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ABSTRACT 

 

 

 

TRACKING REACTIVE NITROGEN PLUMES AND THEIR EVOLUTION FROM 

SATELLITE OBSERVATIONS 

 

 

 

Satellite remote sensing offers near-continuous global coverage and plays a critical role 

in addressing observational gaps for many atmospheric trace gases. Reactive nitrogen species are 

critical in atmospheric chemistry because they drive tropospheric ozone (O3) formation and 

contribute to the production of secondary aerosols. This dissertation presents novel satellite-

based observations and methodologies for analyzing reactive nitrogen trace gases, specifically 

Peroxyacyl Nitrates (PANs) and ammonia (NH3). We investigate the variability in 

intercontinental air pollution transport of PANs and the chemical evolution of NH3 within smoke 

plumes. We introduce new approaches for using multiple satellite products together to isolate 

enhancements in plumes and extracting information on chemical evolution in the context of 

highly variable background concentrations. We further develop these methods by implementing 

a machine learning–based retrieval framework for trace gas observations of NH3. 

In Chapter 2, we leverage global satellite observations of PANs from the Cross-track 

Infrared Sounder (CrIS) on the Suomi National Polar-orbiting Partnership (S-NPP) satellite to 

evaluate the seasonal and interannual variations of intercontinental transport in the Northern 

Hemisphere between 2016 and 2022. We find that April and July are dominant months for 

transpacific transport of PANs and summer months (June, July and August) are dominant months 

for transatlantic transport. There is significant interannual variability over the study period 

during the months where the intercontinental transport of PANs is largest. We use CrIS PANs 
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combined with NO2 from the Ozone Monitoring Instrument (OMI) to explore changes to the 

intercontinental transport of PANs associated with major decreases in precursor emissions in 

response to COVID-19. CrIS observations indicate statistically meaningful decreases in PANs 

over regions in both the Pacific and the Atlantic Ocean basins compared to Pre-COVID years 

2016-2019; the changes in PANs are smaller than the changes in NO2. May 2020 CrIS 

observations indicate PANs (OMI NO2) declined over the NW Pacific by ~11% (~33%), NE 

Pacific by ~8% (~15%), USA-Atlantic outflow region by ~4% (~4%), and Atlantic by ~11% 

(~11%). The largest change in PANs occurred over the NW Pacific in February 2020, where 

PANs (OMI NO2) decreased ~16% (~42%) compared to Pre-COVID years. We also use a 

chemical transport model to simulate PAN changes in response to the pandemic emissions 

changes and find the model is consistent with the observed changes in PANs. Our observations 

suggest the values of PANs over the ocean basins have not fully rebounded to Pre-COVID 

values which is consistent with the trend in tropospheric column NO2.  

Biomass burning is one of the largest natural sources of gas-phase ammonia (NH3) to the 

atmosphere which has implications for secondary aerosol formation. In Chapter 3, we use 

measurements of NH3 and carbon monoxide (CO) from the Cross-track Infrared Sounder (CrIS) 

aboard the Suomi-National Polar orbiting Partnership (S-NPP) satellite to investigate the 

emissions and evolution of NH3 in smoke plumes. Our analysis focuses on wildfires over the 

western United States during summer 2018, a period that coincides with the Western Wildfire 

Experiment for Cloud Chemistry, Aerosol Absorption, and Nitrogen (WE-CAN) aircraft 

campaign. We present approaches for 1) separating NH3 enhancements from transient biomass 

burning events from persistent agricultural hotspots from satellite platforms, and 2) correcting 

height bias in the standard NH3 retrievals to improve applicability to lofted wildfire smoke. We 
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calculate normalized excess mixing ratios (NEMR) of NH3 with respect to CO within smoke 

plumes to characterize evolution as the fires evolve in time and the plumes are transported 

downwind. The calculated NEMRs are also used to track the temporal evolution of NH3 

enhancements near fire centroids over 25 days of burning and to examine their relationship with 

fire radiative power (FRP). We find higher distributions of NEMRs to be associated with lower 

FRPs, where median NEMRs > 0.10 are always associated with median FRPs < 50 MW. We 

incorporate data from the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation 

(CALIPSO) platform, which enables further interpretation of the height of a smoke plume.  

Chapter 4 presents the first application of a machine learning (ML)-based retrieval 

approach to extend optimal estimation (OE)-based retrievals of NH3 and CO from CrIS in the 

context of wildfire smoke analysis. Using this novel dataset, we examine NH3 enhancements 

relative to CO in smoke plumes during active fire years, demonstrating the method’s ability to 

capture the evolution of NH3 within individual plumes. Comparative analysis during the 2018 

wildfire season shows qualitative agreement between ML- and OE-based retrievals in isolating 

smoke plumes and assessing plume characteristics, including NH3 NEMRs and their decay with 

plume age. Case studies, such as the Pole Creek Fire in Utah, illustrate this alignment across key 

metrics. These findings demonstrate the capability of ML-enhanced CrIS retrievals to assess 

chemical evolution in wildfire smoke, and this ML-based approach offers the potential for 

significantly more data to be processed and used. 
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CHAPTER 1 

INTRODUCTION
1 

1.1 INTRODUCTION TO REACTIVE NITROGEN 

Reactive nitrogen (Nr), defined as all biologically active, chemically reactive, and 

radiatively important nitrogen-containing species excluding N2 and N2O, encompasses trace 

gases such as nitrogen oxides (NOₓ = NO + NO2), ammonia (NH3), and peroxyacyl nitrates 

(PANs; RC(O)OONO2). Nr species enter the atmosphere from direct emissions, and they can 

also be formed secondarily; anthropogenic activities (e.g., fossil fuel combustion, fertilizer 

application) and natural processes (e.g., biomass burning, biological nitrogen fixation) are both 

major sources. Once they are emitted, Nr species can cause a cascade of impacts in the 

atmosphere and throughout the earth system (Canfield et al., 2010; L. Y. Stein & Klotz, 2016). 

Nr sources to the atmosphere are largely dominated by emission of NOx and NH3 (Galloway et 

al., 2004). NOx is rapidly converted to NOy (NOy = NOx + other oxidized Nr) species in the 

atmosphere, such as PANs or HNO3 in less than 1 day (Galloway et al., 2004; Seinfeld, 2016). 

Similarly, NH3 is rapidly converted to NH4
+ and removed from the atmosphere through wet and 

dry deposition, as well as dissolution in precipitation, typically within a few hours to days 

(Fowler et al., 2013; Schlesinger & Hartley, 1992). Nr compounds are central to tropospheric 

ozone (O3) production (D. A. Jaffe & Wigder, 2012) and contribute significantly to secondary 

aerosol formation (P. Lin et al., 2016; Trentmann et al., 2005). Additionally, Nr deposition to 

ecosystems drives eutrophication of aquatic systems and soil acidification (Bouwman et al., 

1997; X. Chen et al., 2014, p. 201; Pan et al., 2024; Prenni et al., 2014). Over recent decades, 

 
1 Adapted from the introductions of the three journal articles presented in Chapters 2-4 of this dissertation. See 

individual chapters for full citations. 
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anthropogenic Nr emissions have increased substantially, leading to elevated atmospheric 

concentrations of many reactive nitrogen species (Erisman et al., 2011; E. Li et al., 2024). 

 

1.1.1 Peroxyacyl Nitrates (PANs) 

PANs are photochemical pollutants that form in tandem with O3 under polluted 

conditions, resulting from the oxidation of non-methane volatile organic compounds (NMVOCs) 

in the presence of nitrogen oxides (NOx = NO + NO2) (Fischer et al., 2014; Gaffney et al., 1986; 

Roberts, 2007; Singh et al., 1986, p. 198; Singh & Hanst, 1981). PANs refer to a chemical family 

that includes propionyl peroxy nitrate (PPN; CH3CH2C(O)OONO2), methacryloyl peroxy nitrate 

(MPAN; CH2C(CH3)C(O)OONO2), among others, in addition to peroxy acetyl nitrate (PAN; 

CH3C(O)O2NO2). PAN is the predominant compound in the PANs family, comprising 75–90% 

of total PANs, followed by PPN (Fischer et al., 2014). As such, most research has focused on 

PAN. PANs are known to negatively affect human and plant health, functioning as both 

respiratory and ocular irritants (Altshuller, 1978; Smith, 1965; Vyskocil et al., 1998). Due to 

their formation via photochemical processes, PANs are frequently used as indicators of 

atmospheric photochemistry (Rappenglück et al., 2003). Their formation and thermal 

decomposition influence O3 levels (Steiner et al., 2010), and PAN concentrations are often 

utilized to assess regional photochemical activity (Sillman & West, 2009) and the success of O3 

control policies (Gaffney et al., 1989). Notably, PANs exhibit a non-linear response to precursor 

emissions, and over broad regions of the atmosphere, they can be more responsive to changes in 

NMVOC emissions than NOₓ emissions (Fischer et al., 2014). 

