.2 for the year 2015. 
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Figure 7.5: Same as Figure 7.2 for the year 2016. 

 

 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

WNW 

24 1978.2 6.47 1947.0 1955.3 1970.5 1987.1 2055.4 

2 NE 20 1971.9 6.42 1942.5 1956.6 1961.9 1982.8 2036.5 

3 SE 2 1955.6 7.36 1948.2 1948.2 1955.6 1962.9 1962.9 

4 SW 6 2000.7 10.85 1976.5 1980.6 1991.2 2022.9 2041.7 

Table 7.5: Same as Table 7.2 for the year 2016. 
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Figure 7.6: Same as Figure 7.2 for the year 2017. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 SW 7 1992.0 13.71 1945.6 1961.5 1987.0 2018.4 2047.3 

2 S 

(slow) 

14 1976.4 12.49 1918.8 1950.2 1964.2 2000.7 2085.6 

3 W 15 2002.2 12.59 1957.2 1967.7 1991.9 2027.4 2119.4 

4 NW 12 1998.6 12.63 1943.1 1974.7 1988.2 2000.0 2089.8 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 NW 14 1974.3 3.15 1956.9 1966.8 1970.8 1985.7 1996.0 

2 NW 

(slow) 

16 2003.2 12.16 1950.2 1975.6 1988.1 2025.7 2119.3 

5 

ENE 

2 1959.2 8.36 1950.8 1950.8 1959.2 1967.5 1967.5 

Table 7.6: Same as Table 7.2 for the year 2017. 
Figure 7.7: Same as Figure 7.2 for the year 2018. 
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3 SW 14 1978.4 11.90 1897.1 1949.4 1984.2 2016.4 2037.0 

4 W 11 2001.1 11.13 1948.3 1980.5 1991.2 2025.4 2064.4 

Table 7.7: Same as Table 7.2 for the year 2018. 

 

 

Figure 7.8: Same as Figure 7.2 for the year 2019. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 SW 20 2038.8 12.34 1981.7 2004.5 2037.9 2053.2 2159.3 
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Figure 7.9: Same as Figure 7.2 for the year 2020. 

2 

NNW 

21 2005.9 10.82 1970.1 1972.3 1982.6 2021.4 2133.8 

3 

WNW 

18 2017.9 9.85 1968.8 1983.9 2010.9 2042.2 2093.1 

Table 7.8: Same as Table 7.2 for the year 2019. 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

WNW 

10 2021.7 11.64 1983.2 1993.1 2007.9 2047.4 2097.4 

2 SW 11 2024.3 21.48 1949.0 1991.8 2005.6 2046.1 2203.3 

3 NW 16 1986.3 3.43 1967.8 1976.8 1987.9 1992.2 2016.2 

4 E 

(slow) 

7 2004.6 13.09 1954.4 1983.3 2006.7 2022.7 2062.1 

Table 7.9: Same as Table 7.2 for the year 2020. 
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Figure 7.10: Same as Figure 7.2 for the year 2021. 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

NNE 

16 2042.1 8.53 1992.6 2016.8 2039.3 2068.2 2102.5 

2 W 3 2025.4 10.38 2004.8 2012.0 2033.7 2036.7 2037.7 

3 S 

(slow) 

8 2066.4 15.52 2015.1 2031.1 2059.6 2097.5 2139.3 

4 NW 6 2015.4 10.35 1978.2 2001.1 2013.9 2034.3 2050.9 

Table 7.10: Same as Table 7.2 for the year 2021. 
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Figure 7.11: Same as Figure 7.2 for the year 2022. 

 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 5 2036.2 27.88 1965.8 1973.1 2058.8 2082.5 2106.4 

2 NE 15 2052.3 9.40 2013.2 2027.0 2043.6 2064.8 2133.3 

3 NW 21 2057.2 7.12 2022.4 2030.7 2050.7 2074.2 2130.8 

4 SW 18 2040.0 6.77 2001.5 2015.4 2035.6 2060.3 2096.9 

Table 7.11: Same as Table 7.2 for the year 2022. 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 NW 16 1980.1 4.61 1955.0 1968.4 1978.1  1986.7 2021.4 

2 NW 

(slow) 

17 2018.4 8.11 1968.8 1999.5 2018.7 2046.0 2076.0 

3 SW 16 1986.5 10.47 1908.0 1964.4 1992.3 2064.8 2057.8 

4 W 12 1989.4 5.61 1964.7 1975.0 1989.2 1999.3 2024.5 

Table 7.12: Same as Table 7.2 for TMD in the year 2018. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 NW 16 1977.6 4.30 1954.8 1963.0 1976.6 1989.0 2010.8 

2 NW 

(slow) 

17 2020.3 8.09 1972.6 1994.7 2021.1 2039.6 2082.5 

3 SW 16 1988.3 15.16 1897.5 1944.1 1996.0 2035.4 2094.3 

4 W 12 1995.7 11.28 1955.6 1961.2 1989.4 2012.0 2083.5 

Table 7.13: Same as Table 7.2 for SFD in the year 2018. 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

WNW 

20 2049.1 10.70 1981.6 2004.4 2045.9 2073.4 2134.0 

2 

NNW 

23 2030.2 13.37 1972.4 1982.3 2014.2 2060.6 2155.8 

3 SW 18 2011.8 10.37 1971.8 1979.8 2003.0 2033.8 2105.7 

Table 7.14: Same as Table 7.2 for TMD in the year 2019. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percenti

le (ppb) 

1 

WNW 

20 2040.

3 

12.74 1983.9 1995.6 2018.0 2069.2 2161.9 

2 NNW 23 2025.

5 

11.95 1965.0 1988.0 2007.1 2063.1 2149.4 

3 SW 18 2016.

7 

12.34 1961.6 1976.4 2001.6 2035.8 2130.4 

Table 7.15: Same as Table 7.2 for SFD in the year 2019. 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

WNW 

18 2004.6 7.46 1966.2 1986.8 2003.0 2019.4 2061.0 

2 SW 17 2038.6 12.43 1984.2 2000.6 2018.4 2069.4 2123.0 

3 NW 18 1996.1 4.00 1975.4 1983.5 1994.1 2002.5 2022.8 

4 E 

(slow) 

8 2035.9 12.31 2002.0 2008.9 2034.8 2050.3 2084.5 

Table 7.16: Same as Table 7.2 for TMD in the year 2020. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

WNW 

18 2017.4 12.63 1970.9 1982.2 2007.5 2021.4 2148.0 

2 SW 17 2009.5 7.66 1951.3 1996.4 2012.7 2030.3 2060.6 

3 NW 18 2004.3 7.93 1969.9 1986.5 1993.9 2012.6 2084.3 
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Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

NNE 

25 2055.7 12.87 1989.1 2005.4 2038.7 2103.8 2190.0 

2 W 10 2039.6 11.88 2001.2 2013.8 2036.4 2071.9 2079.1 

4 E 

(slow) 

8 2029.1 14.43 1986.8 1992.3 2020.7 2064.7 2090.6 

Table 7.17: Same as Table 7.2 for SFD in the year 2020. 
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3 S 

(slow) 

14 2078.6 13.45 2030.4 2036.7 2070.7 2113.6 2163.7 

4 NW 12 2020.2 8.64 1990.0 2000.4 2015.4 2045.6 2059.1 

Table 7.18: Same as Table 7.2 for TMD in the year 2021. 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 

NNE 

25 2067.7 12.03 1988.1 2010.9 2064.8 2108.8 2183.4 

2 W 10 2017.0 7.94 1988.2 1998.9 2015.5 2029.0 2059.2 

3 S 

(slow) 

14 2061.1 11.93 1994.8 2040.5 2054.2 2078.7 2156.2 

4 NW 12 2012.8 6.35 1983.2 1998.7 2008.5 2024.8 2055.4 

Table 7.19: Same as Table 7.2 for SFD in the year 2021. 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 5 2056.5 16.14 2013.9 2023.8 2057.7 2090.6 2094.7 

2 NE 16 2052.3 7.51 2013.7 2024.1 2051.7 2073.2 2107.2 
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3 NW 22 2054.0 6.33 2023.5 2040.6 2047.2 2061.2 2115.0 

4 SW 18 2040.7 7.76 2003.5 2021.0 2031.6 2062.7 2109.8 

Table 7.20: Same as Table 7.2 for TMD in the year 2022. 

 

 

Cluster Trajectories Mean 

(ppb) 

𝜎/√𝑛 

(ppb) 

5th 

Percentile 

(ppb) 

25th  

Percentile 

(ppb) 

Median 

(ppb) 

75th  

Percentile 

(ppb) 

95th 

Percentile 

(ppb) 

1 W 5 2034.9 29.28 1965.4 1966.3 2060.7 2081.7 2109.5 

2 NE 16 2064.4 11.85 2021.8 2029.4 2057.3 2081.3 2169.0 

3 NW 22 2054.9 7.58 2014.8 2037.1 2046.5 2065.0 2129.7 

4 SW 18 2041.2 7.16 2001.8 2012.6 2040.4 2058.3 2091.7 

Table 7.21: Same as Table 7.2 for SFD in the year 2022. 

 

 

 

Appendices 

Natural gas emissions in the BWR and evaluation of uncertainties in emission inventories 

using ratios of VOCs to CO and TNMOC. 
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************The body of work started in 2015, represents the state of science until 2017, 

and needs to be completed. The first chapter (Appendix A1) investigates natural gas 

emissions in BWR using ethane as a tracer and is a follow-up to the work done by Dr. 

Timothy Vinciguerra. Our analysis found that ethane doesn’t lend itself to a single tracer 

and fugitive emissions from natural gas distribution infrastructure can be a significant 

source of ethane. The second chapter (Appendix A2) analyzes observed VOC/CO ratios 

and comparisons to inventories and is updated with data till 2017. The second chapter (A2) 

needs to be updated with the latest data for future publication. ************ 

 

 

 

Abstract 

There has been an unprecedented rise in natural gas production over the continental United 

States. The surge in natural gas activity in the Marcellus shale play can have repercussions in air 

quality for downwind areas like the Baltimore-Washington metropolitan region (BWR) that also 

have local sources of volatile organic compounds (VOCs). In our study, we saw a rise in the ratio 

of ethane to total non-methane organic carbon (TNMOC) ratio, at Essex, MD from 2011-2015 

both for daytime and nighttime. We observed elevated levels of small alkanes (C2-C5) in 

ambient air, and they constituted significant proportions of all measured VOCs. The percentage 
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of small alkanes in terms of mixing ratios increased from 2011 to 2015. Our findings indicate 

that in addition to regional emissions of natural gas from Marcellus (Vinciguerra et al., 2015), 

local emissions from leakage in the natural gas delivery system can exert substantial influence on 

ambient ethane mixing ratios and need to be accounted for and quantified. 

Policies for improvement of air quality are based on outputs from air quality models that 

use emission inventories as inputs. The uncertainties in the inventories can affect the quality of 

outputs and thereby reducing the efficacy of policy. In Chapter 10, we evaluate the National 

Emissions Inventory (NEI) 2011 using ratios of specific ambient volatile organic compounds 

(VOCs) to CO and to total nonmethane hydrocarbons (TNMOCs) measured at Essex, MD. We 

discovered significant inconsistencies between the 2011 NEI and ambient observations. Based on 

ratios to CO and to TNMOC, ethane emissions are grossly underestimated in the inventory, 

while benzene, xylene, and paraffin are underestimated by varying amounts.  Toluene emissions 

are found to be in reasonable agreement (~20%).  Olefin and internal olefins were significantly 

overestimated in the inventory. The uncertainties in the inventory have implications in designing 

policies aiming at better air quality.  

 

Research question 1: What is the origin of ethane in the Baltimore-Washington region (BWR) 

and what causes its trends? 