The lifetime of PANs against thermal decomposition is highly dependent on the NO/NO2 

ratio and air mass temperature. In the warmer lower troposphere, PANs are relatively short-lived, 
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with lifetimes on the order of hours at around 20°C but have lifetimes greater than 1 month at 

cooler temperatures characteristic of the mid troposphere (Honrath et al., 1996). When air masses 

containing PANs move from polluted continental areas into more remote regions, PANs act as 

key reservoirs for NOₓ, enabling the sustained formation of O3 in environments where NOₓ is 

scarce (Fischer et al., 2011, 2014; Mena-Carrasco et al., 2009; Zaveri, 2003). Without the 

influence of PAN chemistry, the global distribution of O3, particularly in remote regions, would 

differ substantially (Jiang et al., 2016). Over the past few decades, urban areas across the globe 

have seen major shifts in NOₓ and VOC emissions due to regulatory and socioeconomic changes 

(Borbon et al., 2013; Georgoulias et al., 2019; Hilboll et al., 2013; Schneider et al., 2015), 

underscoring the importance of long-term monitoring of photochemically active species in these 

regions. Although there have been in situ PAN measurements taken in some urban locations and 

during specific seasons (Gaffney, 1999; Gaffney et al., 1986; G. Lee et al., 2008; J.-B. Lee et al., 

2013; Qiu et al., 2019, 2020, 2021; S. X. Wang et al., 2014; G. Zhang et al., 2015; H. Zhang et 

al., 2014), such observations remain limited with respect to spatiotemporal coverage.  

1.1.2 Ammonia (NH3) 

Ammonia (NH3) plays a critical role in the global nitrogen cycle, influencing air and 

water quality, ecosystem health, and the climate. NH3 combines with sulfates and nitric acid to 

form secondary inorganic aerosols (Behera & Sharma, 2010; Yokelson et al., 2009). These 

aerosols can make up ~50% of the fine particulate matter (PM2.5) mass in many locations 

(Seinfeld, 2016) and this can have both direct and indirect effects on Earth’s radiation budget 

(Myhre et al., 2013; Paulot et al., 2017), human health (Pope et al., 2009), visibility (Hand et al., 

2020), and ecosystem degradation (Benedict et al., 2013; Pan et al., 2021). NH3 is not directly 

regulated in the United States, and over the last decade it has become increasingly scrutinized for 
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its wide-ranging impacts on environmental quality (Shephard & Cady-Pereira, 2015). More than 

80% of NH3 emissions originate from agriculture in the US (T. Butler et al., 2016; Reis et al., 

2009), however biomass burning serves as an important natural source (Kopáček & Posch, 

2011). 

 

 

1.2 SOURCES OF REACTIVE NITROGEN 

1.2.1 Urban and Anthropogenic Sources 

Over the past two decades, anthropogenic emissions of NOx and NMVOCs have varied 

significantly across urbanized regions around the globe (Bauwens et al., 2022; Duncan et al., 

2016b; Lamsal et al., 2013, 2015a; Van Der A et al., 2008; Warneke et al., 2012; B. Zhao et al., 

2013). As urban populations continue to expand and industrial activity intensifies, cities have 

become major sources of trace gases that contribute to regional and global changes in 

atmospheric composition. Emissions from densely populated metropolitan areas play a 

disproportionate role in shaping the global oxidant budget due to both the volume of pollutants 

emitted and the efficiency with which they are exported from the boundary layer into the free 

troposphere (Babatola, 2018; Lawrence et al., 2007; Lelieveld et al., 2015; Pochanart et al., 

2004). These exported pollutants can lead to downwind formation of O3 and particulate matter 

and influence the global distribution of reactive nitrogen, particularly through reservoir species 

such as PANs, which enable long-range transport of NOₓ. Emissions from megacities impact the 

global distribution of reactive nitrogen through PANs (T. M. Butler & Lawrence, 2009; Stock et 

al., 2013), as pollution can be injected into the free troposphere and be transported downwind 

(Lawrence et al., 2007). Understanding the spatiotemporal distribution of PANs over and 
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downwind of major population centers is essential for characterizing the global distribution of 

reactive nitrogen. 

 

1.2.2 Wildfires 

Biomass burning is a significant source of greenhouse gases, trace gases, and particulate 

matter that have global implications for air quality and climate. Wildfires serve as a significant 

source of Nr to the atmosphere and are the dominant natural terrestrial source of NH3 (Bouwman 

et al., 1997; Paulot et al., 2017) and smoke plumes often contain a significant fraction of PANs 

from rapid formation (J. F. Juncosa Calahorrano, Lindaas, et al., 2021a). Nr emissions from 

natural biomass burning originate from the nitrogen content within the fuel itself. Natural fires 

typically do not reach temperatures high enough to produce thermal NOₓ through the reaction of 

atmospheric N2 and O2, so fuel-bound nitrogen is the dominant source (Roberts et al., 2020). The 

amount of reactive nitrogen released therefore varies with fuel type, as different fuel materials 

contain different levels of nitrogen. Fuel moisture and arrangement can also affect the 

combustion characteristics and relative emissions of reactive nitrogen compounds (L.-W. A. 

Chen et al., 2010; Lindaas, Pollack, Garofalo, et al., 2021a; McAllister, 2019). In general, higher 

nitrogen content in biomass leads to greater emissions of reactive nitrogen species upon 

combustion (Burling et al., 2011; Coggon et al., 2016a; Kuhlbusch et al., 1991; Stockwell et al., 

2014). Combustion efficiency is particularly important in determining the variability of NH3 and 

NOx emissions (Roberts et al., 2020), whereas pyrolysis temperature can be an important driver 

of variability in the relative emission of other Nr species (i.e., HCN, HNCO, and HONO). 

Smoldering combustion tends to emit more NH3 and NOx whereas flaming combustion tends to 

emit more NOx and HONO (Burling et al., 2011; Goode et al., 1999; McMeeking et al., 2009; 

Roberts et al., 2010; Yokelson et al., 1996, 1997). Flaming combustion is more associated with 
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higher burning temperatures and greater oxidation of small N-compounds and smoldering 

combustion is generally more associated with lower burning temperatures and less oxidation. 

However, the relationship between combustion efficiency and NH3 emissions can be highly non-

linear (Tomsche et al., 2023).  

Biomass burning is the primary natural terrestrial source of atmospheric NH3 (Bouwman 

et al., 1997; Paulot et al., 2017). Wildfire potential and risk is expected to rise on the global 

scale, particularly in regions already prone to wildfires (Liu et al., 2010), which will likely drive 

an increase in NH3 emissions (Bray et al., 2018, 2021). A significant portion of the reactive 

nitrogen released in wildfire smoke is in the form of NH3, it is the third most abundant reactive 

nitrogen compound emitted in smoke (Lindaas, Pollack, Calahorrano, et al., 2021a; Roberts et 

al., 2020). As smoke plumes move downwind, the deposited NH3 serves as a major source of 

reactive nitrogen to ecosystems that are sensitive to nitrogen inputs (Benedict et al., 2013, 2017; 

X. Chen et al., 2014; Karlsson et al., 2013; Pan et al., 2021; Prenni et al., 2014). 

Over recent decades, advances in satellite remote sensing, atmospheric modeling, and in 

situ measurement techniques have greatly enhanced our understanding of wildfire emissions and 

their complex impacts. Human-driven changes in land use, combined with a warming climate, 

have contributed to an increase in the frequency, intensity, and duration of large wildfires, and 

subsequently their emissions (Bray et al., 2018). These fires not only degrade local air quality, 

but these smoke plumes can be transported across vast distances, impacting neighboring 

continents and global atmospheric composition (Baars et al., 2011; Xian et al., 2013). Smoke 

plumes from Canadian wildfires have been observed to influence the air quality in Europe 

(Ansmann et al., 2018; Forster et al., 2001a; Q. Zhang et al., 2025) and similarly plumes from 
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Siberia have been observed to influence the abundances of trace species over North America 

(Fischer et al., 2011; D. Jaffe, 2004; Jiang et al., 2016; Johnson et al., 2021).  

Biomass burning emissions have historically been challenging to characterize due to the 

episodic and sporadic nature of fires. Ground-based monitoring networks often lack the spatial 

and temporal coverage needed to capture these dynamic events, and aircraft campaigns provide a 

valuable snapshot at specific spaces and times. Satellite observations have contributed to wildfire 

research by providing near-continuous, large-scale views of smoke distribution and composition. 

The work presented in this dissertation leverages novel satellite data and analysis techniques to 

observe both the enhancement of species associated with the long-range transport of smoke 

plumes and the chemical evolution of reactive trace gases within individual plumes. This 

dissertation focuses on satellite observations of two reactive nitrogen species: NH3 and PANs.    
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1.3 POLLUTION TRANSPORT 

The intercontinental transport of air pollution has long been a subject of scientific interest 

due to its significant impacts on regional air quality, background atmospheric composition, and 

the global distribution of climate and health-relevant pollutants. Emissions from industrial 

activity, transportation, agriculture, and biomass burning can be lofted into the free troposphere 

and transported thousands of kilometers downwind, often far from the source region. In the 

Northern Hemisphere, long-lived reactive nitrogen species such as PAN play a critical role in 

this transport, contributing to the redistribution of O3 and reactive nitrogen across continents. For 

example, emissions from East Asia and North America have been shown to influence O3 levels 

across the Pacific and Atlantic, respectively, with increases in tropospheric O3 over East Asia 

since 2005 contributing to elevated O3 levels in western North America (Creilson et al., 2003; 

Fischer et al., 2010, 2011; Koike, 2003; Y. Lee et al., 2021; Q. Li et al., 2002; Walker et al., 

2010; Wolfe et al., 2007). As global development drives increases in anthropogenic activity and 

changes in emissions, quantifying and understanding the mechanisms and impacts of pollution 

transport downwind of pollution source regions becomes increasingly critical for both air quality 

management and climate mitigation efforts. 

 

1.4 SATELLITE OBSERVATIONS 

1.4.1 Observations of PANs 

PANs are not typically included in routinely measured ground-based air quality networks 

so there is no long-term record of in situ observations of PANs in most urban locations (LA is an 

exception; e.g. Pollack et al., 2013), though a few records from mountain tops and remote areas 

exist (Fiore et al., 2018; Fischer et al., 2010, 2011; Val Martin et al., 2008). Measurements of 
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PANs have been included in numerous field campaigns, both ground-based and aircraft, 

providing a snapshot of PANs at specific times and locations (Lindaas et al., 2019), however, 

these snapshots are inadequate for diagnosing any large-scale or long-term variability in PANs. 

PANs have absorption features in the thermal infrared that can be readily measured from space-

based spectrometers. Satellite observations of PANs are relatively novel and include nadir-

viewing observations from the Tropospheric Emission Spectrometer (TES) (Payne et al., 2014) 

and from meteorological sounders like the Infrared Atmospheric Sounding Interferometer (IASI) 

(Franco et al., 2018) and the Cross-track Infrared Sounder (CrIS) (Payne et al., 2022). Early 

space-based studies leveraged observations from TES to capture plumes associated with boreal 

fire plumes crossing the Pacific (Fischer et al., 2018; Zhu et al., 2015a, 2017). There have been a 

few space-based studies assessing the distribution of PANs over the Eastern Pacific (Fischer et 

al., 2018; Zhu et al., 2015a, 2017), crossing the Pacific (Jiang et al., 2016; Zhai et al., 2024), and 

over East Asia (Stavrakou et al., 2021), though none from a global perspective. Other space-

based studies of PANs focus on enhancements associated with fires (Alvarado et al., 2011; 

Clarisse et al., 2011; J. F. Juncosa Calahorrano, Payne, et al., 2021) and around megacities (M. J. 

Shogrin et al., 2023, 2024). Chapter 2 builds on this body of work by proving the first global-

scale observations of PANs and quantifying the variability in PANs crossing both the North 

Pacific and North Atlantic Oceans.  

The newest observations of PANs measure all PANs species collectively. Members of the 

PANs family serve similar functions with respect to atmospheric chemistry. The CrIS 

observations of PANs utilize the spectral feature centered around 790 cm-1 (12.7 micrometers). 

This spectral feature appears in the infrared spectra for all PAN species at essentially the same 

frequency, so the CrIS measurements report all PANs (i.e., this includes PPN; 
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CH3CH2C(O)OONO2, MPAN; CH2C(CH3)C(O)OONO2, etc.) in addition to PAN; 

CH3C(O)O2NO2. In contrast, the TES observations of PAN use the spectral feature centered 

around 1150 cm-1 (8.7 µm), which occurs in the infrared spectra for just PAN. The CrIS PANs 

product used in this dissertation utilizes an optimal estimation approach to retrieve profiles of 

volume mixing ratio (VMR), which are then used to calculate free-tropospheric averages. This 

product will be further described in the methods of Chapter 2. 

 

1.4.2 Satellite Observations of NH3 

NH3 is notoriously difficult to measure in situ because it is a very “sticky” molecule that 

has the ability to readily absorb/desorb from inlet and sampling surfaces (Roscioli et al., 2015), 

making routine fast measurements difficult. Existing ground-based passive sampling networks 

provide weekly and bi-weekly averages of NH3 deposition (Puchalski et al., 2016). NH3 

concentrations have a large spatiotemporal variability due to their relatively short lifetime 

(~hours to 2 days) (Dammers et al., 2019), posing challenges to these averages and these 

networks are primarily located in North America, Europe, and China (Van Damme et al., 2015), 

leaving much of the world under sampled.  

Satellite observations of NH3 bridge the gap left by in situ networks by providing nearly 

continuous measurements across the entire globe. Similarly to PANs, NH3 has absorption 

features in the thermal infrared that can be readily measured from space-based spectrometers. 

The network of satellites producing observations of tropospheric NH3 has grown in the last 

decade with nadir-viewing satellite instruments, such as the Tropospheric Emissions 

Spectrometer (TES) aboard NASA-Aura (Cady-Pereira et al., 2017; Shephard et al., 2011), the 

Infrared Atmospheric Sounding Interferometer (IASI) instrument aboard the European Space 
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Agency's MetOp satellite (Clarisse et al., 2023; Luo et al., 2022), and more recently from the 

CrIS instrument (Shephard and Cady-Periera, 2015). These nadir observations have been used to 

quantify NH3 emissions from agricultural practices (Ding et al., 2024), analyze enhancements 

associated with urban activities (Cady-Pereira et al., 2017; Cao et al., 2022), and examine NH3 

enhancements from wildfires (Adams et al., 2019; Q. Chen et al., 2025). Chapters 2 and 3 build 

on this body of wildfire-focused research by examining the chemical evolution of NH3 relative to 

CO within wildfire smoke plumes, leveraging densely sampled data that now allow for analysis 

at the footprint scale, something that was previously limited by coarse observational resolution. 

This dissertation focuses on NH3 measurements from the CrIS instrument aboard the 

Suomi-National Polar orbiting Partnership (S-NPP) satellite. The CrIS NH3 retrieval utilizes the 

650-1095 cm-1 (9.14-15.38 µm) range, as the main NH3 infrared absorbing spectral region is 

between 960-970 cm-1 (Shephard & Cady-Pereira, 2015). CrIS offers enhancements in space-

based observations of NH3 compared to TES and IASI. The across-track scanning swath of the 

CrIS instrument provides greater spatial coverage compared to TES, and CrIS has ~4 times less 

spectral noise in the NH3 spectral region, enabling CrIS to detect smaller NH3 concentrations 

compared to IASI (Shephard & Cady-Pereira, 2015; Zavyalov et al., 2013). This product will be 

further discussed in the methods section of Chapters 2 and 3.  

 

1.6 OVERVIEW OF DISSERTATION CHAPTERS AND GOALS 

This dissertation advances our understanding of Nr species in the atmosphere relevant to 

pollution transport and chemical evolution in smoke. We aim to gain insight into the key drivers 

of interannual variability of a reservoir species crossing Northern Hemisphere Ocean basins 

through first-of-its-kind satellite observations. This dissertation also outlines novel methods for 

analyzing the chemical evolution of a species with variable background concentrations using 
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satellite observations, and these methods can be applied to a wide range of chemical species. I 

also present results formal hybrid satellite retrieval approach that proves promising for the future 

of satellite data processing.  

Chapter 2 is adapted from a manuscript published in the Journal of Geophysical 

Research: Atmospheres (M. Shogrin et al., 2026). In Chapter 2, I quantify the variability in 

PANs being transported across Northern Hemisphere Ocean basins using new satellite 

observations. Chapter 2 asks (1) what are the global spatiotemporal patterns of PANs, 

particularly over the ocean basins and (2) how did COVID-related changes to anthropogenic 

emissions and extreme fire seasons manifest in PANs over the Northern Hemisphere Ocean 

basins? This work builds on an arsenal of previous in situ and modeling studies looking at the 

transpacific transport of PAN (e.g., Bey et al., 2001; Cooper et al., 2004; Heald et al., 2003; 

Hudman et al., 2004; Kaneyasu et al., 2000; Kotchenruther et al., 2001; Ridley et al., 1990; 

Walker et al., 2010), adding the first global-scale observations of this species. This work 

represents a unique contribution to the existing literature on intercontinental PAN transport by 

providing the first multi-year, multi-season analysis across both the North Atlantic and North 

Pacific Oceans. My findings demonstrate the importance of anthropogenic and wildfire 

emissions in modulating the variability of transported PANs.  

Chapter 3 is adapted from a manuscript currently under preparation for submission to 

Journal of Geophysical Research: Atmospheres. In Chapter 3, I use CrIS observations to 

quantify the evolution of NH3 in wildfire smoke plumes and I outline methods to separate 

persistent surface-based emissions from transient plumes. Chapter 3 aims to use CrIS 

observations to (1) identify individual wildfire smoke plumes, (2) isolate smoke from persistent 

emissions sources, and (3) quantify the evolution of NH3 in smoke plumes. This analysis builds 
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on previous work using CrIS to analyze the chemical evolution of PANs in wildfire smoke 

(Juncosa Calahorrano et al., 2021). We extend the capabilities of the satellite instrument by 

applying a similar analysis to a more chemically complex species. To our knowledge, the 

chemical evolution of NH3 in wildfire smoke plumes has not previously been examined using 

satellite observations. Additionally, this work attempts to explain and correct a height bias in the 

NH3 CrIS retrievals in wildfire smoke. My findings demonstrate the capability of the CrIS 

instrument in capturing the chemical evolution of a chemically complex species within a wildfire 

smoke plume and demonstrate our ability to correct biases of an important species in wildfire 

smoke plumes.  

 Chapter 4 is adapted from a manuscript in preparation for submission to the Journal of 

Geophysical Research: Atmospheres. In Chapter 4, I present the first application of machine 

learning-based retrievals of NH3 and CO in wildfire smoke plumes by building on the methods 

outlined in Chapter 3. My primary goal in this chapter is to answer the question, (1) what is the 

potential for machine learning-based satellite retrievals to expand the scope of NH3 analysis 

across fire seasons? My findings indicate an excellent agreement between the more traditional 

optimal estimation retrieval method and the machine learning approach offering a promising 

future for the application of machine learning based satellite retrievals for applications to 

wildfire smoke plumes.  