 

Research question 2: Can we use ambient VOC and CO measurements to evaluate the emission 

inventories? 
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Do revised emission inventories change ozone or particulate matter (PM) output from air quality 

models? 
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Appendix A1: Natural gas emissions in the BWR 

 

A1.1 Introduction 

There has been an increased transition from coal-fired power plants to natural gas under 

the Clean Air Act. The use of natural gas over coal results in substantial reductions in CO2, NOx, 

and SO2 emissions (Gouw et al., 2014, Venkatesh et al., 2011 & 2012, Lu et al., 2012). However, 

natural gas emissions (losses to the atmosphere) have the potential to negate the benefits they 

bring over coal (Howarth et al., 2011, Ren et al., 2019). Methane, the primary component of 

natural gas (~80-90%), is more potent than carbon dioxide in forcing climate change. 

Additionally, VOCs, PM2.5, and NOx emissions occur during the production and processing 

stages of natural gas extraction and use (Warneke et al., 2014; Kemball-Cook et al., 2010; Roy et 

al., 2014). Thus, we need to identify and quantify the emissions from natural gas related sources. 

There has been an increase in methane mixing ratios over the continental United States 

since 2013, and the effect is more conspicuous over the eastern and northeastern United States. 

This increase is also evident from Figure A1.1, where the ambient methane volume mixing ratios 

from two campaigns conducted in Baltimore-Washington metropolitan region – DISCOVER AQ 

in summer of 2011 and NOAA flights in summer of 2014 are compared. The figures suggest that 

there has been an increment in boundary layer methane between 2011 and 2014.  
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Figure A1.1: Comparison of methane mixing ratio at various altitudes from two campaigns in 

BWR a.) DISCOVER-AQ in summer 2011 (Data obtained from https://www-

air.larc.nasa.gov/missions/discover-aq/dataaccess.htm) and b.) NOAA satellite validation flights 

in summer 2014. The whiskers represent the 5th and 95th percentile of the data. 
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We can attribute methane emissions in BWR to two anthropogenic sources - local and 

regional. The regional source includes emissions from the Marcellus shale gas region whereas 

local sources include leakage from natural gas pipelines. The Marcellus shale gas region mainly 

spread across Pennsylvania and West Virginia, is one of the fastest growing and the most 

massive natural gas operations (Omara et al., 2016, Figure A1.2) in the country, accounting for 

19% of the total natural gas production (Ren et al., 2019) in the US. Between 2011 and 2016 the 

gas production in the Marcellus has almost quadrupled and is expected to rise further owing to 

new infrastructure projects (US EIA 2016). In the state of Pennsylvania alone, shale gas 

production increased by a factor of more than 11 between 2010 and 2015 

(https://www.eia.gov/dnav/ng/ng_prod_shalegas_s1a.htm ). 

 

 



 

 

 

 

 

 

 

 

125 

 

Figure A1.2: US dry shale gas production in the various regions of USA. Figure obtained 

from US EIA, accessed on June 1st, 2018. 

Studies have demonstrated the impact of natural gas operations on air quality in 

downwind regions.  Vinciguerra et al., (2015) examined the impact of Marcellus shale gas 

operations in downwind regions of BWR by analyzing the hourly VOC mixing ratios measured 

by MDE at Essex, MD. The daytime ethane mixing ratio and the ethane to total non-methane 

organic carbon (TNMOC) ratio increased between 2001 and 2013. The paper attributed the 

increase in absolute concentrations of ethane and the ethane to TNMOC ratios to the rise in 

fracking operations upwind in the Marcellus region. The TNMOC mixing ratios showed an 

overall decrease since 1996. This article concluded that technological advancements such as 

hydraulic fracturing and horizontal drilling amplified natural gas operations, which led to the rise 

in ethane mixing ratios in the BWR, located downwind. The article, however, does not provide 

any information about the impact of local emissions of ethane resulting from leakage in the 

natural gas distribution system. 

Other studies have examined the impact of oil and gas operations in downwind regions. 

Evans et al., (2016) concluded that transport of VOCs from areas with intensive oil and gas 

operations could affect ozone production in downwind areas. Kemball-Cook et al., (2010) 

pointed out that the continuing trend in gas exploration in the Haynesville region may impede the 

attainment of ozone standards in Northeast Texas and Northwest Louisiana. Rodriguez et al., 

(2009) concluded that increasing oil and gas operations impacted regional ozone pollution in the 

Western United States. Similar ozone episodes observed in Wyoming’s Upper Green River 
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Basin were attributed to natural gas production (Carter et al., 2012). Two other studies showed 

that VOC emissions from oil and natural gas operations can be strong enough to cause regional 

ozone pollution (Gilman et al., 2013, Swarthout et al., 2013). Studies have shown that VOCs, 

like ethene and propene, emanating from petrochemical sites in Houston can influence ozone 

production in downwind regions (Gilman et al., 2009, Berkowitz et al., 2004, Kleinman et al., 

2005, Ryerson et al., 2003). Natural gas operations, thereby, impact ambient air quality in 

downwind regions. These findings motivate us to study the impact of Marcellus emissions on the 

ambient air quality in BWR. 

Estimates of methane emissions from pipeline leakage remain uncertain. Studies have 

attempted to assess and quantify the methane emissions from leakage in urban centers and the 

transmission and storage (T&S) sector in general (Jackson et al., 2014, Gallagher et al., 2015, 

Philips et al., 2013; Hendrick et al., 2016; Lamb et al., 2015; Zimmerle et al., 2015). Mapping 

studies showed densely populated cities in the eastern U.S. to have numerous natural gas leaks 

(Gallagher et al., 2015, Philips et al., 2013, Jackson et al., 2014, Hendrick et al., 2016). We 

presently need a clear picture of the impact of such local emissions on the ambient air quality in 

the BWR. A study by Jackson et al., (2014) in Washington, DC, found the isotopic signature of 

methane and ethane from leakage close to the isotopic signature of methane and ethane in natural 

gas pipelines. The paper estimated the emissions from four streets to range from 9200 to 38200 

L/CH4 per day. Hendrick et al., (2016), estimated the methane flux from leaks in the Boston 

region to range from 4.0 – 23000 g CH4 per day. The distribution of the leak size was skewed, 

with 7% of the leaks responsible for 50% of total methane emissions. Potentially explosive 
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(Grade 1) CH4 methane concentrations were detected at several locations. A study of leaks 

across Boston City by Philips et al., (2012), concluded, using the isotopic signature of methane, 

that it was a fossil fuel rather than a biogenic source. 

VOCs, emitted from natural gas extraction processes and leaks in natural gas pipelines, 

react with NOx in the presence of sunlight to form ozone and PM2.5. Reducing emissions from 

the natural gas sector can thus help improve air quality. 

We use VOC measurements from cans collected during the FLAGG-MD flight campaign 

in BWR and hourly VOC measurements from Essex, MD to understand the impact of natural gas 

emissions in the region. We examine the temporal variation of ethane mixing ratios using data 

from Essex for daytime and nighttime. We also analyzed the temporal trends in Marcellus shale 

gas production and pipeline ethane content from one natural gas station near Baltimore, MD. Our 

goal here is to quantify the impact of regional or local emissions on ambient ethane mixing 

ratios. Such studies will help us understand the severity of natural gas emissions in the region 

and to constrain emissions from various sources, thereby helping to reduce the emissions 

associated with the sectors. 

 

A1.2 Data and Methods 

 

A1.2.1 FLAGG-MD 

 

The FLAGG-MD campaign aims to develop quantitative measurements of the sources, 

sinks, and fluxes of greenhouse gases along with their uncertainties in the Indianapolis and 

Baltimore-Washington region to improve understanding of greenhouse gas inventories and 
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transport. This campaign also measured short-lived trace gases like VOCs and other pollutants 

like NOx. The measurement of VOCs will help us achieve better ozone simulation in the region. 

Nine flights were conducted in the Baltimore-Washington region in February 2015 and 2016. 25 

VOC cans were collected in 2015 around the Baltimore-DC region and analyzed by the 

Maryland Department of the Environment (MDE) (Acefaw Belay, MDE). MDE reported the 

concentration of 56 VOCs in ppbC. Henceforth, we will refer to the flights conducted during this 

campaign as winter flights. We used data from flights conducted in the year 2015 for our work. 

A1.2.2 Essex, MD 

The Photochemical Assessment Monitoring Station (PAMS) site at Essex, MD, was 

established to measure ozone and its precursors, NOx, and VOCs in the Baltimore nonattainment 

region (Vinciguerra et al., 2015). The Essex site, situated downwind of Marcellus, reports hourly 

data for 56 VOCs for June, July, and August when the ambient ozone mixing ratios are most 

detrimental to human health. The VOCs are measured using the GC-FID technique and 

calibrated once weekly to maintain the reported precision of ±5% (Vinciguerra et al., 2015). We 

used the dataset for the years 2011-2015 for our study. Essex is located in an area with 

substantial VOC emissions, close to the intersection of highways. 

We used VOC measurements from the FLAGG-MD campaign and Essex, MD to 

understand natural gas emissions in the region. Natural gas comprises of methane, the major 

component, along with several small alkanes in minor quantities. In this study, we have 

examined temporal changes in the proportion of small alkanes from 2011-2015 to better 

understand temporal changes in natural gas emissions. Ethane is the second major component of 
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natural gas and has a lifetime of a few weeks. Methane generated due to microbial activity from 

biogenic sources contains no appreciable amounts of ethane. Ethane, thus, serves as a source 

signature of anthropogenic natural gas sources. We compared the ambient ethane to CO ratio 

measured at Essex and from the FLAGG-MD campaign to that reported in other similar studies. 

For further analysis, we examined the temporal change in ethane to TNMOC ratios for daytime 

and nighttime. Local emissions are expected to be preponderant during nighttime hours, with a 

shallower nocturnal boundary layer. During daytime with a deeper boundary layer, regional 

emissions are expected to dominate. We tested the data for correlation with pipeline ethane 

content and dry shale gas production in the Marcellus region. We can relate local emissions to 

pipeline ethane content and regional emissions to shale gas production in Marcellus. The 

correlation will clarify the relative impacts of local and regional emissions on ambient air 

quality. 

 

A1.3 Preliminary results 

 

 The mixing ratios of VOCs are shown in Table AS1.1. The C2-C5 straight chain alkanes 

serve as a fingerprint for natural gas emissions. The C2-C5 alkanes represented ~64% (by 

volume mixing ratio) of the total mixing ratio of all non-methane organic compounds in 2015 

and 54% in 2011 (Table A1.1). When we considered the data from winter flights, the percentage 

was enhanced further to 78%. 
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VOC category Essex Essex Winter 

 2015 2011 flights 

 

C2-C5 alkanes 

 

64% 

 

54% 

 

78% 

 

BTEX 

 

24% 

 

36% 

 

7.3% 

 

Alkenes 

 

12% 

 

15% 

 

1.7% 

 

Higher alkanes 

 

11% 

 

14% 

 

11.3% 

 

Isoprene 

 

4% 

 

5% 

 

0.15% 

 

Table A1.1: Table listing proportion of VOC categories by volume mixing ratios at Essex, MD 

and from cans collected during winter flights in February 2015. 

 

 The mean concentrations of ethane and propane were 5.1 ppb and 1.62 ppb, respectively, 

at Essex, MD, in 2015. During the winter flight campaign, the mean ethane mixing ratio from all 

the cans was 4.31 ppb, and for propane, 1.80 ppb. We compared the ambient VOC to CO mixing 

ratios obtained from the slope of linear correlation plots of VOC versus CO. Table AS1.2 of 

supplementary information lists the values. All values are in ppbv vs. ppbv. In most cases, we 

neglected outlier points when calculating the ratio. The ethane to CO ratio observed at Los 

Angeles in 2010, as reported by Warneke et al., 2012, was 15.1 (pptv to ppbv). In comparison, 
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the observed ambient ethane to CO ratio from the winter flights was 37 (pptv to ppbv), and from 

nighttime Essex data, the ratio was 29 (pptv to ppbv) and 18 from daytime data. 