Chapter 5 summarizes my findings from each of the previous chapters and emphasizes 

high-level takeaways from each study. This chapter also outlines a few possible avenues for 

future research expanding on the analyses presented in this dissertation.  

 Chapter 2, with Appendix A as supplementary information is currently published: 
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 Shogrin, M., Payne, V. H., Kulawik, S. S., Miyazaki, K., & Fischer, E. V. (2026). 

Transport of Peroxyacyl Nitrates (PANs) across Northern Hemisphere Ocean basins from 

satellite observations. Journal of Geophysical Research: Atmospheres, 131, 

e2025JD044872. https://doi.org/10.1029/2025JD044872 

 

 Chapter 3, with Appendix B as supplementary information is in preparation for 

submission as:  

 Shogrin, Madison, Payne, V., Kulawik, S., Iacono, M., Corwin, K., Juncosa Calahorrano, 

J., Pollack, I., Lindaas, J., Campos, T., Flocke, F., Fischer, E., (2025). Evolution of Ammonia 

(NH3) in wildfire smoke plumes during the summer of 2018 from space. In preparation for 

submission to Earth’s Future 

 

 Chapter 4, with Appendix C as supplementary information is in preparation for 

submission as:  

 Shogrin, Madison, Payne, V., Werner, F., Kulawik, S., Fischer, E., (2025). Evolution of 

Ammonia (NH3) in wildfire smoke plumes from space: insights from a novel machine learning 

retrieval approach. In preparation for submission to JGR: Atmospheres 

 

 Chapter 5 summarizes this work with overarching conclusions and looks ahead to some 

future avenues for this research.  

 

https://doi.org/10.1029/2025JD044872
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CHAPTER 2 

TRANSPORT OF PEROXYACYL NITRATES (PANS) ACROSS NORTHEN HEMISPHERE OCEAN BASINS 

FROM SATELLITE OBSERVATIONS
2 

2.1 INTRODUCTION 

PANs provide a thermally-unstable reservoir for nitrogen oxide radicals that allows NOx 

radicals to be transported downwind and impact photochemical oxidation processes far from 

emission sources (Fischer et al., 2014; Gaffney, 1999; Gaffney et al., 1989; Singh & Hanst, 

1981; Singh & Salas, 1983). PANs are formed through the photochemical oxidation of 

NMCOVs in the presence of NOx. Thermally unstable in the lower troposphere (lifetimes on the 

order of 1 hour at 20°C), PANs have lifetimes on the order of 1 month at lower temperatures 

characteristic of the mid-troposphere (Honrath et al., 1996). PANs formed over a polluted 

continent can be lofted to the free troposphere and can be transported across ocean basins (Bey et 

al., 2001; M. Lin et al., 2012; Wolfe et al., 2007). PANs species can result in the formation of O3 

downwind, and knowledge of the spatiotemporal distribution of PANs is vital for understanding 

the global distribution of tropospheric O3.  

The transport of PANs provides a second pathway, in addition to the direct transport of 

O3 itself (M. Lin et al., 2012; L. Zhang et al., 2008), for Asian emissions to influence O3 levels in 

North America via transport across the Pacific (Cooper & Parrish, 2004; Fischer et al., 2010; D. 

Jaffe, 2004, p. 200; Walker et al., 2010; Wolfe et al., 2007; Zhai et al., 2024). Rapid economic 

development in East Asia at the beginning of the 2000s resulted in a large growth of NOx and 

NMVOC emissions (Hu et al., 2022; Huang et al., 2013; Zheng et al., 2018), and while 

 
2Adapted from Shogrin, M., Payne, V. H., Kulawik, S. S., Miyazaki, K., & Fischer, E. V. (2026). Transport of 

Peroxyacyl Nitrates (PANs) across Northern Hemisphere Ocean basins from satellite observations. Journal of 

Geophysical Research: Atmospheres, 131, e2025JD044872. https://doi.org/10.1029/2025JD044872 

https://doi.org/10.1029/2025JD044872
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anthropogenic emissions have leveled off in recent years (Itahashi et al., 2022), pollutants 

emitted from this region have some of the largest global impacts on oxidant distributions due to 

efficient mechanisms of export and the sheer magnitude of emissions (Babatola, 2018; Bouarar 

et al., 2017; Lawrence et al., 2007; Lelieveld et al., 2015; Pochanart et al., 2004). PANs 

dominate the reactive nitrogen (NOy) (NOy = NOx + HNO3 + PANs + HNO4 + N2O5) budget in 

the Asian pollution outflow to the free troposphere (Cooper & Parrish, 2004; Koike, 2003). East 

Asian emissions have produced observable episodes of elevated PANs over the west Pacific 

(Koike, 2003), eastern Pacific (Zhu et al., 2017) and west coast of North America (Fischer et al., 

2010, 2011; Walker et al., 2010; Wolfe et al., 2007). The decomposition of PANs along the 

western coast of North America has been attributed to increased O3 levels over the continent 

(Fischer et al., 2010, 2011; Walker et al., 2010). However, the contribution of Asian pollution to 

regional surface O₃ levels in North America is still uncertain, as chemical transport models 

struggle to resolve this transport due to numerical plume dissipation (Rastigejev et al., 2010), and 

in-situ campaigns offer only limited snapshots in time and space. Recent work demonstrates that 

satellite observations of PAN provide insight into the impact of transported PAN on O3 levels 

over North America (Zhai et al., 2024). 

Anthropogenic emissions from North America have similarly been attributed to increases 

in surface O3 over Europe (Auvray & Bey, 2005; Creilson et al., 2003; Guerova et al., 2006; 

Huntrieser et al., 2005; Q. Li et al., 2002). However, unlike the Pacific Ocean basin, transport of 

PANs across the North Atlantic Ocean has received less attention. Exceptions include the 

Atmospheric Tomography (ATom) campaign (Payne et al., 2022; Thompson et al., 2022). and 

the Convective Transport of Trace Gases into the Middle and Upper Troposphere over Europe 

(CONTRACE) field experiment (Huntrieser et al., 2005). North American emissions of NOx 
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have leveled off and began to decrease over the last decades (Duncan et al., 2016a; Jiang et al., 

2022; Lamsal et al., 2015b). PANs are an important source of NOx for the North Atlantic marine 

boundary layer (Fischer et al., 2014) and PANs account for a considerable share of the total NOy 

in the Atlantic upper troposphere (Talbot et al., 1999).  

Several key factors influence the variability of observed PANs crossing Northern 

Hemisphere (NH) ocean basins, including variability in anthropogenic NOx emissions, biomass 

burning, synoptic-scale atmospheric flow patterns, and temperature. Variability in biomass 

burning over boreal forests in Northern Eurasia and North America contributes to the variability 

in PANs crossing NH ocean basins (Zhu et al., 2015b). Spring and summer fires in Northern 

Eurasia contribute to elevated PAN over the western USA (Fischer et al., 2010), and Canadian 

wildfires transport pollutants across the Atlantic into Europe (Forster et al., 2001b; Vaughan et 

al., 2018). The efficiency of intercontinental transport is modulated by large-scale atmospheric 

teleconnection patterns, like the Pacific-North American Pattern (PNA) and the North Atlantic 

Oscillation (NAO). These modes of variability are defined by anomalies in sea-level pressure 

that influence the strength of air moving between continents. The positive phases are 

characterized by enhanced westerly flow that can enhance the intercontinental transport of 

pollutants (Creilson et al., 2003; Lang et al., 2008). Thermal decomposition is the primary sink 

for PANs, so the lifetime of PANs is strongly linked to air mass temperature. Colder 

temperatures can extend the lifetime of PANs and enable transport over further distances. 

Conversely, warmer temperatures accelerate thermal degradation, reducing the potential for 

large-scale transport.  

Variability in the concentrations of PANs is also a function of spatiotemporal trends in 

precursor emissions (Fischer et al., 2014). While emissions trends have been variable over both 
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the Eurasian and North American continents in the recent decades, the abrupt halt of commercial 

activities during the early stages of the COVID-19 pandemic in 2020 reduced global and regional 

NOx, carbon dioxide (CO2), and other trace gases associated with urban activity (Bauwens et al., 

2020; Miyazaki, Bowman, Sekiya, Jiang, et al., 2020; Odekanle et al., 2022; Venter et al., 2020). 

Emissions reductions had variable impacts on secondary species, like PANs and O3, whose 

response was more complex (Stavrakou et al., 2021). Shogrin et al. (2024) examines the response 

of PANs to these reductions over a subset of megacities; here we expand that analysis by 

exploring changes in the intercontinental transport patterns of PANs during this period. 

Numerous in-situ ground-based and aircraft campaigns have focused on tracking reactive 

nitrogen species crossing the ocean basins, but satellite observations offer the opportunity to 

provide a fuller picture of the intercontinental pollution transport. PANs have absorption features 

in the thermal infrared that can be measured from satellite-based spectrometers. Space-based 

observations of PAN are relatively new and include nadir-viewing observations from the 

Tropospheric Emission Spectrometer (TES) (Payne et al., 2014) and from meteorological 

sounders like the Infrared Atmospheric Sounding Interferometer (IASI) (Franco et al., 2018) and 

CrIS (Payne et al., 2022). Early space-based studies leveraged observations from TES to capture 

plumes associated with boreal fire plumes crossing the Pacific (Fischer et al., 2018; Zhu et al., 

2015b, 2017). There have been a few space-based studies assessing the distribution of PANs 

over the Eastern Pacific (Fischer et al., 2018; Payne et al., 2017; Zhu et al., 2015b), crossing the 

Pacific (Jiang et al., 2016; Zhai et al., 2024), and over East Asia (Stavrakou et al., 2021), though 

none from a global perspective. Other space-based studies of PANs focus on enhancements 

associated with fires (Alvarado et al., 2011; Clarisse et al., 2011; J. F. Juncosa Calahorrano, 

Payne, et al., 2021) and around megacities (M. J. Shogrin et al., 2023, 2024). Here we leverage 
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novel global CrIS observations of PANs between 2016-2022 to present the seasonality, global 

distribution, and interannual variability of the species in the context of variations in 

anthropogenic NOx emissions, biomass burning, teleconnection patterns, and temperature. 

2.2 METHODS 

2.2.2 CrIS Observations  

We use observations of free tropospheric PANs and from the CrIS instrument, a nadir 

viewing Fourier transform spectroradiometer currently flying on the S-NPP satellite. S-NPP flies 

in a sun-synchronous orbit with a mean local daytime overpass time of 13:30. The CrIS 

instrument measures radiances in three spectral bands: 660–1095 cm−1 (long-wave), 1210–1750 

cm−1 (mid-wave) and 2155–2550 cm−1 (shortwave). The full-spectral-resolution radiances are 

supplied on a 0.625 cm−1 spectral grid. CrIS instruments are also currently flying on the JPSS-1 

and JPSS-2 satellite platforms.  

The CrIS PANs dataset used here was produced under the NASA Tropospheric Ozone 

and Precursors from Earth System Sounding (TROPESS) project (K. W. Bowman, 2023). The 

dataset consists of single footprint retrievals that used the NASA CrIS full spectral resolution 

(FSR) v2 L1B dataset (Revercomb & Strow, 2018). More detailed information on the CrIS PANs 

retrieval algorithm and S-NPP-CrIS validation against aircraft observations can be found in 

Payne et al., (2022). The CrIS PANs product validation efforts suggest a single sounding 

uncertainty of ~0.08 ppbv that reduces with averaging to an approximate lower limit of 0.05 

ppbv, demonstrating the ability of CrIS to capture variation in the “background” PANs over 

remote regions, notably over the ocean (Payne et al., 2022). The sensitivity of the retrievals 

peaks in the free troposphere (~680 hPa) and decreases near the surface. This analysis uses the 

column average PANs volume mixing ratio (VMR) between 825 and 215 hPa. CrIS retrievals of 
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PANs have roughly 1 degree of freedom for signal (DOF), so this product does not include 

information about the vertical distribution of PANs in the atmosphere. Thus, throughout the 

paper, given the focus on intercontinental transport over the Pacific and Atlantic Oceans, we 

refer to PANs in the free troposphere or column. The spectral feature utilized for CrIS PANs 

retrieval is centered at 790 cm-1, which is an infrared feature that appears in the spectra of all 

PANs at essentially the same frequency. CrIS measurements therefore include all PANs species 

in addition to PAN, though PAN is typically the most dominant species (Roberts, 2007). While 

the CrIS retrieval captures total PANs (including PAN, PPN, MPAN, etc), we expect that the 

majority of PANs will be in the form of PAN based on observational constraints. Over the 

Pacific in spring and in urban influenced areas, available in situ observations indicate that PPN is 

the next most abundant PAN, but the ratio between PPN and PAN is typically 0.1 - 0.15 (Roberts 

et al., 2004; G. Zhang et al., 2015). PANs in the Atlantic outflow during summer are likely 

influenced by isoprene chemistry, and thus the PANs measurements during this time represent a 

mixture of PAN, PPN and MPAN. Prior in situ observations in this region indicate that MPAN 

can be ~25% of PAN abundances (Roberts et al., 2007). 

We use a subsampled batch of S-NPP CrIS PANs observations between January 2016 

and December 2022, yielding between 3000-4000 observations per day globally (K. W. 

Bowman, 2023). Data are missing over all locations between April and August 2019. In late 

March 2019, there was a failure of the Side 1 electronics for the midwave spectral band of 

SNPP-CrIS and TROPESS processing was halted at this time. A switch was made over to the 

Side 2 electronics at the end of June 2019. TROPESS processing was resumed in August 2019. 

Our analysis focuses on the spatiotemporal variability of CrIS PANs globally and in four 
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Northern Hemisphere Ocean regions to analyze changes in intercontinental transport in response 

to changes in precursor species.  

 

2.2.3 Satellite Observations of Tropospheric NO2 

We use Level 3 (L3) tropospheric NO2 column measurements from the NASA Aura 

Ozone Monitoring Instrument (OMI) and the European Space Agency’s TROPOspheric 

Monitoring instrument (TROPOMI) aboard Sentinel-5P satellite across 2016-2022 to 

contextualize PANs observations amid emissions reductions in 2020. OMI NO2 is primarily used 

to identify months with anomalously low tropospheric NO₂ columns associated with the COVID-

19 pandemic (2020), relative to the pre-COVID period (2016–2019). We use the Quality 

Assurance for Essential Climate Variables (QA4ECV) L3 OMI NO2 product described in 

Boersma et al. (2018). TROPOMI NO2 tropospheric column data is primarily used to examine 

post-COVID values in relation to the 2020 anomalies. We use the TM5-MP-DOMINO 

operational version of the monthly mean L3 data from January 2019 and December 2022. The 

TROPOMI NO2 OMI NO2 retrievals apply similar approaches within the QA4ECV 

project (Boersma et al., 2018; Van Geffen et al., 2022), giving consistent reprocessing for NO2 

among instruments (van Geffen et al., 2022). However, it would not be expected that the values 

would be the same given differences in instrumentation, orbit altitude, and retrieval algorithm 

inputs (van Geffen et al., 2022). Both OMI and TROPOMI NO2 tropospheric column data are 

provided on a global 0.125° x 0.125° grid and can be found on the TEMIS database. 

 

2.2.4 Model Sensitivity Studies 

To quantify the relative contributions of different NOₓ sources to the interannual 

variability of PANs observed by CrIS, we conducted sensitivity simulations using the state-of-
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the-art global chemical transport model MIROC-CHASER (Chemical Atmospheric General 

Circulation Model for Interdisciplinary Research on Climate for Study of Atmospheric 

Environment and Radiative forcing) (Sekiya et al., 2018; Sudo et al., 2002; Watanabe et al., 

2011). The model simulates detailed chemical and physical processes in both the troposphere and 

stratosphere, encompassing 92 chemical species and 262 reactions, with a horizontal resolution 

of 1.125°. We employ this model to isolate NOx changes only.    

As input for the simulations, we used NOₓ emissions constrained by satellite-based NO₂ 

retrievals from OMI, provided by the Tropospheric Chemistry Reanalysis version 2 (TCR-2; 

Miyazaki, Bowman, Sekiya, Eskes, et al., 2020). We compared simulations using 2020 

emissions with those using business-as-usual (BAU) emissions, which were constructed for 2020 

based on 2015–2019 emission trends (Miyazaki et al., 2021), to estimate the response of PANs to 

the NOₓ emission reductions associated with the COVID-19 lockdowns. Reasonable agreement 

between simulated PAN and observed PAN from aircraft and TES satellite observations are 

shown in Miyazaki, Bowman, Sekiya, Eskes, et al. (2020). 
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2.3 RESULTS AND DISCUSSION 

2.3.1 Global Distribution of PANs 

 
Figure 2.1: CrIS observations of seasonal mean free tropospheric PANs from January 2016 - 

December 2022 separated by season. Data has been gridded into 2.5° x 2.5° boxes. Colored 

boxes denote spatial extents of ocean basin boxes. 

 

The seasonal maximum in the northern hemisphere (NH) free tropospheric PANs 

observed by CrIS is NH spring (March through May) and summer (June through August; Figure 

2.1). A springtime maximum has been observed at high altitude mountain top observatories 

(Fiore et al., 2018) and at remote FTIR stations (Mahieu et al., 2021). The springtime maximum 

previously observed at the surface in the NH has been attributed to photochemical activity and 

longer lifetime of PANs against thermal decomposition (Brice et al., 1988; Fischer et al., 2014; 

Penkett & Brice, 1986). Model simulations suggest this consistent springtime maximum in the 

lower atmosphere (< 6 km) is largely a feature of remote regions (Fischer et al., 2014), but 

models fail to capture its magnitude (Mahieu et al., 2021).  Seasonal peaks in spring, summer or 
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fall have been observed over urban areas (J.-B. Lee et al., 2013; M. J. Shogrin et al., 2024). 

Elevated free tropospheric PANs, such as observed by CrIS, are primarily attributable to air 

masses transported from the polluted boundary layer rather than the formation of PANs in the 

free troposphere (Pandey Deolal et al., 2013).   

CrIS measurements indicate elevated PANs over the Arctic during spring and summer 

months. This pattern has been historically attributed to the transport of pollution from the 

midlatitudes  (Moxim et al., 1996). Additionally, fires in northern latitudes further contribute to 

elevated concentrations of PANs over the northern polar region (Fischer et al., 2014, 2018).  

NH free tropospheric PANs continue to stay elevated through the summer months and 

reach a seasonal peak over many regions (Figure 2.1; JJA panel). Photochemical activity stays 

high following the spring, but warmer summer temperatures lead to more thermal decomposition 

of PANs (Brice et al., 1988). Northern hemisphere wildfire activity enhances concentrations of 

PANs through the summer (Fischer et al., 2018). It is likely that PANs are higher aloft (e.g., 

Figures 2 and 3 in Fischer et al. (2014)) as temperature in the free troposphere stays cool despite 

warmer lower tropospheric temperatures in the summer months. As described in Section 2.2, our 

observations receive most of their signal from the free troposphere. Lightning and convection 

also support higher production of PANs aloft in summer months (Hudman et al., 2007).  