The daytime and nighttime ethane to TNMOC ratios increased between 2005 and 2015 

(Figure A1.3), suggesting an increment in local and/or regional emissions since 2005. We 

studied the temporal trend in ethane content in the natural gas pipeline measured at Linden 

Church gas station (John Quinn, Baltimore Gas and Electric (BGE), and Dr. Sheryl Ehrman, 

personal communications) and the shale gas production in Marcellus from 2005 to 2015 (Figure 

A1.3). R2 was calculated using the average of ethane content in pipelines and dry shale gas 

production for the months of June, July, and August (Table A1.2). 
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Figure A1.3: Temporal change in ambient ethane to TNMOC at Essex, MD along with the 

temporal change in Marcellus dry shale gas production and ethane content in pipelines. All data 

were averaged for June, July, August for the years 2005 to 2015. 

 

Ambient ethane to TNMOC 

ratio measured at Essex, MD 

from 2005-2015. 

r2 with Marcellus shale 

gas production (Average 

for June, July, August). 

r2 with ethane content 

in pipelines (Average 

for June, July, August). 

Nighttime mean 0.84 (p<0.05) 0.72 (p<0.05) 

Nighttime median 0.84 (p<0.05) 0.74 (p<0.05) 

Daytime mean 0.78 (p<0.05) 0.65 (p<0.05) 

Daytime median 0.76 (p<0.05) 0.61 (p<0.05) 

 

Table A1.2: Correlation of ambient ethane to TNMOC ratio at Essex, MD for daytime and 

nighttime hours with Marcellus shale gas production and ethane content in pipelines. 

 

A1.4 Discussion 

 

 This higher percentage of small alkanes in flights by volume mixing ratio reflects the 

larger spatial domain covered by aircraft and the long lifetime of these species. The dominance 

of C2-C5 alkanes, in general from data in the BWR, demonstrated the conspicuity of natural gas 
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emissions in the region, as small alkanes are components of natural gas (Petron et al., 2012; 

Lafranchi et al., 2013). 

 The mean ethane mixing ratios from the winter flights over the Baltimore-Washington 

metropolitan area were similar to that observed in Oklahoma City (4.40 ppb) (Baker et al., 2008) 

in 1999, where emissions from natural gas operations were prevalent. The similarity in values 

between the two locations suggests the similarity in sources. The mean ethane mixing ratio at 

Essex, MD in 2015 and from winter flights was also higher than the average mixing ratio from 

most 28 cities in the U.S. measured in a study during 1999-2004 (Baker et al., 2008); Charleston 

and Pittsburgh had elevated concentrations of light alkanes due to intensive natural gas 

operations and coal mining in the area. On the other hand, the mixing ratios of higher alkanes, 

unsaturated, and aromatic hydrocarbons at Essex were either lower or equal to those measured in 

28 U.S. cities. These VOCs are mainly emitted as fuel combustion products or as evaporative 

vehicle emissions. The rise in ethane concentration in the Baltimore- Washington region, 

compared to other VOCs, indicates some unquantified sources of ethane, emissions from which 

have increased in recent years. 

 We must be circumspect in directly comparing the absolute ambient mixing ratios of 

VOCs between various cities, as several aspects such as meteorology, location, strengths of 

sources of VOCs, and dilution due to mixing may vary considerably between locations. 

Comparing the ratios of VOCs to CO, a tracer for incomplete combustion in vehicles can 

circumvent the problem. The adoption of such a method helps in direct comparison of air quality 

between two regions (Choi et al., 2006; Baker et al., 2008). 
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The ethane to CO ratio is higher at Essex, MD, and in winter flights, compared to Los 

Angeles, as reported by Warneke et al., (2012). The natural gas delivery system is the only 

source of ethane in the Los Angeles metropolitan region, with the absence of any natural gas 

operation site in the vicinity or upwind. The higher ambient ethane to CO ratio in BWR, when 

compared to LA, is evidence of some additional source of ethane or due to greater ethane content 

in natural gas in the BWR. The ambient ethane to CO ratio at Essex was a factor of ~5 larger 

than that measured in Baltimore in the year 2000 (4.4 pptv/ppbv) (Baker et al., 2008). The 

ambient ethane to CO ratio at Essex in 2011 was 6.8 when daytime data was considered and 8.6 

for nighttime data, which was lower than that observed in 2015. The above findings corroborated 

that VOCs associated with natural gas have an additional source in BWR, that emissions have 

increased in recent years, or that natural gas in the BWR region has greater VOC content. 

The above findings reinforce the conspicuity of natural gas emissions in the BWR which 

can be sourced to either leakage in natural gas pipelines or transport from upwind in Marcellus, 

where natural gas operations are prevalent and have intensified in recent years. Vinciguerra et 

al., (2015) did not provide any information on the local emissions of ethane, mainly from leakage 

in natural gas pipelines. The question now arises whether local natural gas emissions exist in the 

BWR. The diurnal cycle of ethane (Figure AS1.6 supplementary information) clearly showed 

higher mixing ratios in the morning and evening. The nighttime maximum in the diurnal cycle 

clearly indicates the presence of local emissions. Given the evidence of local emissions, finding 

the relative contribution of regional and local emissions on the ambient ethane mixing ratios is 

necessary. 



 

 

 

 

 

 

 

 

135 

 

Between the time periods 2005-2012 and 2013-2015, the ethane content of natural gas 

increased by 88% (Figure AS1.5 supplementary information). During the same period, the 

ambient nighttime and daytime ethane to TNMOC ratios at Essex registered a 56% and 53% 

increase (Table AS1.7 supplementary information), respectively, suggesting neither regional nor 

local emissions were the sole contributor to the ambient ethane mixing ratios but rather a 

combination of the two. The correlation between natural gas production and ethane content in the 

delivery system with ambient daytime and nighttime ethane to TNMOC ratios is calculated. We 

observed a positive and significant correlation in each case, suggesting that regional and local 

emissions are potential contributors to the ambient ethane mixing ratio. R2 calculated with the 

average and median yearly values of dry shale gas production and ethane content of pipelines 

were not widely different. 

 

A1.5 Conclusion 

Small alkanes constitute a significant proportion of all VOCs in the region by volume 

mixing ratio. this proportion increased between 2011-2015. Small alkanes are minor constituents 

of natural gas. The rise signifies an increase in natural gas emissions or a steady increase in VOC 

content of natural gas between 2011 and 2015. 

The ethane to CO ratio at Essex, MD, in 2015 and from the winter flights was 

significantly higher than the ratio from flights conducted in LA in 2010 (Warneke et al., 2012) 

and the measured ratio in Baltimore in the year 2000 (Baker et al., 2008). The only source of 

ethane in LA is leakage from natural gas pipelines. Two plausible reasons for the observed 
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higher ambient ratio at Essex are an unprecedented rise in fracking operations upwind in the 

Marcellus region (Vinciguerra et al., 2015) or higher ethane content in natural gas pipelines in 

the BWR. 

The prominent diurnal cycle of the ambient ethane mixing ratio measured at Essex 

provided evidence for local emissions. We found that in addition to regional emissions from 

Marcellus, local emissions can influence the ambient ethane mixing ratio. 

Efforts must be taken to reduce fugitive emissions from pipeline leaks and oil and gas 

operations, which will serve several purposes. In addition to reducing methane emissions, a 

potent greenhouse gas, it will also reduce emissions of VOCs, which are ozone precursors, 

improving air quality. 

 

 

A1.6 Scope for Future Work 

 

 The ethane to TNMOC showed an increase till 2015. However, the ratio gradually 

declines after 2015 (Figure A1.4). Two plausible reasons can explain the observed decrease in 

the ambient ethane ratio at Essex, MD. The decline can result from decreased fugitive emissions 

from Marcellus (more stringent controls at extraction sites) or lowering of ethane content in 

natural gas pipelines. BGE has also implemented repair and replacement on Baltimore's natural 

gas delivery system (John Quinn personal communication, 2018). Simpson et al., (2012) have 

attributed the decrease in global ethane emission rates to reduced natural gas venting and flaring. 



 

 

 

 

 

 

 

 

137 

 

There has been a rise in ethane prices after 2015, following increased demand from the 

petrochemical industry, making it profitable for operators to separate it from natural gas (EIA, 

June 2018). It is difficult to ascertain which of the above-stated reasons has led to the decrease in 

the ambient ethane ratio in the BWR region 

 

 

Figure A1.4: Temporal trend in ethane content in pipelines (Linden Station Baltimore), 

Marcellus dry shale gas production, ambient ethane to TNMOC ratio at Essex, MD for daytime 

and nighttime hours from 2005 to 2017. 

 

BGE has provided our research group with VOC composition data of natural gas in 

pipelines, in terms of mole percent, from three natural gas stations (Dr. Sheryl Ehrman and John 

Quinn, BGE, personal communication) – Linden, Beaver, and Tuscarora. Data for the Linden 
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natural gas delivery system in Baltimore, MD, is from 2005 to 2017. A snapshot of the station 

data from 2017 is shown in Figure A1.5. Data from two other stations is available for the years 

2014 to 2017. The pipeline VOC data serves as the source fingerprint for local emissions from 

leakage in the natural gas delivery system. One way is to compare the ambient ethane to methane 

ratio with the ratio from pipelines. We have information from BGE about the proportion of 

natural gas delivered from each of the three stations, and the data can be utilized to calculate the 

weighted average of the ratios to gain a better insight into the impact of local emissions on 

ambient mixing ratios. 

 

Figure A1.5: Chemical composition of natural gas at Linden Church Gate station in Baltimore, 

MD for year 2017. Data provided by BGE (John Quinn, personal communication). 
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I-Pentane 0.0056 0.0065 0.0065 0.0041 0.0042 0.0043 0.0049 0.0049 0.0050 0.0043 0.0045 0.0040 0.0049 

N-Pentane 0.0035 0.0042 0.0042 0.0026 0.0027 0.0028 0.0033 0.0032 0.0034 0.0029 0.0029 0.0027 0.0032 

Nitrogen 0.3813 0.4080 0.4077 0.2973 0.3029 0.2904 0.2986 0.3016 0.2903 0.2843 0.3241 0.3707 0.3298 

Methane 92.7024 92.0929 92.1742 95.9122 95.4105 96.0514 95.3642 95.0687 95.9047 96.1547 94.3503 92.6619 94.4873 

CO2 0.1990 0.2074 0.2101 0.1427 0.1463 0.1479 0.1824 0.1794 0.1616 0.1493 0.1856 0.2020 0.1761 

Ethane 6.3989 6.9439 6.8617 3.4163 3.8952 3.2691 3.8798 4.1912 3.3952 3.1980 4.8952 6.5108 4.7379 

Total % 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 100.0000 

              

BTU-Dry 1063.0690 1067.4420 1066.7590 1040.0960 1043.8840 1039.1470 1043.9970 1046.1240 1040.1640 1038.0000 1050.9680 1062.8510 1050.2084 

Spec. Grv. 0.5930017 0.5962016 0.5958083 0.5766017 0.5791271 0.5760109 0.5797377 0.581073 0.5768788 0.5753723 0.5844854 0.5927913 0.5839 
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We looked at the ambient mixing ratios of short alkanes (C2-C5) at Essex, MD and the 

mole percentage of short alkanes in pipelines. We also compared the mixing ratios of short 

alkanes measured at Essex, MD to the mixing ratios from cans collected during a flight campaign 

conducted in the fracking-intensive regions of southwestern Pennsylvania and West Virginia 

during August - September 2015. Sixteen cans were collected during the flight campaign and 

analyzed by the Maryland Department of Environment (MDE). The average ambient mixing 

ratios of ethane, propane, and butane at Essex, MD in 2015 closely resembled the average 

ambient mixing ratio from cans collected during the flight campaign. The values are shown in 

Table A1.3. The close resemblance in the values suggests that the ambient ethane mixing ratios 

at Essex, MD is primarily influenced by regional emissions transported from Marcellus. The 

ambient mixing ratios of C5 alkanes (pentane and isopentane) at Essex, MD are factor ~4 larger 

than that observed in the fracking flights, suggesting local sources for these VOCs. 