The Southern Hemisphere (SH) also exhibits a seasonal peak in PAN concentrations 

during the austral spring months (September through November). Evidence of transcontinental 

transport from Africa to Australia and from South America to Africa is observed in CrIS data 

(Figure 2.1c; SON panel). Previous studies attribute the observed springtime PAN maximum 

between 0-35°S to seasonal biomass burning over central Africa, convective transport of polluted 

boundary layer air to the upper troposphere, and lightning (Moore & Remedios, 2010; Moxim & 
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Levy, 2000). Where data is available, urban centers in the SH typically experience a seasonal 

peak in the austral spring months (Shogrin et al., 2024). PANs remain elevated over many NH 

urban areas through the autumn months (Figure 2.1c; SON) and some areas experience a 

secondary seasonal maximum at this time (J.-B. Lee et al., 2013; M. J. Shogrin et al., 2024). 

The SH background PANs continue to be elevated during the austral summer months 

(December-February), though to a lesser degree than the elevated summertime levels of the NH. 

Elevated PANs over central Africa are aligned in time and location with  seasonal burning 

(Duncan et al., 2003). Elevated wintertime PANs are observed over northern hemisphere urban 

regions (Figure 2.1d; DJF).  

 

2.3.2 Seasonal Variability of PANs over Northen Hemisphere Ocean Basins  

 

We focus our remaining analysis on four sectors (boxes in Figure 2.1) across the 

Northern Hemisphere Ocean basins. These locations were selected to represent areas impacted 

by the import and export of PANs between the Eurasian and North American continents. Small 

shifts in the positions of these boxes do not impact our conclusions. The Northwestern Pacific 

box (NW Pacific) is located just east of Japan to capture the PANs exported from the Eurasian 

continent and into the Pacific. The Northeastern Pacific box (NE Pacific) aims to represent 

pollutant plumes that cross the Pacific and could enter North America. The boxes over the 

Pacific basin were informed by Zhai et al. (2024). The box located off the coast of North 

America (USA-Atlantic outflow) aims to capture PANs outflowing from North America. The 

final box is located across the Atlantic basin (Atlantic) and aims to capture PANs entering 

Europe. 
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Figure 2.2: Monthly mean distribution of gridded CrIS tropospheric mean PANs in the regional 

boxes shown in Figure 2.1. The extent of the boxes represents the 25th and 75th percentile, the 

median is shown by the line in the center, and the extents of the whiskers represent the 5th and 

95th percentile. Outliers in data are not shown. 
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Figure 2.2 displays the distribution of PANs over each ocean basin box considered. The 

NH spring and summer months are the seasonal maxima for PANs over the Pacific (Fig 2.2a and 

2.2b), displaying the importance of this time for transpacific transport of PANs. In the NW 

Pacific free troposphere, the seasonal maximum occurs in April or May (Figure 2.2a), with PAN 

levels remaining elevated (> 0.2 ppbv) through August. This region serves as a key pathway for 

pollutant outflow from East Asia, and there is an extensive literature base on this topic (Fischer 

et al., 2010, 2011; Hudman et al., 2004; Kotchenruther et al., 2001; Ridley et al., 1990; Roberts 

et al., 2004; Wolfe et al., 2007; Zhai et al., 2024; Zhu et al., 2015b). Emissions from East Asia 

have some of the largest impacts on global pollutant burden, in part due to the efficient 

mechanisms of pollutant outflow (Babatola, 2018; Lelieveld et al., 2015; Pochanart et al., 2004). 

Through most of the year, cold dry air from Siberia converges with warm Pacific air resulting in 

active cyclogenesis over coastal East Asia (Pochanart et al., 2004; Stohl, 2001). Cyclones move 

off the coast and travel to higher altitudes and latitudes, creating an efficient pathway for rapid 

export of pollutants eastward over the Pacific (Pochanart et al., 2004). Deep convection becomes 

more important in the summer months and facilitates continental outflow over the ocean 

(Pochanart et al., 2004).  

The CrIS observations confirm that the summer months in the NH are also a crucial time 

for transcontinental transport, marked by seasonal maxima in mean PANs over both the Atlantic 

and Pacific regions (Figure 2.2). In the free troposphere, PANs concentrations over the Atlantic 

reach their seasonal maximum in June, remaining elevated through September. During the rest of 

the year (September through May), PANs fall below 0.2 ppbv. Previous measurements in the 

Atlantic troposphere have identified similar seasonal patterns in NOy species (Val Martin et al., 
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2008). The seasonal maximum in PANs over the NW Pacific continues through July (Figure 

2.2a). 

Over the NE Pacific, concentrations of free tropospheric PANs peak in July, consistent 

with findings from TES data (Zhu et al., 2015). Additionally, our measurements indicate some 

interannual variability in the concentrations of PANs over both ocean basins, discussed in the 

following subsection.  

 

2.3.3 Interannual Variability of PANs 
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Figure 2.3: CrIS PANs gridded monthly mean distribution within the respective boxes denoted 

in Figure 2.1. The months shown are the months with interannual variability over the Pacific 

Ocean basin boxes. Hue difference represents pre-COVID and post-COVID time periods. The 

extent of the boxes represents the 25th and 75th percentile, the median is shown by the line in the 

center, and the extents of the whiskers represent the 5th and 95th percentile. Outliers in data are 

not shown. 

 

In this section, we explore a subset of months with higher levels of interannual variability 

across both ocean basins and the primary factors influencing this variability. February through 

May experienced the most interannual variability through the seven years of CrIS data over the 

Pacific. The distribution of monthly averaged CrIS free tropospheric PANs over both Pacific 

boxes for these four months are presented in Figure 2.3. The most notable deviation across all 
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months occurs in 2020 (dark orange in Fig 2.3) in association with precursor emissions changes 

in response to COVID-19. Decreases in PANs over East China have been documented from IASI 

observations in both February and May of 2020 in comparison to 2019 values (Stavrakou et al., 

2021). Across every month over the NW Pacific, there is a step down in mean free tropospheric 

PANs during 2020 compared to the distributions of previous years. To evaluate interannual 

differences in CrIS PANs, we conducted a one-way ANOVA with post hoc pairwise 

comparisons across three defined periods: pre-COVID, COVID, and post-COVID for all four 

ocean boxes. This analysis assesses whether the distributions of PANs values differ significantly 

between periods and individual years independent of each temporal grouping. From this	pairwise 

ANOVA test, 2020 over the NW Pacific is statistically different from all pre-COVID years, but 

post-COVID years (2021-2022) are not statistically different from 2020. The same is true over 

the NE Pacific, except that 2018 does not differ from 2020-2022 (See Appendix A tables for 

Pacific p-values values). Concentrations do not rebound back to pre-pandemic levels through 

2022. The NE Pacific follows a similar pattern; however, the changes are less significant here 

than over the NW Pacific. We quantify the uncertainty in median values using a nonparametric 

percentile bootstrapping approach for February-May. We estimate the 95% confidence intervals 

for monthly medians range 0.043 - 0.35 ppbv and the widths of the confidence intervals range 

0.013 - 0.043 ppbv in the Pacific. In the NW Pacific, interannual median differences (0.003 - 

0.054 ppbv) exceed the widths of the confidence intervals, consistent with results from the 

ANOVA testing, indicating statistically and practically meaningful interannual differences. 

Interannual changes in the NE Pacific are smaller (0.002 - 0.033 ppbv) than those in the NW and 

are generally comparable to the confidence interval widths. While our ANOVA testing indicates 

significant changes in some years (particularly in 2020), the magnitude of these changes relative 
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to the measurement uncertainty is small, so interannual variations in the NE Pacific should be 

interpreted cautiously. 

The response in PANs to changes in precursor species is highly location-dependent given 

the complexity of PANs chemistry and the non-linear response of PAN to changes in precursors. 

For example, the concentration of PANs over urban Beijing, China, increased significantly in 

February 2020 (Qiu et al., 2020; M. J. Shogrin et al., 2024) and this has been attributed to 

alterations in precursor emissions as well as anomalous meteorological conditions that favored 

enhanced photochemical activity (Qiu et al., 2020). The concentration of PANs over Tokyo, 

Japan did not experience a significant change as emissions in Tokyo during the lockdown period 

(April 2020) did not change significantly compared to pre-lockdown levels (Shogrin et al., 

2024). PANs and O₃ experienced similar directional responses to COVID-related emission 

reductions over many megacities (Shogrin et al., 2024). Despite localized increases or lack of 

changes, several studies report a net decrease in O3 during 2020 (Miyazaki et al., 2021; Ziemke 

et al., 2022) and O3 did not recover to pre-COVID levels as of 2021 (Ziemke et al., 2022). Figure 

2.3 suggests the concentrations of PANs also do not recover to 2019 levels over either Pacific 

box across these months.  

Air mass temperature impacts the spatiotemporal abundances of PANs as the lifetime of 

PAN predominantly depends on thermal decomposition. To probe this potential source of 

variability, we analyze 2 m air temperature, 850 hPa air temperature, and 500 hPa air 

temperature for February-May over both Pacific boxes using MERRA‐2 Reanalysis monthly 

mean product (Global Modeling and Assimilation Office (GMAO), 2015). We find that 

temperature fluctuations between the years were likely not a dominant factor in PAN variability 

over either Pacific boxes, as temperatures were either unchanged or changed in a direction that 
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would dampen changes to PANs. For example, decreases in PANs during May 2020 over both 

NW and NE Pacific boxes were accompanied by lower 500 hPa temperatures, which would 

increase the lifetime of PANs. 

CO distributions across the two ocean boxes between February and May do not follow a 

similar pattern to PANs (see Appendix A Figure A1.1). VIIRS active fire counts and VIIRS fire 

radiative power (FRP) over East Asia (land east of 110°E) show no significant correlation with 

PANs over the Pacific boxes during these months, suggesting that biomass burning did not drive 

the observed variability in early spring. For instance, both April and May 2020 experienced 

elevated CO over this area (Appendix A Figure A1.1) which may have masked declines in PANs 

driven by reductions in anthropogenic NOx emissions. Distributions of PANs and CO more 

closely align in summer months, especially in July, when enhanced fire activity is often observed 

over Siberia. This is consistent with previous findings that the variability of PANs over the 

Pacific in summer is sensitive to biomass burning emissions.  

The Pacific-North American Pattern is a large-scale teleconnection pattern with two 

modes characterized by pressure oscillations around the Aleutian islands and North American 

Southwest. The positive phase of the PNA features enhanced westerly flow across the Pacific 

and can be associated with more efficient pollution transport from the Eurasian continent (Feng 

et al., 2016; Lang et al., 2008). Median PANs in March over the NW Pacific had a significant 

positive correlation with PNA index value (Pearson’s r = 0.78; p = 0.03), so March NW Pacific 

PAN variability was likely partially driven by variability in the PNA. Correlations with the PNA 

during other months over the NW Pacific were not significant (February: r = -0.50; p = 0.25; 

April: r = 0.18; p = 0.69; May: r = -0.37; p = 0.41) and there were no significant correlations 
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over the NE Pacific.  The phase of the PNA also has implications for the fate of PANs over the 

North American continent, as the phase of the PNA can alter temperature.  

 

 

 

 

 
Figure 2.4: CrIS PANs gridded monthly mean distribution in respective latitude/longitude boxes 

shown in Figure 2.1. The months shown are months with interannual variability in the Atlantic 

Ocean basin boxes in Figure 2.2. Hue difference represents pre-COVID and post-COVID time 

periods. The extent of the boxes represents the 25th and 75th percentile, the median is shown by 

the line in the center, and the extents of the whiskers represent the 5th and 95th percentile. 

Outliers in data are not shown.	 
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The seasonal maximum for PANs crossing the Atlantic Ocean occurs during the NH 

summer months, June through August and these are also the months that CrIS detects the most 

Atlantic interannual variability (Figure 4). Over both the Atlantic Ocean and USA-Atlantic 

outflow region, the concentration of PANs have a clear increase between 2016-2018 in June and 

a stark decrease in 2020, with no rebound in 2022. P-values for statistics across all years can be 

found in Appendix A. Across all months, there is a statistically meaningful difference between 

pre-pandemic and post-pandemic years over both Atlantic boxes (t-test: USA-Atlantic outflow; p 

= 5.4e-9, Atlantic Ocean p = 1.7e-30). CO abundances over these Atlantic boxes follow a very 

similar pattern to PANs (see Appendix A Figure A1.3) in July and August, so interannual 

variability in the influence of North American biomass burning on these regions of the 

atmosphere is likely a key driver in the interannual variability in PANs during these months. 

Applying a bootstrapping approach to June-August, the 95% confidence intervals for monthly 

medians range 0.18 to 0.334 ppbv and the widths of the confidence intervals from 0.012 - 0.074 

ppbv. In the USA-Atlantic Outflow box, interannual median differences are generally 

comparable (0.002 - 0.044 ppbv) to the widths of the CIs, suggesting some year-to-year 

differences may be meaningful, but overall interannual variations are modest relative to the 

uncertainty. In the larger Atlantic Ocean box, the interannual differences are slightly larger 

(0.009-0.046 ppbv), yet still mostly within the CI range, indicating that interannual variations 

should be interpreted cautiously, particularly for smaller changes.  

The North Atlantic Oscillation (NAO) can be an important factor influencing the amount 

of pollutants transported from North America to Europe. The NAO influences the strength and 

direction of westerly winds and the location of storm tracks across the North Atlantic. The 

positive phase of the NAO is characterized by faster and more efficient westerly movement and 
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is thus associated with increased transport of North American pollutants (Creilson et al., 2003; 

Guerova et al., 2006). The interannual variability of PANs crossing the Atlantic appear to be 

influenced by the variability in the NAO. For example, lower values of PANs are observed for 

all summer months in 2016, and the NAO was in a negative phase at this time. Conversely, 

elevated values of PANs were observed across the summer months of 2018, and the NAO was in 

a positive phase at this time, and this period marked the highest NAO index values for the seven 

years (see Appendix A Figure A1.4). Variability in 2020-2022, however, is not dominated by the 

NAO, as the magnitude of NAO index values are lower and month-to-month variability of phase 

is higher compared to the pre-COVID time period. More discussion of the variability over the 

post-COVID time period is included in the following section.  

Interannual fluctuations in temperature were likely a partial driver of variability over the 

two Atlantic regions. For example, lower median PAN values over both regions in August 2019 

and 2020 were accompanied by higher 850 hPa and 500 hPa temperatures (~2K higher). 

Satellite-derived tropospheric NO2 columns lacked significant interannual fluctuations over 

summer months. For example, lower values of PANs in June and August 2020 corresponded to 

higher tropospheric NO2 values from both OMI and TROPOMI compared to previous years. 

However, variability in anthropogenic NOx emissions over the Atlantic is more apparent during 

the spring months of 2020 and this will be explored further in the following sections.  
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2.3.4 COVID-19 Related Observed NO2 Perturbations  

 
Figure 2.5: Mean tropospheric column NO2 over the 4 ocean basins (NW Pacific, NE Pacific, 

USA-Atlantic outflow, Atlantic) from OMI (left) and TROPOMI (right). OMI contains 

measurements from January 2016 through March 2021 and TROPOMI contains measurements 

from January 2019 through December 2022. Purple line is 2020, bold black line is the mean of 

Pre-COVID values, grey shading is the range of Pre-COVID values, light purple line is OMI 

2021 values, light purple shading represents the range of post-COVID values, the grey line is 

2019. Purple stars on the OMI side represent months where 2020 was >15% less than the mean 

of pre-COVID values (black line). Purple stars on the TROPOMI side represent spring months of 

2020 that were significantly lower than 2019 values. 
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COVID perturbations to monthly mean NO₂ columns are detectable over all Northern 

Hemisphere Ocean basin boxes from both OMI and TROPOMI during different months 

throughout 2020, with the largest changes in the spring months. Changes over the Pacific are 

more pronounced than those in the Atlantic, where monthly mean OMI (TROPOMI) NO2 

decreased ~16% (~19%) over the NW Pacific and ~11% (11%) over the NW Atlantic in March 

of 2020 compared to 2019, and monthly mean OMI (TROPOMI) NO2 decreased ~34% (16%) 

over the NW Atlantic and ~5% (16%) over the NW Atlantic in May of 2020 compared to 2019. 

This 2020 perturbation is more apparent when pre-COVID years (2016-2019; bold black line in 

Fig. 2.5) are grouped; OMI NO2 decreased by ~37% over the NW Pacific and ~30% over the 

NW Atlantic during March 2020 compared to prior years. The perturbation to tropospheric 

column OMI (TROPOMI) NO2 is greater over the NW Pacific than the NE Pacific, where NO2 

only decreased ~16% (~20%) over the NE in May compared to 2019. Changes in NO2 column 

amounts occurred in spring months across both the Atlantic and Pacific, with May experiencing 

the largest change in the Pacific and March experiencing the largest change in the Atlantic across 

both OMI and TROPOMI datasets. Monthly mean tropospheric column HCHO remains 

relatively unchanged between the two periods (not shown), though a strong HCHO signal over 

the oceans is not expected due to the typically low vertical column abundance of HCHO in 

remote marine environments. 
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2.3.5 COVID-19 Related Observed Perturbations to PANs 

 
Figure 2.6: CrIS PANs, OMI NO2, and TROPOMI NO2 distributions in each ocean basin box 

for 3 periods: pre-COVID (deep hue; 2016-2019 for CrIS and OMI; 2019 for TROPOMI), 

COVID (moderate hue; 2020), and post-COVID (pale hue; 2021-2022 for CrIS and TROPOMI; 

2021 for OMI). Months included here have been chosen based on NO2 declines in 2020 from 

Figure 2.5. Hue differences denote different ocean basin boxes and color value denotes different 

periods. UNITS: CrIS PANs [ppbv], OMI and TROPOMI NO2 [x1015 molecules cm-2]. 

 

Changes to monthly mean free tropospheric PANs are most apparent over the NW 

Pacific. Changes across February through May in 2020 are statistically different from pre-

COVID values (Mann-Whitney u-test, p < 0.05). We conduct a Mann-Whitney U-test across the 
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different time periods to assess whether distributions of PANs in 2020 were significantly 

different from pre-COVID and post-COVID values. A Mann-Whitney U-test is well-suited for 

this analysis as it does not assume the underlying distribution is normally distributed. We have 

used this test to verify similar changes to PANs during COVID in megacities in Shogrin et al. 