We plotted the temporal trend of ambient propane to total C2-C5 ratio at Essex, MD and 

the corresponding ratio from Linden station (Figure A1.6) from 2005 to 2015. The median 

ambient propane to C2-C5 ratio is larger than the median ratio from the Linden station. The 

results suggest that another source exerts greater influence on the ambient VOC mixing ratio. 

Additionally, the result hints at the larger impact of Marcellus emissions over local emissions. 

 

VOCs Mean VOC mixing ratios (ppb) 
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 Essex, 

MD 

Winter 

flights 

Fracking 

flights 

Ethane 5.04 4.32 6.08 

Propane 1.62 1.80 1.74 

Butane 0.59 0.65 0.51 

Isobutane 0.29 0.28 0.24 

Pentane 0.53 0.16 0.15 

Isopentane 0.75 0.32 0.18 

 

Table A1.3: Table of mean ambient VOC mixing ratio from Essex, MD and from two 

flight campaigns 
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Figure A1.6: Temporal trends of ambient propane to C2-C5 ratio measured at Essex, MD and 

median propane to C2-C5 ratio from Linden station in Baltimore, MD from 2005 to 2017. The 

black line stretches from the 5th to 95th percentile of the data from Essex, MD. The colored 

circles represent the 25th, median, and 75th percentile of the data from Essex, MD. The pink 

asterisk represents the median propane to C2-C5 ratio from Linden station. 

 

 The preliminary results hint at the possibly dominating influence of Marcellus emissions 

on the ambient ethane mixing ratios at Essex, MD but ambiguity remains on the relative 

contributions of Marcellus and local emissions. To address the question, continuous 

measurements of ethane can be used. According to Smith et al., (2015), continuous 

measurements of ethane are more suitable than canister samples for quantifying methane 

emissions associated with various sectors. The ethane to methane correlation from canister 

samples collected during flight experiments may not be reliable as the ethane to methane ratio is 

related to various sectors is different. Additionally, due to limitations in the number of canisters 

that can be collected during a flight experiment, the data is unsuitable for evaluation of narrow 

plumes and rapidly changing emissions (Smith et al., 2015). 

 A mass balance approach (Ren et al., 2018, Smith et al., 2015) can be used to calculate 

the ethane footprint from the BWR region based on prevailing wind directions. In general, 

horizontal flight transects are carried out downwind of urban locations or emission sources and 

perpendicular to the wind direction. The BWR region has a primary ethane source –leakage in 

the natural gas delivery system. The background mixing ratio is calculated by interpolation of 
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mixing ratios at the edges of the transects. Enhancements in the mixing ratio above background 

in the downwind transects are attributed to emissions from the urban region. Downwind transects 

from the flight experiments with continuous ethane measurements can be used to determine the 

footprint of BWR emissions. An estimate of the ethane emissions from the urban region, 

resulting mostly from leakage in the natural gas delivery system, can be determined. 

 The ethane to methane ratio calculated from continuous measurements can be utilized 

for quantifying the ethane contribution from sources. The ethane to methane ratio is 

characteristic for sources. Preliminary results as shown in Figure A1.7 reveal that the data can 

be grouped into two major groups of ~2% and ~4%. The higher slopes can be attributed to fossil 

fuel-based sources and the lower slopes to biogenic sources. Smith et al., (2015) demonstrated 

how the data could be divided between fossil (thermogenic) and non-fossil fuel sources, using a 

histogram of the slopes of ethane to methane plots. The article also uses the p-value approach, 

where enhancements in mixing ratio associated with a p-value ≤ 0.05 for ethane to methane 

correlation, are ascribed to fossil fuel related sources. The ethane to methane ratio from the 

continuous data can be used with information on the VOC composition of natural gas in the 

natural gas delivery system, to get an estimate of the contribution from the natural gas delivery 

system (Ren et al., 2018). 

 The ethane to methane ratio from the continuous measurements and the Essex ethane data 

can be coupled with HYSPLIT analysis. Timothy Vinciguerra (Ph.D. dissertation) computed the 

hourly 48-hour back trajectories for the daytime hours between 10 am - 7 pm, using the Essex 

data from 2008 to 2015. The back trajectories were assigned ethane mixing ratio based on the 
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average daytime (10 am - 7 pm) ethane mixing ratio. The analysis found that back trajectories 

traced back to high well density counties had higher median ethane mixing ratios than those 

traced back to low well density counties. However, the regions between BWR and Marcellus are 

populated, with an extensive network of pipelines, underground stations, making it difficult to 

distinguish between regional and local influences. Timothy Vinciguerra used the initial hours of 

48-hour HYSPLIT back trajectories for solving this problem. The first 5 hours of 48-hour back 

trajectories from Essex monitoring site for the years 2012 to 2015, were used to investigate local 

influences. Vinciguerra in his Ph.D. dissertation, found back trajectories associated with higher 

median ambient ethane mixing ratios traveled on an average a distance of ~75 km or higher in 

the first five hours, indicating influences from farther away. Similarly, trajectories that traveled 

shorter distances (~20 km average) were associated with lower median ethane mixing ratios and 

came from either north or east. Back trajectories arriving from northwest or west were associated 

with higher median ethane mixing ratios only if they crossed high well density counties (> 0.05 

wells per km2) in Pennsylvania and West Virginia. A similar HYSPLIT analysis can be used to 

determine if the back trajectories for 2016 and 2017, passing through high well density counties, 

are associated with higher median ethane mixing ratios as in the previous years. In this manner, it 

can be determined if reduced fugitive emissions from Marcellus regions are indeed responsible 

for the observed decline in ambient ethane mixing ratios at Essex, MD. 

 Carbon isotopic measurements obtained from Hart-Miller Island, MD and an estimate of 

13C/12C ratio from natural gas pipelines to calculate  13CH4 can be utilized. Studies have shown 

that the 13C/12C ratio can be utilized to apportion between the various methane sources 
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(Gallagher et al., 2015, Jackson et al., 2014, Hendrick et al., 2016, Philips et al., 2013, Smith et 

al., 2015). Carbon-13 is lighter in methane derived from biogenic sources (microbial activity) but 

enriched in methane from fossil fuel sources. Comparison of the ambient 13C/12C ratio with that 

obtained from the natural gas delivery system will help in generating an estimate of the 

contribution from the transmission sources. 

 

 

Figure A1.7: Plot of ∆ethane/∆methane using continuous measurements from a flight 

experiment in the BWR on 2018-03-31. The 5th percentile of the data is used as background. 

(Data obtained from Dr. Paul Shepson). Plot created by Dr. Russell Dickerson. 
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Appendix A2: Evaluation of uncertainties in VOC emission inventories using ratios of 

VOC to CO and TNMOC. 

 

A2.1 Introduction 

 As described by the Environment Protection Agency (EPA), emissions inventories 

provide us with estimates of emissions of criteria pollutants and precursors, and hazardous air 

pollutants. Air quality models (AQMs) use emission inventories as input and take into account 

emissions, chemistry, and meteorology to give output in terms of concentrations of primary and 

secondary pollutants. Policies for improvement of air quality are formulated based on outputs 

from air quality models. Any uncertainty in the inventories will impact the output from the 

model. The quality of output from the air quality models is contingent on the quality of inputs in 

terms of emissions from emission inventories. The strategies thereby designed, based on outputs, 

may not be efficacious if the inputs have uncertainties. 

Petron et al., 2012 & 2014, Gilman et al., (2013) found discrepancies in inventories as 

regards to VOC estimates from oil and gas sector. These studies suggest we need further 

assessment of the inventories for VOC emissions. In this study, we assess uncertainties in VOC 

emission inventories using observations from ground-based data from the PAMS site in Essex, 

MD. In our study, we use the NEI 2011 inventories run with the SMOKE model. The Baltimore- 

Washington metropolitan region (BWR) is categorized as an ozone non-attainment region. 
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Efficacies of policies aimed at improvement of air quality in the region will depend on the 

quality of inputs in the form of emission inventories. 

We cannot directly compare emission and concentration, as they are two different 

quantities. Few previous studies have analyzed the uncertainties in emission estimates of 

inventories; however, there is no consensus regarding the accuracy of emissions predicted by the 

inventories. Choi et al., (2006), compared emissions of CB-IV VOC species from the SMOKE 

model with the concentration ratio to CO and NOx of VOCs, from Essex in the morning hours. 

Comparison in the morning hours and use of ratios minimizes the effects of chemistry and 

dispersion that air quality models must account for to calculate concentrations from emissions. 

The research finds an overestimate of toluene emissions from surface coating and printing 

sources using data from three sites in Maryland, Washington D.C. and New Jersey. 

  Discrepancies between ambient measurements and model predictions for ethene/NOx and 

xylene/NOx varied with site and method used at Maryland and Washington D.C. However, 

findings from the New Jersey site show a possible overestimate of emissions from vehicle 

exhaust. Parish et al., (2006), concluded that VOC speciation in the inventory is inaccurate by 

factors of 3-4, using ambient measurements of benzene and acetylene measured across the U.S. 

In the backdrop of the unprecedented rise in natural gas activities in Marcellus region 

coupled with evidence of emissions being transported downwind to BWR (Vinciguerra et al., 

2015), there is a need to evaluate the emission inventories, that must capture the developments in 

the Marcellus region for the AQMs to accurately predict ozone in this region. The inventories 

might not accurately represent the VOC emissions arising from fracking activities. Besides, VOC 
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emissions from other anthropogenic sources like vehicles, industries etc. may not be 

appropriately represented in the inventories. If we detect substantial differences between 

observations and inventories, forecast ozone production in air quality models may be influenced. 

Thus, it is necessary to assess the inventories to design effective policies. 

 

A2.2 Methods 

 

A2.2.1 FLAGG-MD 

 The goal of the FLAGG-MD campaign is to develop quantitative measurements of the 

sources, sinks, and fluxes of greenhouse gases along with their uncertainties in the Indianapolis 

and Baltimore-Washington region to improve understanding of greenhouse gas inventories and 

transport. The campaign also measures short-lived trace gases like VOCs and NOx. 

Measurement of these will help us in getting a better estimate of ozone in the region. A total of 

nine flights were conducted in the Baltimore-Washington region in February 2015. A total of 25 

VOC cans were collected in the Baltimore-DC region and analyzed by the Maryland Department 

of the Environment (MDE) (Acefaw Belay, MDE). MDE reported the concentration of 56 VOCs 

in ppbC. Henceforth, we will refer to the flights conducted during this campaign as winter 

flights. 

 

A2.2.2 Essex, MD 
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 The goal of the FLAGG-MD campaign is to develop quantitative measurements of the 

sources, sinks, and fluxes of greenhouse gases along with their uncertainties in the Indianapolis 

and Baltimore-Washington region to improve understanding of greenhouse gas inventories and 

transport. The campaign also measures short-lived trace gases like VOCs and NOx. 

Measurement of these will help us in getting a better estimate of ozone in the region. A total of 

nine flights were conducted in the Baltimore-Washington region in February 2015. A total of 25 

VOC cans were collected in the Baltimore-DC region and analyzed by the Maryland Department 

of the Environment (MDE) (Acefaw Belay, MDE). MDE reported the concentration of 56 VOCs 

in ppbC. Henceforth, we will refer to the flights conducted during this campaign as winter 

flights. 

 

A2.2.3 Evaluation of Emission Inventories 

 The data obtained from state, local and tribal agencies and other sources are assimilated 

to generate the National Emissions Inventory (NEI) that broadly classify the sources as point 

sources, non-point sources, on-road sources, non-road sources, event sources. The resolution of 

emissions inventories is made finer by modeling systems such as SMOKE (Sparse Matrix 

Operator Kernel Emissions) that apply the control, gridding, and speciation factors to the 

emissions. In most cases, the mentioned steps can be run independently, and are produced 

parallel and merged in the final step to the inventory. The advantage is that we need to run the 

primary processing steps only once. 
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The resolution of emissions inventories is made finer by modeling systems such as 

SMOKE (Sparse Matrix Operator Kernel Emissions) that applies the control, gridding and 

speciation factors to the emissions. In a majority of the cases, we can run the steps 

independently. As a result, they are produced parallelly and merged in the final step to the 

inventory. The advantage of such technique is that the primary processing steps need to be run 

only once. The approach is summarized in Figure A2.1 below. 

 

 

Figure A2.1: Figure describes the various steps involved in emission processing by SMOKE 

after importing the data from inventories. The figure is taken from CMAS SMOKE website. 

 

 Emissions need to be converted to finer resolutions for use as inputs for AQMs. The 

emission inventories provide daily and annual emissions data, which SMOKE converts to hourly 
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data for each grid cell to satisfy the input requirements for the AQMs. The SMOKE achieves this 

by processing the imported inventories through three major steps - temporal allocation, chemical 

speciation and spatial allocation. The temporal processing step involves creating hourly 

inventory by applying weekly, monthly and diurnal factors based on source characteristics. In the 

chemical speciation step, speciation profiles are used to convert the emission expressed in terms 

of inventory pollutants to the model species used by air quality models. The reason being, air 

quality models use a simplified, condensed chemical mechanism using model species to mimic 

atmospheric chemistry. A Chemical mechanism, like CB05 used in our study, use aggregates of 

chemical compounds or proportion of compounds as model species. In the spatial processing 

step, applying a gridding matrix transforms the total source emissions to gridded emissions, 

resulting in emissions in each grid cell of the model domain. In this step, total county emissions 

are reported for the area, non-point, non-road mobile and on-road mobile sources, and spatial 

surrogates distribute the total county emissions among the grid cells of the county. Commonly 

used surrogates are census tracks, urban areas, rural areas, population, housing, agriculture, 

water, railroads, major highways, etc. 

In this appendix, we describe a novel method to assess the inventories for short-lived 

VOCs, by looking at their ratio to comparatively long-lived CO. We plot the ratio of VOC over 

CO against the VOC mixing ratio. Most VOCs are short-lived relative to CO, thus at higher 

ambient concentrations of VOCs, the ratio should asymptotically approach the ambient emission 

ratio when the VOC and CO are correlated. The higher concentrations of VOCs reflect 

photochemically fresh emissions, whereas the lower concentrations represent emissions from 
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photochemically aged air masses. A schematic plot is shown below in Figure A2.2. The ambient 

VOC/CO ratio of a freshly emitted plume is expected to follow the red dotted line (Figure A2.2) 

with increase in photochemical age. We assume the only uncertainty in emission inventories is 

that of VOCs. We assume that the inventories account for CO emissions to a reasonable extent. 

According to Anderson et al., (2014), the NEI CO emissions agree to within 15 ± 11% of the 

observations. However, according to Salmon et al., (2018), the NEI CO emissions are a factor of 

2 higher than observed CO emission rates in winter. 

 

 

 

 

 

 

 

 

 

Figure A2.2: Schematic plot of the approach used in this appendix. The ambient VOC/CO ratio 

is plotted against ambient VOC mixing ratio (dotted red line). The black dashed line represents 

the emission ratio for Essex site cell obtained from SMOKE. The rectangular box represents 

uncertainty. The black circle represents the VOC emission ratio obtained from SMOKE. 
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The ratio of VOC/CO is binned in ascending order of VOC concentration, and each bin contains 

an equal number of points. Each VOC to CO value represents the average for each bin. In some 

cases, we neglect the last bin when is an average of a small number of points. 

 We compared the calculated emission ratio with the emission ratio obtained from 

SMOKE run with Biogenic Emission Inventory System (BEIS) 3.6 and CB05 chemical 

mechanism. We compare the modeled emission ratio obtained from SMOKE with ambient 

measurements of VOCs and CO from Essex in 2011 and 2015. Furthermore, we repeated this 

comparison in case of ethane for all years between 2005-2015. All comparisons cover six regions 

– site cell with the Essex monitoring station; and grid cells of dimension 2x2; 3x3; 5x5; 7x7 

encompassing the site cell; and the largest referred to as ‘flight area.' Figure A2.3 below shows 

the region under flight area, which includes the region covered during winter flights and the 

Essex site. The comparison with flight area can help us in understanding the regional sources of 

VOC emissions. 
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Figure A2.3: Rectangular box showing the dimensions of ‘Flight area’- the grid cell of 

largest dimension we consider in our analysis. 

 

The SMOKE model does not take into account the effects of transport and chemistry of 

atmospheric species. Therefore, the use of multiple dimensions with varying amounts of grid 

cells is essential to distinguish point source emissions, local emissions and non-local emissions 

(Choi et al., 2006). We show the results of the comparison of measured emission ratio to the 

emission ratio from SMOKE for the following categories of VOCs as partitioned in CB05 – 

ethane, benzene, toluene, xylene, paraffin, isoprene, olefins and internal olefins. Ethane, 

benzene, and isoprene are treated explicitly in the CB05 mechanism. The mechanism treats 

toluene, xylene, paraffin, olefin, and internal olefin as lumped species (Table A2.1). The 
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concentration of the species measured at Essex is converted to the corresponding modeled 

lumped category (in ppbC) by multiplication with factors as detailed in CB05. Choi et al., 2006, 

argued that the model may underestimate lumped species, as several VOCs under the model 

species may not be measured. However, we believe the ambient concentration of such species, 

those present in the model but not measured, is immeasurably small to alter our findings 

perceptibly. 

 

CB05 category Definition 

Ethane Explicit 

Benzene Explicit 

Toluene All monoalkyl aromatics 

Xylene All polyalkyl aromatics 

Paraffin All compounds with C-C 

 

Table A2.1: Table of VOC categories in CB05 and their corresponding definition. 

 

 

 

A2.3 Results 

 

A2.3.1 Ethane 
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 Ethane and CO are not well correlated (r2 = 0.37, with nighttime data from Essex in 

2015). We compared ambient ethane to total TNMOC mixing ratios (both daytime and 

nighttime) at Essex to the corresponding ratios in terms of emissions obtained from the model 

(Tables A2.2 and A2.3), and we observe large disparities. The observed ethane ratios are a factor  

~10 higher than that predicted by the model. The results are evidence of the gross 

underestimation of ethane in emission inventories when compared with the data from Essex, 

MD. The degree of underestimation of ethane in the inventories has increased over the years 

from 2011 to 2015. 

Year Ambient daytime ethane to 

TNMOC ratio at Essex 

Ambient nighttime ethane to 

TNMOC ratio at Essex 

 (ppbC/ppbC) (%) (ppbC/ppbC) (%) 

2005 7.0 9.6 

2006 6.6 8.7 

2007 8.4 9.2 

2008 8.9 9.8 

2009 10.0 11.0 

2010 7.8 8.6 

2011 9.8 11.0 

           2012                           12.0                      13.0 

2013 14.0 17.0 
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2014 13.0 15.0 

2015 13.0 15.0 

 

Table A2.2: Ambient ethane to total TNMOC ratio measured at Essex, MD for daytime and 

nighttime hours, in percent. 

 

Grid cell dimension Ethane to total TNMOC emissions 

from inventory (moles per sec/moles 

per sec) (%) 

Site cell 0.87 

2 x 2 0.87 

3 x 3 1.01 

5 x 5 1.03 

7 x 7 1.02 

Flight area 0.96 

 

Table A2.3: Ethane to total non-methane organic compound emissions ratio, as obtained from 

SMOKE. SMOKE is run using NEI 2011 emissions inventory. 

 

A2.3.2 Benzene 
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 The inventory underestimates benzene by a factor ~2 (Figure A2.4 a-b). 

 

 

Figure A2.4 a-b: Plot of ambient benzene/CO ratio vs. ambient benzene mixing ratio measured 

at Essex, MD. The dotted line is the emission ratio predicted by SMOKE for Essex site cell. The 

rectangular area represents the emission ratio predicted by SMOKE for grid cell of varying 

a.) 

b.) 
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dimensions surrounding the site cell. We can interpret the rectangle as a measure of the 

uncertainty in emission ratio predicted by SMOKE. 

 

A2.3.3 Toluene 

Toluene emissions are within ~20% of that in the inventory (Figure A2.5 a-b) when using 

ambient observations from Essex in 2015 as compared to 40% when using observations from 

Essex in 2011. 
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Figure A2.5 a-b: Same as figure A11 for toluene. Toluene, as defined in CB05, refers to all 

monoalkyl aromatics. 

 

A2.3.4 Xylene 

 The inventory underestimates xylene by ~50 % when using the data from Essex in 2015. 

The underestimation increased from ~33%, using ambient observations from 2011 (Figure A2.6 

a-b). 

b.) 
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Figure A2.6 a-b: Same as figure A11 for xylene. Xylene, as defined in CB05, refers to all 

polyalkyl aromatics. 

 

 

a.) 

b.) 
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A2.3.5 Paraffins 

 Figures A2.7 a-b show the plots of ambient VOC/CO ratio against the VOC mixing ratio 

at Essex for paraffin category. Paraffin emissions are underestimated in the inventory by ~50% 

in 2015, whereas being predicted with reasonable accuracy on using 2011 VOC measurements. 

 

a.) 

b.) 
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Figure A2.7 a-b: Same as figure A11 for paraffins. Paraffins, as defined in CB05, refers to all 

compounds with a C-C bond. 

A2.3.6 Olefins and Internal Olefins 

 Olefins are overestimated in SMOKE by a factor of 4, and internal olefins are 

overestimated by more than a factor of 4 (Figures A2.8-2.9 a-b) in the inventory. 

 

 

 

 

 

a.) 
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Figure A2.8 a-b: Same as figure A11 for olefin. Olefin, as defined in CB05, refers to all 

compounds with terminal C=C. 

 

 

 

 

a.) 

b.) 
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Figure A2.9 a-b: Same as figure 10 for internal olefin. Internal olefin as defined in CB05 refers 

to all compounds with internal C=C. 

 

 

A2.4 Discussion 

 

A2.4.1 Ethane 

 

 Ethane has two possible sources, either from upwind fracking activities in Marcellus 

which have seen an unprecedented rise in recent years or, locally from leakage from natural gas 

pipelines, each of them is a potential contributor to ambient ethane mixing ratios. We observe a 

positive correlation between ambient ethane/TNMOC ratios at Essex to Marcellus gas 

production and ethane content in the natural gas delivery system. The proportion of small 

alkanes (which includes ethane), which are constituents of natural gas, increased between 2011 

and 2015 at Essex and constituted the largest category of VOCs in terms of mixing ratios. 

Analyses with back trajectories reveal that emissions from regions where hydraulic fracturing is 

b.) 
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prevalent, reaching the Baltimore/Washington region (Taubman et al., 2006, Vinciguerra et al., 

2015, Timothy Vinciguerra Ph.D. dissertation). Figure AS1.1 of supplementary information 

shows one such back trajectory, demonstrating the possibility of transport of emissions from 

upwind regions in Marcellus to BWR. 

 We find the inventories to grossly underestimate ethane both when daytime and nighttime 

ambient ratios are considered (Figure AS1.2 a-d, supplementary information). During nighttime, 

local emissions are expected to be dominant. Ethane, measured at Essex, MD displays a 

pronounced diurnal cycle (Figure AS1.6 supplementary information), suggesting the presence of 

local emissions of ethane. We looked at the temporal variation in the ethane content in pipelines 

to ascertain the impact of local emissions arising from leakage in pipelines. The ethane content in 

pipelines shows an increase (Figure AS1.5 supplementary information), as seen from the data at 

Linden Station, MD (Dr. Sheryl Ehrman, BGE, personal communication). The ethane content 

increased by 88% between the time periods 2005-2012 and 2013-2015. Previous studies have 

demonstrated the impact of leaks from pipelines for distribution of natural gas in previous studies 

(Jackson et al., 2014, Gallagher et al., 2015, Philips et al., 2013, Hendrick et al., 2016, Lamb et 

al., 2015, Zimmerle et al., 2015). We observe a positive and significant correlation between the 

ethane content in pipelines and ambient ethane mixing ratios (r2 ~0.72). Thus, another plausible 

reason for the underestimation of ethane in the inventories is the poor representation of local 

emissions of ethane, arising from leaks in pipelines, in the inventories. 

 In light of the above observations, we conclude that emissions from fracking activities 

upwind, is not appropriately captured by the emissions inventory, this coupled with inaccurate 
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reporting of local emissions from leakage in natural gas pipelines, manifests in the gross 

underestimation of ethane in the emissions inventory. There is no substantive difference in 

values of emission from grid cells of varying dimension in the model, reflecting its inability to 

distinguish between local and regional sources. 

 

A2.4.2 Benzene 

 Benzene is underestimated by a factor of ~2 in the inventory, suggesting we have more 

benzene in the atmosphere than what the inventories can account for. This is indeed a significant 

discovery, given the carcinogenic nature of benzene. Benzene is mostly emitted from tailpipe 

emissions. Fugitive emissions of benzene from oil and gas operations can cause enhanced levels 

of benzene mixing ratio (Halliday et al., 2016) and we can expect benzene emissions from 

Marcellus to affect air quality in BWR. In figure A3.0, we observe an overall decrease in 

ambient benzene mixing ratio between 2011 and 2015, at Essex, MD. Benzene is a major 

byproduct of combustion whereas a minor component of natural gas, decrease from the mobile 

sector dominates over minor increase from the natural gas sector. The decrease in benzene 

concentration is part of national trend originating from measures undertaken to curtail benzene 

emissions from mobile and non-mobile sources (Fortin et al., 2005). It further validates that 

benzene emissions from upwind Marcellus regions do not contribute significantly to the ambient 

benzene mixing ratio in the BWR. 
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Figure A3.0: Boxplots are demonstrating the ambient benzene mixing ratios between 2011 and 

2015 at Essex, MD. The red lines represent the median of the datasets whereas the upper and 

lower boundaries represent the 75th and 25th percentile respectively. The whiskers represent the 

10th and 90th percentile of the data. 

  

 The benzene to CO ratio in Essex in 2015 is similar to what was observed in LA 

(Warneke et al., 2012), demonstrating similarity in benzene sources in these two cities. Benzene 

measured at Essex thus can be attributed mostly to combustive sources given the correlation with 

CO (r2 = 0.80) (Halliday et al., 2016). In such a scenario, the only plausible reason behind the 

discrepancy seems to be the failure of the inventories to account for the emissions originating 

from mobile sector accurately. 
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A2.4.3 Toluene 

 Toluene as defined in CB05, includes all monoalkyl aromatics. We find toluene 

emissions are predicted to be within 20% of that in the emissions inventory, which is excellent 

given the short lifespan of these species. This underestimation decreased from 40% in Essex in 

2011 to 20% in 2015. Toluene has an additional source of origin by its extensive use in industries 

and commercially in solvents, paints, and varnishes (Baker et al., 2008). The other VOCs in this 

category styrene, propylbenzene, etc. are also used extensively in industries. The toluene to CO 

ratio was slightly higher at Essex when compared to LA (Warneke at al., 2012) plausibly due to 

the presence of local auto body shops in the vicinity of Essex facility and industries in the 

Baltimore region. One plausible reason for the decrease in toluene emissions after 2011 can be 

lowered emissions from the industrial sector. Using VOC data from flights in May 2017 in the 

New York metropolitan, Long Island Sound, Connecticut regions, Ring et al., 2023 demonstrated 

that toluene to be a significant contributor to ozone formation. 

 

A2.4.4 Xylene 

Xylene category in CB05 constitutes all poly-alkyl aromatics, and most of these 

compounds have an incredibly short lifetime, ranging from few hours to a day. VOCs in this 

category are mostly associated with combustive and evaporative sources ((Bolden et al., 2015, 

Harley et al., 2006). Xylenes are underestimated by almost 50% in the emissions inventory, 

suggesting that the model fails to accurately take into account the vehicular or other emissions, 
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resulting in the observed uncertainty in emissions. Based on the results the catalytic converters 

seem to be working in an efficiency lower than the model assumes it to be. Raymond Morales- 

Morales (Ph.D. dissertation) had discussed the complexity involved in calculating the temporal 

and spatial estimates of emissions from the mobile sector. Hu et al., 2015 also mentions the 

underestimation of on-road emissions of benzene and C8 aromatics, particularly during the warm 

season. The results are, however, in contrast to the findings of Choi et al., 2006, which suggested 

possible overestimate of emissions from vehicle exhaust, in the inventories, based on data from a 

site in New Jersey. 

Oil and gas operations also result in emissions of benzene, toluene, ethylbenzene, xylene 

(BTEX) species into the atmosphere, and we cannot rule out the possibility affecting air quality 

downwind in BWR. However, toluene, xylene emissions are unlikely to be transported vast 

distances downwind given the short lifetime (Harley et al., 2006) of these species. This is evident 

from Figure A3.1 below, where we do a similar analysis using the data from flights conducted 

during the FLAGG-MD campaign. The ratio does not asymptote and the xylene mixing ratios are 

a factor of 10 lower than concentrations measured at Essex. The results suggest that flight data 

may not be useful for comparing short-lived and highly reactive categories like xylene.  
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Figure A3.1: Plot of VOC/CO vs. VOC concentration for xylene category using data 

from cans collected during winter flights in 2015. 

 

A2.4.5 Paraffins 

 The group paraffins include compounds with C-C bond and include a wide range of 

aliphatic and aromatic organic species. When using the Essex data from 2015, the paraffin 

category comprises of more than 50 VOCs. Alkanes both straight and branched constitute a 

significant proportion of the paraffin category in terms of mixing ratio. The majority of the 

branched and longer straight chain alkanes displayed excellent correlation with isopentane, a 
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tracer for gasoline evaporation. The underestimation of paraffins seems to indicate that the 

inventory inaccurately accounts for the evaporative emissions generated from vehicles. The 

paraffin category also includes the C3-C5 alkanes, which are associated with oil and gas 

operations, being minor constituents of natural gas, and which have increased between 2011 and 

2015 (Table A1.1). Based on the conclusive evidence of transport from upwind natural gas 

regions and local emissions of natural gas (Vinciguerra et al., 2015, Chapter A1) it can be one of 

the reasons for the underestimation in the inventory to increase between 2011 and 2015. Using 

aircraft measurements, Ring et al., (2023) showed that isopentane has a large ozone forming 

potential (OFP) and OH reactivity.  

 

A2.4.6 Olefins and Internal Olefins 

 Olefins constitute species with a terminal C=C bond, whereas internal olefins are species 

with an internal C=C bond. From the measured data, olefins are represented by species as 

propene, pentene, butene, whereas internal olefins by cis and trans butene and pentene. Olefins 

and internal olefins are used in refineries in addition to being associated with tailpipes and 

evaporative emissions. One plausible reason for the observed disparity, is the closure of Sasol 

refinery in Baltimore in 2007 (Vinciguerra et al., 2015), and may not be taken into account in 

SMOKE. Considerable differences exist between emissions from the various grid cells unlike 

other categories of VOCs suggesting local sources of these species. Luecken et al., (2018) 

showed the alkene species play important role in formaldehyde and ozone formation. Ring et al., 

(2023) showed the importance of olefins like pentene in terms of OH reactivity and OFP. It is 
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thus necessary to note that these species are not well represented in the inventories, given the 

critical role played by these species towards ozone formation. 

A2.5 Conclusions 

 

 The objective of this paper is to investigate for uncertainties in the VOC emission 

inventories using hourly data from Essex, MD. The use of VOC to CO ratio provided us with 

insight into emission strengths. Based on ratios of VOC to TNMOC and to CO, we find ethane to 

be grossly underestimated in the inventory, while benzene and xylene are underestimated by 

varying degrees. The olefins and internal olefins are overestimated in the emission inventory. 

The toluene category shows reasonably good agreement with the inventory. The discrepancy 

between modeled and observed ethane estimates is a clear indication of underestimation of 

natural gas emissions in the BWR (Ren et al., 2018, Plant et al., 2019).  

 Air quality models use the emission inventories as inputs to get outputs in terms of 

concentration of pollutants like ozone, with the ultimate goal of formulating policies based on 

the outputs. Our analysis provides us with insight into the uncertainties in the emission 

inventories. These disparities between emissions inventory and observed data can potentially 

impact the accuracy of predicted ozone from air quality models. Ring et al., (2023) showed the 

importance of isopentane (part of paraffin category in CB05), propene (part of olefin category in 

CB05), and toluene in terms of ozone-forming potential. The discrepancy between model and 

observed estimates of paraffin and olefins, and the contribution of these compounds towards 

ozone formation in the atmosphere, suggests that ozone prediction by model may be impacted. 
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The uncertainties, thus, suggest a pressing need to refine the emission inventories to devise 

effective policies aimed at improvement of air quality in the region under study. 

 A condensed chemical mechanism, like CB05, used in the models, is represented mostly 

by lumped VOC species rather than individual species for efficiency. Luecken et al., 2018, 

argued that condensed chemical mechanisms may not be accurate in prediction of individual 

VOC categories and are judged mostly by their ozone prediction abilities, as shown by Ring et 

al., 2023. Our analysis of uncertainties in emission inventories is done using hourly data from 

Essex, MD, which is available for summer months of June, July, and August. Previous studies 

have shown that there is a seasonal dependence of the biases in the emission inventories (Hu et 

al., 2015). We need consistent, hourly measurements from other months to evaluate the emission 

inventories for inherent uncertainties and investigate the temporal and spatial consistencies in 

results. Further studies should aim to bring better agreement between emission inventories and 

emissions inferred from ambient measurements. 

 

A2.6 Scope for Future Work 

 

 Using VOC/CO and VOC/TNMOC ratios we found while ethane is grossly 

underestimated in the inventories, benzene, toluene, paraffins, and xylene are underestimated to 

varying degrees. Olefins and internal olefins are overestimated by factor ~4 in the inventories. 

However, as seen from the plots of olefins and internal olefins, the ratio did not asymptote as 

was expected. Olefins, according to the CB05 definition, include all compounds with terminal 
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C=C, and internal olefins, compounds with internal C=C. The reason these two categories are not 

displaying asymptotic behavior, is that certain olefins and internal olefins are not well correlated 

with CO and might be from different sources. To address this issue, an approach similar to that 

applied for ethane can be adopted. The ambient ethane to TNMOC ratio from Essex is compared 

to the ethane to TNMOC ratio obtained from the SMOKE model from various grid cell of 

varying dimensions encompassing the site cell and the same procedure can be applied for the 

olefin and internal categories. 

 The paraffins, by CB05 definition, includes all compounds with C-C, are underestimated 

by ~50% in the inventory, but were predicted with good accuracy in 2011. One plausible reason 

for the increase in the underestimation in the inventory for the paraffin category between 2011 

and 2015, is the increase in ambient C3-C5 mixing ratio. The ambient C3-C5 mixing ratio has 

however declined after 2015. It must be investigated how this particular development affects the 

representation of paraffin category in the inventories. If indeed, the C3-C5 alkanes are 

responsible for the increase in underestimation between 2011 and 2015, the decline in mixing 

ratio for these species post 2015, should decrease the degree of underestimation in the 

inventories.  

 The Unmix and Positive Matrix Factorization (PMF) models can be used on the hourly 

VOC measurements from Essex, to get an idea about the sources of VOCs in the BWR region. 

Unmix is a multivariate receptor model developed by EPA. The initial data are assumed to be a 

linear combination of sources with the contribution being unknown. Unmix evaluates the number 

of sources and contribution of sources to each sample. It works by imposing the condition that 
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source composition and contribution must be positive. Unmix includes non-negativity constraints 

and edge finding algorithms to find a single, tenable solution (Henry, 2003). The outputs of the 

Unmix model are the estimates of the number of sources, the source composition, and the 

contribution of each source to each sample. PMF too is a statistical tool for apportionment of 

pollutants when continuous measurements are available. The data are broken down into a 

number of factor profiles using the covariance of the ambient mixing ratios (Schade et al., 2018). 

PMF and Unmix models have advantages over traditional factor analysis methods like principal 

component analysis (PCA). The PMF and Unmix models do not require a priori information 

about the composition of various source profiles, requiring only ambient observations and known 

tracers for various sources. Factor analysis methods produce numerous solutions, which even 

though are plausible statistically, are physically unrealistic (Choi et al., 2004). 

 Receptor models like Unmix and PMF have been applied to VOC measurements from 

PAMS sites and also to particulate matter measurements. Chen et al., (2002) used the Unmix 

model for investigating the possible sources of PM2.5 in the BWR using ambient measurements 

from Fort Meade, MD. Mukerjee et al., (2004) described the use of Unmix for source 

apportionment of VOCs measured at a PAMS site in central El Paso, TX. Choi et al., (2004) 

applied the Unmix model to VOC measurements from PAMS site in Essex, MD to explore 

possible sources of VOCs. Choi et al., (2006) used the outputs from Unmix model in terms of 

source contributions of VOCs to NOx and compared it with the VOC/NOx ratios from SMOKE 

for grid cells of varying dimensions (Figure A3.2). The comparison was made to explain the 

observed discrepancies between SMOKE model outputs and ambient observations. A similar 
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comparison can be to explain the discrepancies found in our preliminary analysis of the NEI 

2011 emission inventory. In this study, an underestimation of benzene, toluene, and xylene 

categories is seen in SMOKE, these categories being associated with vehicular exhaust and 

evaporative emissions. It will be interesting to observe if indeed the discrepancy exists between 

the vehicular exhaust source contributions as obtained from Unmix model and SMOKE. The 

same procedure can be repeated for other source categories, like natural gas (associated with 

ethane category) to further validate our initial findings and conclusions. 

  

 

 

Figure A3.2: Figure obtained from Choi et al., 2006. Figure comparing the VOC source 

contribution to total NOx ratio obtained from Unmix model with VOC to NOx ratio from 

SMOKE. The output from two source categories vehicle exhaust and coating/printing are shown 

in the figure. 
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 This study of uncertainties in the inventories is done using ambient measurements from 

the PAMS site in Essex, MD. A similar PAMS site in the BWR region exists at McMillan 

reservoir in Washington, D.C. Measurements from the McMillan site  can be used for 

performing a similar evaluation of uncertainties in the inventories. Consistency in results from 

two sites in the BWR region will reinforce our initial findings. The SMOKE model used in this 

study uses the ‘alpha 2’ version of the inventory; an updated version ‘gamma’ is available as of 

present. The results from both versions of SMOKE files can be compared to observe if any 

differences exist. VOCs are precursors to ozone and particulate matter. Future work should also 

involve analyzing how the revised emission inventories affect the ozone and particulate matter 

outputs from air quality models like CMAQ. Air quality models use emission inventories as 

inputs to provide output in terms of pollutants
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Appendix AS: Supplementary information for Appendices 

 

VOCs Mean of VOC mixing ratios (ppb) 

Essex, 

MD 

FLAGG-

MD 

winter 

Fracking 

flights 

Ethane 5.04 4.32 6.08 

Propane 1.62 1.80 1.74 

Butane 0.59 0.65 0.51 

Isobutane 0.29 0.28 0.24 

Pentane 0.53 0.16 0.15 

Isopentane 0.75 0.32 0.18 

Hexane 0.25 0.054 0.049 

Heptane 0.098 0.026 0.016 

Octane 0.033 0.016 0.0088 

Nonane 0.026 0.015 0.0069 

Decane 0.029 0.021 0.016 
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Undecane 0.019 0.028 0.024 

aDodecane - 0.020 0.020 

2,2-dimethylbutane 0.032 0.022 0.012 

2,3-dimethylbutane 0.085 0.077 0.011 

2-methylpentane 0.22 0.078 0.097 

3-methylpentane 0.15 0.065 0.034 

2,4-

dimethylpentane 

0.040 0.077 0.010 

2-methylhexane 0.094 0.024 0.036 

2,3-

dimethylpentane 

0.044 0.11 0.011 

3-methylhexane 0.10 0.029 0.052 

2,2,4-

trimethylpentane 

0.24 0.31 0.014 

2,3,4-

trimethylpentane 

0.074 0.18 0.0044 

2-methylheptane 0.037 0.014 0.0088 

3-methylheptane 0.031 0.010 0.0053 

Ethene 0.83 0.52 0.15 

Propene 0.31 0.088 0.025 
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1-butene 0.17 0.020 0.0095 

trans-2-butene 0.24 0.012 0.0033 

cis-2-butene 0.27 0.010 0.0067 

1-pentene 0.032 0.022 0.015 

Isoprene 0.40 0.014 0.14 

trans-2-pentene 0.058 0.0082 0.0030 

cis-2-pentene 0.032 0.0092 0.0032 

a1-hexene - 0.0099 0.0048 

Ethyne 0.25 11.54 1.06 

Cyclopentane 0.032 0.023 0.0091 

Cyclohexane 0.040 0.020 0.019 

Methylcyclopentane 0.11 0.038 0.028 

Methylcyclohexane 0.067 0.014 0.014 

Benzene 0.15 0.14 0.077 

Toluene 2.90 0.51 0.060 

Xylene 0.25 0.054 0.031 

Styrene 0.11 0.019 0.015 

Ethylbenzene 0.065 0.016 0.0080 

Isopropylbenzene 0.0089 0.0063 0.0037 

Propylbenzene 0.013 0.0092 0.0054 
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1,3,5-

trimethylbenzene 

0.032 0.0087 0.0065 

1,2,4-

trimethylbenzene 

0.077 0.023 0.019 

1,2,3-

trimethylbenzene 

0.085 0.0077 0.0087 

m-diethylbenzene 0.0097 0.0072 0.0022 

p-diethylbenzene 0.011 0.012 0.0036 

bo-ethyltoluene 0.015 - - 

bm-ethyltoluene 0.060 - - 

bp-ethyltoluene 0.0079 - - 

a1-ethyl-2-

methylbenzene 

- 0.013 0.0044 

a1-ethyl-3-

methylbenzene 

- 0.014 0.0067 

a1-ethyl-4-

methylbenzene 

- 0.0051 0.0081 

 

Table AS1.1:  Mean volume mixing ratios of VOCs at Essex, MD, in summer 2015 and from 

winter and fracking flight (in summer) campaigns in 2015.  

a. Not measured at Essex facility in MD 
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b. Not measured from either flight campaign. 

 

 

 

 

 

 

VOCs 

VOC/CO (ppb/ppb) 

Essex, 

MD 

 

FLAGG-

MD 

Fracking 

flights 

Ethane 0.029 0.037 0.15 

Propane 0.01 0.010 0.026 

Butane 0.0042 0.0051 0.0082 

Isobutane 0.0021 0.0020 0.0032 

Pentane 0.0086 0.0019 0.0019 

Isopentane 0.0069 0.0017 0.0015 

Hexane 0.0020 4.62 x 10-4 4.50 x 10-4 

Heptane 0.00086 2.25 x 10-4 1.10 x 10-4 

Octane 0.00027 4.85 x 10-5 9.57 x 10-5 

Nonane 0.00022 2.29 x 10-5 2.66 x 10-5 

Decane 0.00029 4.89 x 10-5 1.65 x 10-4 
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Undecane 0.00018 2.36 x 10-4 4.37 x 10-4 

aDodecane - 1.89 x 10-4 4.55 x 10-4 

2,2-dimethylbutane 0.0002 3.78 x 10-5 1.30 x 10-4 

2,3-dimethylbutane 0.00075 9.07 x 10-4 7.83 x 10-5 

2-methylpentane 0.002 3.17 x 10-4 0.0012 

3-methylpentane 0.0014 1.83 x 10-4 2.20 x 10-4 

2,4-dimethylpentane 0.00056 5.38 x 10-4 1.53 x 10-4 

2-methylhexane 0.00077 1.37 x 10-4 8.79 x 10-4 

2,3-dimethylpentane 0.00059 9.07 x 10-4 9.97 x 10-5 

3-methylhexane 0.00088 8.49 x 10-5 6.05 x 10-4 

2,2,4-

trimethylpentane 

0.0024 0.0029 6.56 x 10-5 

2,3,4-

trimethylpentane 

0.00078 0.0021 1.49 x 10-5 

2-methylheptane 0.00038 3.53 x 10-5 1.54 x 10-4 

3-methylheptane 0.0003 1.33 x 10-5 3.36 x 10-5 

Ethene 0.0070 0.0072 0.00074 

Propene 0.0023 0.0013 0.00015 

1-butene 0.00020 7.26 x 10-6 8.66 x 10-5 

trans-2-butene 0.00014 6.82 x 10-5 1.98 x 10-5 
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cis-2-butene 0.00038 1.83 x 10-5 1.86 x 10-6 

1-pentene 0.00022 2.98 x 10-5 3.67 x 10-5 

Isoprene 0.00054 1.75 x 10-4 0.0025 

trans-2-pentene 0.00050 7.70 x 10-5 3.49 x 10-5 

cis-2-pentene 0.00024 1.29 x 10-4 3.81 x 10-5 

a1-hexene - 8.99 x 10-5 2.51 x 10-5 

Ethyne 0.0017 0.021 0.010 

Cyclopentane 0.00011 1.13 x 10-4 1.67 x 10-5 

Cyclohexane 0.00032 1.07 x 10-5 0.00024 

Methylcyclopentane 0.00093 1.27 x 10-4 4.96 x 10-4 

Methylcyclohexane 0.00063 1.02 x 10-4 1.96 x 10-4 

Benzene 0.0012 4.20 x 10-4 0.0027 

Toluene 0.0040 0.0047 8.80 x 10-5 

Xylene 0.0027 4.34 x 10-4 7.65 x 10-5 

Styrene 0.0001 8.83 x 10-6 0.00015 

Ethylbenzene 0.00061 8.57 x 10-5 5.30 x 10-6 

Isopropylbenzene 7.3 x 10-5 6.10 x 10-6 1.84 x 10-5 

Propylbenzene 0.00013 1.65 x 10-5 1.40 x 10-5 

1,3,5-

trimethylbenzene 

0.00036 1.55 x 10-5 7.55 x 10-5 



 

 

 

 

 

 

 

 

185 

 

1,2,4-

trimethylbenzene 

0.00070 5.81 x 10-5 7.66 x 10-5 

1,2,3-

trimethylbenzene 

0.00074 3.07 x 10-5 4.23 x 10-5 

m-diethylbenzene 7.2 x 10-5 1.09 x 10-4 2.13 x 10-6 

p-diethylbenzene 0.00011 2.38 x 10-5 1.26 x 10-5 

bo-ethyltoluene 0.00014 - - 

bm-ethyltoluene 0.00074 - - 

bp-ethyltoluene 2.2 x 10-5 - - 

a1-ethyl-2-

methylbenzene 

- 7.93 x 10-6 3.32 x 10-5 

a1-ethyl-3-

methylbenzene 

- 3.05 x 10-5 2.74 x 10-5 

a1-ethyl-4-

methylbenzene 

- 4.90 x 10-5 1.74 x 10-5 

 

Table AS1.2: Ratio of VOC's with CO obtained from slope of linear regression plot. The data is 

from Essex, MD in 2015 and the two flight campaigns. 
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VOCs r2 with propane r2 with CO r2 with 

isopentane 

Ethene 0.60 0.85 0.72 

Ethane 0.58 0.37 0.55 

Propene 0.61 0.80 0.69 

Propane - 0.53 0.62 

Isobutane 0.70 0.56 0.75 

1-butene 0.12 0.061 0.10 

Butane 0.59 0.43 0.75 

trans-2-butene 0.41 0.32 0.43 

cis-2-butene 0.64 0.60 0.85 

Isopentane 0.63 0.67 - 

1-pentene 0.59 0.62 0.89 

Pentane 0.32 0.40 0.49 

Isoprene 0.035 0.054 0.042 

trans-2-pentene 0.59 0.65 0.89 

cis-2-pentene 0.55 0.61 0.83 

2,2-dimethylbutane 0.54 0.64 0.88 

Cyclopentane 0.43 0.39 0.56 

2,3-dimethylbutane 0.54 0.66 0.84 
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2-methylpentane 0.63 0.72 0.90 

3-methylpentane 0.64 0.70 0.89 

Hexane 0.50 0.56 0.75 

Methylcyclopentane 0.55 0.63 0.81 

2,4-dimethylpentane 0.51 0.62 0.75 

Benzene 0.64 0.80 0.78 

Cyclohexane 0.40 0.53 0.68 

2-methylhexane 0.52 0.62 0.76 

2,3-dimethylpentane 0.48 0.60 0.69 

3-methylhexane 0.58 0.73 0.84 

2,2,4-

trimethylpentane 

0.51 0.74 0.77 

Heptane 0.58 0.72 0.84 

Methylcyclohexane 0.52 0.68 0.82 

2,3,4-

trimethylpentane 

0.55 0.72 0.77 

Toluene 0.58 0.73 0.81 

2-methylheptane 0.54 0.65 0.78 

3-methylheptane 0.56 0.71 0.80 

Octane 0.57 0.65 0.81 
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Ethylbenzene 0.60 0.72 0.80 

Xylene 0.62 0.72 0.80 

Styrene 0.32 0.35 0.40 

Nonane 0.53 0.65 0.77 

Isopropylbenzene 0.45 0.52 0.61 

Propylbenzene 0.51 0.65 0.74 

1,3,5-

trimethylbenzene 

0.48 0.54 0.66 

1,2,4-

trimethylbenzene 

0.61 0.70 0.80 

Decane 0.54 0.63 0.75 

1,2,3-

trimethylbenzene 

0.64 0.61 0.72 

m-diethylbenzene 0.43 0.54 0.58 

p-diethylbenzene 0.54 0.62 0.70 

Undecane 0.47 0.54 0.65 

Ethyne 0.36 0.72  

o-ethyltoluene 0.50 0.63 0.68 

m-ethyltoluene 0.62 0.67 0.77 

p-ethyltoluene 0.03 0.037 0.0053 
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Table AS1.3: Correlations of VOCs with propane, CO, isopentane. Data from Essex, MD at       

nighttime in 2015. 

 

 

 

VOCs r2 with propane r2 with CO r2 with 

isopentane 

Ethene 0.34 0.65 0.17 

Ethane 0.73 0.67 0.10 

Propene 0.22 0.44 0.25 

Propane - 0.51 0.08 

Isobutane 0.84 0.41 0.22 

1-butene 5.18E-05 1.72 x 10-4 0.62 

Butane 0.42 0.28 0.75 

trans-2-butene 6.43E-04 0.021 0.40 

cis-2-butene 0.0059 7.63 x 10-4 0.53 

Isopentane 0.08 0.036 - 

1-pentene 0.0013 0.0054 0.47 

Pentane 0.50 0.64 0.35 

Isoprene 0.0058 0.097 0.43 

trans-2-pentene 0.0035 0.068 0.32 

cis-2-pentene 0.0013 0.094 0.31 

2,2-dimethylbutane 0.0021 0.0051 0.54 
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Cyclopentane 0.061 0.038 0.59 

2,3-dimethylbutane 6.06E-05 0.012 0.88 

2-methylpentane 0.066 0.023 0.97 

3-methylpentane 0.069 0.021 0.92 

1-hexene 0.0016 0.032 0.48 

Hexane 0.52 0.41 0.57 

Methylcyclopentane 0.053 0.10 0.65 

2,4-dimethylpentane 0.0014 0.019 0.80 

Benzene 0.36 0.18 0.32 

Cyclohexane 0.066 4.26 x 10-4 0.53 

2-methylhexane 0.077 0.066 0.73 

2,3-dimethylpentane 0.0050 0.034 0.72 

3-methylhexane 0.026 0.053 0.040 

2,2,4-

trimethylpentane 

0.0069 0.030 0.70 

Heptane 0.38 0.39 0.41 

Methylcyclohexane 0.16 0.11 0.24 

2,3,4-

trimethylpentane 

0.014 0.043 0.49 

Toluene 0.045 0.056 0.39 
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2-methylheptane 9.88E-05 0.015 0.50 

3-methylheptane 0.027 0.0027 0.64 

Octane 0.023 0.029 0.49 

Ethylbenzene 0.051 0.071 0.42 

m, p-xylene 0.10 0.23 0.21 

Styrene 0.020 6.99 x 10-4 0.089 

o-xylene 0.079 0.23 0.26 

Nonane 9.86E-04 0.0091 0.38 

Isopropylbenzene 0.0055 4.94 x 10-4 0.30 

Propylbenzene 5.6E-06 0.0070 0.32 

1-ethyl-3-

methylbenzene 

0.092 0.015 0.23 

1-ethyl-4-

methylbenzene 

0.040 0.021 0.31 

1,3,5-

trimethylbenzene 

0.016 0.0036 0.39 

1-ethyl-2-

methylbenzene 

0.0029 0.0033 0.27 

1,2,4-

trimethylbenzene 

0.068 0.022 0.14 
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Decane 0.035 0.015 0.30 

1,2,3-

trimethylbenzene 

0.0049 0.027 0.066 

m-diethylbenzene 0.080 0.13 0.20 

p-diethylbenzene 0.0019 0.0048 0.11 

Undecane 0.11 0.14 0.027 

Dodecane 0.084 0.12 0.19 

Ethyne 0.034 0.0063 0.021 

 

Table AS1.4: Correlation of VOCs with propane, CO, and isopentane. Data from winter flights 

in 2015. 

 

 

 

 

 

 

 

VOCs r2 with CO r2 with propane r2 with isopentane 

Ethene 0.27 0.45 0.39 

Ethane 0.64 0.86 0.63 

Ethyne 0.80 0.27 0.13 

Propene 0.22 0.42 0.24 

Propane 0.42 - 0.78 

Isobutane 0.31 0.94 0.88 
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1-butene 0.12 0.0028 0.012 

Butane 0.40 0.94 0.86 

trans-2-butene 0.026 0.0022 0.041 

cis-2-butene 0.00014 0.019 0.028 

Isopentane 0.18 0.78 - 

1-pentene 0.017 0.21 0.21 

Pentane 0.28 0.86 0.94 

Isoprene 0.29 0.23 0.17 

trans-2-pentene 0.14 0.0064 2.85e-04 

cis-2-pentene 0.14 0.0015 0.031 

2,2-dimethylbutane 0.41 0.66 0.65 

Cyclopentane 0.012 6E-05 0.017 

2,3-dimethylbutane 0.27 0.45 0.65 

2-methylpentane 0.47 0.54 0.42 

3-methylpentane 0.18 0.73 0.93 

1-hexene 0.021 0.01 0.0042 

Hexane 0.18 0.77 0.86 

Methylcyclopentane 0.40 0.59 0.51 

2,4-dimethylpentane 0.26 0.42 0.29 

Benzene 0.23 0.29 0.12 
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Cyclohexane 0.32 0.74 0.65 

2-methylhexane 0.59 0.69 0.55 

2,3-dimethylpentane 0.19 0.33 0.23 

3-methylhexane 0.54 0.43 0.44 

2,2,4-

trimethylpentane 

0.13 0.069 0.039 

Heptane 0.13 0.70 0.84 

Methylcyclohexane 0.24 0.71 0.73 

2,3,4-

trimethylpentane 

0.014 0.042 0.013 

Toluene 0.0087 0.26 0.34 

2-methylheptane 0.43 0.51 0.38 

3-methylheptane 0.10 0.54 0.23 

Octane 0.37 0.60 0.46 

Ethylbenzene 0.0029 0.12 0.27 

m,p-xylene 0.056 0.11 0.27 

Styrene 0.17 0.034 1.13e-04 

o-xylene 3.90 x 10-6 0.096 0.25 

Nonane 0.083 0.34 0.30 

Isopropylbenzene 0.12 0.058 0.074 
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Propylbenzene 0.027 0.025 0.015 

1-ethyl-3-

methylbenzene 

0.14 0.2 0.24 

1-ethyl-4-

methylbenzene 

0.029 0.072 0.12 

1,3,5-

trimethylbenzene 

0.19 0.31 0.24 

1-ethyl-2-

methylbenzene 

0.068 0.015 0.040 

1,2,4-

trimethylbenzene 

0.070 0.15 0.12 

Decane 0.13 0.43 0.31 

1,2,3-

trimethylbenzene 

0.059 0.35 0.27 

m-diethylbenzene 0.011 0.081 0.095 

p-diethylbenzene 0.039 0.065 0.045 

Undecane 0.18 0.44 0.38 

Dodecane 0.30 0.43 0.34 

   

Table AS1.5: Correlation of VOCs with propane, CO, isopentane. Data from fracking flights in 

2015. 
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Figure AS1.1: Back trajectory originating from Essex, MD on 25th August, 2015. 
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Figure AS1.2 (a-d): Plot of ethane/CO ratio vs. ethane mixing ratio at Essex, MD in a. 2011 

daytime b. 2011 nighttime c. 2015 daytime d. 2015 nighttime. The various colored lines 

represent the emissions from grid cells of varying dimensions -2x2, 3x3, 5x5, 7x7 and ‘flight 

area’. 

 

 

 

 
 

Figure AS1.3: Plot of isopentane vs. pentane during daytime, at Essex, MD in 2015. 
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 Figure AS1.4: Plot of toluene vs. benzene at Essex, MD in 2015. 

 

Grid cell dimension Ethane to total NMOC emissions from inventory 

(%) 

Site cell 0.87 

2 x 2 0.87 

3 x 3 1.01 

5 x 5 1.03 

7 x 7 1.02 

Flight area 0.96 

Table AS1.6: Ethane to total non-methane organic compound emissions ratio, as obtained from 

SMOKE. SMOKE is run using 2011 emissions inventory.  
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Year 

 

Daytime ethane to TNMOC 

ratio at Essex (ppbC/ppbC) 

Nighttime ethane to TNMOC 

ratio at Essex (ppbC/ppbC) 

   

2005 0.070 0.096 

2006 0.066 0.087 

2007 0.084 0.092 

2008 0.089 0.098 

2009 0.10 0.11 

2010 0.078 0.086 

2011 0.098 0.11 

2012 0.12 0.13 

2013 0.14 0.17 

2014 0.13 0.15 

2015 0.13 0.15 

Table AS1.7: Ambient ethane to total NMOC ratio at Essex, MD for daytime and nighttime 

hours from 2011 to 2015. 

 

 

 

 

 

Average of nighttime ratios from 2005 to 2012 = 0.101001016 
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Average of nighttime ratios from 2013 to 2015 = 0.157389532 

Percentage increase in nighttime ratio = 55.8% 

 

Average of daytime ratios from 2005 to 2012 = 0.088697958 

Average of daytime ratios from 2013 to 2015 = 0.135801727 

Percentage increase in daytime ratio = 53.1% 
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Figure AS1.5: Temporal change in ethane content in natural gas delivery system from 2005 to 

2015. Data obtained from Dr. Sheryl Ehrman. 

 

 

 

 

 
 

Figure AS1.6: Diurnal cycle of ethane at Essex, MD in 2015. Plotted using hourly data from 

Essex for the months of June, July and August. 
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