(2024).  Free tropospheric PANs were most impacted in February 2020, where PANs decreased 

~16% in 2020 compared to pre-COVID years. February 2020 experienced the largest decline in 

tropospheric column OMI NO2 in this region, where tropospheric NO2 decreased by ~42% 

compared to Pre-COVID years. May 2020 experienced the second largest decline in PANs, 

(~11%), followed closely by March 2020 (-10%). OMI (TROPOMI) NO2 declined ~33% 

(~14%) in May and ~41% (~25%) in March 2020. The change in CrIS PANs in 2020 was small 

compared to the change in tropospheric column NO2 from both instruments. Median MERRA-2 

500 hPa temperature was higher in March 2020 (~4 K difference) compared to Pre-COVID 

years, making thermal decomposition more rapid, which could have amplified some of the 

decline in PANs from perturbed NOx emissions The distribution of PANs over the NW Pacific in 

2020 shifted towards lower values and there were fewer retrievals with PANs mixing ratios over 

0.3 ppbv. Post-COVID values of free tropospheric PANs and tropospheric column NO2 

experience a small rebound, however, do not fully bounce back to Pre-COVID values across all 

months. This incomplete rebound is evident in the median (interquartile range) values when 

comparing the pre-COVID, COVID, and post-COVID distributions from February-May: PANs: 

0.230 (0.17-0.23), 0.218 (0.15-0.27), 0.223 (0.16-0.28) ppbv and OMI NO2: 0.72 (0.48-0.93), 

0.47 (0.24-0.73), 0.48 (0.24-0.71) x1015 molecules cm-2. It should be noted that NOx emissions 

changes unrelated to COVID-19 could have also contributed to observed changes across the time 

period. 
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The NE Pacific experienced a statistically meaningful change in free tropospheric PANs 

only in May (-8%; p= 0.02), in synch with TROPOMI NO2 observing decreases, while OMI 

observes decreases across March through May (OMI includes more years in ‘pre-COVID’ 

population). The change in NO2 from both OMI and TROPOMI over this region was much less 

than that over the NW Pacific, changing by -16%, -15%, -20% (TROPOMI: 7%, 4%, -18%) in 

March, April, and May respectively, which is expected given the lower magnitude of values in 

this region. MERRA-2 500 hPa temperatures over this region were overall lower than pre-

COVID years, slowing PAN thermal decomposition in comparison. There were no significant 

correlations between observed NE Pacific PANs and the PNA index during these months.  

NO2 changes over these months are less pronounced over the Atlantic regions compared 

to the Pacific. There was a decrease to tropospheric NO2 observations in March and May, and 

April to a lesser degree. The most pronounced decrease in OMI NO2 to both Atlantic regions 

occurred in March 2020, though this was not accompanied by a statistically meaningful change 

in CrIS PANs. MERRA-2 500 hPa temperature was higher during 2020 compared to pre-COVID 

years (~2 K median difference), so this should have contributed to faster PAN thermal 

decomposition in the regions. No significant correlations between PANs and the NAO index 

exist during spring months. Significant decreases to free tropospheric PANs occurred over the 

larger Atlantic region in April (p=0.02) and May (p=0.0). Values of both PANs and NO2 

rebound slightly in the post-COVID period, however, not to the Pre-COVID level. Post-COVID 

CrIS PANs in April continue to decrease in post-COVID years over both Atlantic boxes despite 

TROPOMI NO2 remaining relatively unchanged between periods over the outflow region and 

slightly decreased over the Atlantic region. The incomplete rebound is evident in the median 

(interquartile range) values when comparing pre-COVID, COVID, and post-COVID for March-
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May: PANs: 0.157 (0.11-0.20), 0.148 (0.11-0.19), 0.143 (0.11-0.18) ppbv and OMI NO2: 0.71 

(0.55-0.88), 0.55 (0.39-0.73), 0.55 (0.43-0.70) x1015 molecules cm-2. A summary of PANs 

changes across ocean basins is shown in Table 2.1.	

 

Table 2.1. Summary table of the factors influencing the interannual variability of PANs across 

the four ocean boxes. 

 

2.3.6 Simulated COVID-19 Perturbations  

 
Table 2.2: PAN concentrations (in ppt) at 700 hPa over the four ocean regions during April and 

May 2020 simulated by MIROC-CHASER. The BAU column indicates PAN concentrations 

under business-as-usual (BAU) NOₓ emissions, while the 2020 column shows PAN 

concentrations based on actual 2020 NOₓ emissions. The % change column presents the percent 

difference between the two values (2020 – BAU). 
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As a further assessment of the impact of precursor emission changes during the 

pandemic-induced economic shutdowns on PAN concentrations, we conducted simulations using 

the global chemical transport model MIROC-CHASER. The simulations conducted here are to 

isolate the impact of NOx emissions only. Two emissions scenarios were considered: a “business 

as usual” (BAU)” case, in which 2020 emissions were projected assuming no Pandemic 

occurred, and a “2020” scenario, based on actual emissions estimated for 2020 (Miyazaki et al. 

2022). By comparing these scenarios, we isolated the response of PANs to reduced NOₓ 

emissions. More detailed analysis of PAN variability in future studies will require accounting for 

changes in VOC emissions during the lockdown, which remain difficult to quantify globally due 

to available observational constraints and associated uncertainties. 

Table 2.2 summarizes the simulation results. In agreement with satellite observations, 

PAN concentrations decreased across all ocean regions in both April and May 2020 in response 

to reduced NOx emissions, and the simulated changes are generally smaller than the 

observations. The magnitude of the PAN reduction varies by region and month, with larger PAN 

reductions in April than May, except over the NW Atlantic. The response of PAN was notably 

greater for PAN than that of O3 (not shown). Averaged over the four regions, April had a higher 

magnitude of change than May for PAN (-4.3% vs -3.8%) and the opposite is true for O3 (-2.5% 

vs -2.9%). Among the four regions, the NW Atlantic exhibited the largest PAN decrease 

corresponding to NOx reductions in both months, followed by the NW Pacific in May and the 

larger Atlantic basin in April. PAN concentrations are higher over the two areas representing 

continental outflow (i.e., the NW Pacific and NW Atlantic) than the NE Pacific and larger 

Atlantic basin.  
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2.4 CONCLUSIONS 

We show the first global-scale observations of PANs between 2016-2022. We use CrIS to 

analyze the spatiotemporal variability of PANs globally, with a focus on Northern Hemisphere 

Ocean basins. We probe interannual variability of PANs crossing ocean basins in the context of 

four main factors: variability in temperature, synoptic-scale flow patterns, variability in biomass 

burning, and changes to anthropogenic NOx emissions in the context of the COVID-19 

pandemic. Different factors are important for the variability in the intercontinental transported 

PANs at different times.   

 

1. Global background PANs have seasonal maxima in spring months, MAM for the 

Northern Hemisphere, and SON for the Southern Hemisphere. PANs continue to stay 

elevated through the respective hemisphere’s summer months.  

 

2. There are distinct seasonal cycles of PANs over each Northern Hemisphere Ocean basin 

area. Spring and summer months are important for the transpacific transport of PANs and 

summer months are critical for the transatlantic transport of PANs.  

 

3. CrIS observations reveal interannual variability in PANs over each ocean basin, 

particularly during the respective seasonal maxima. Over the Pacific, this variability is 

primarily attributed to NOx emissions, while variability over the Atlantic is more 

strongly influenced by interannual differences in wildfire activity and fluctuations in the 

NAO index. Year-to-year variations in monthly mean temperatures likely confound the 

influence of anthropogenic NOₓ on PANs across all regions, apart from March 2020—
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when anomalously high temperatures may have enhanced the observed decrease in PANs 

associated with reduced anthropogenic NOₓ emissions. 

 

4. Substantial reductions in tropospheric column NO2 were observed over Northern 

Hemisphere Ocean basins during spring 2020, coinciding with COVID-19-related 

economic shutdowns. Both CrIS observations and model simulations show decreases in 

PANs during this period. The Northwest Pacific exhibited the most pronounced decrease 

in both PANs and NO2 from satellite data across multiple months. The Northeast Pacific 

and North Atlantic basins also experienced notable reductions, particularly in May 2020, 

though the magnitude was smaller than over the Northwest Pacific. Additionally, PANs 

over the North Atlantic were also significantly reduced in April, supported by both 

satellite observations and model simulations. The relative decreases in NO2 exceeded 

those in PANs across all basins, reflecting the nonlinear relationship of NO2 emissions 

and PAN formation.  

 

In summary, we present the first global observations of PANs, which reveal clear seasonal cycles 

and complex interannual variability driven by numerous factors. While the satellite observations 

of PANs do not provide vertically resolved information, models and available aircraft 

observations suggest that the transport of PANs across these ocean basins occurs primarily in the 

free troposphere. In order to understand surface level impacts of this pollution transport, further 

investigation of PANs profiles over the receptor regions would be desirable. In addition, further 

investigation on the quantitative impacts of biomass burning, temperature, and emissions 

variability would be valuable, particularly through the use of tagged tracers in chemical transport 
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models to track the sources and fates of PANs crossing ocean basins. We leave these as 

challenges for future investigations. This study highlights the ability of CrIS observations to 

detect variability in PANs crossing the oceans and these observations can further our 

understanding of pollution transported between continents.  

 

2.5 DATA AVAILABILITY STATEMENT 

The Summary Product of the TROPESS CrIS PANs L2 reanalysis stream used in this study are 

available online through the Goddard Earth Science Division and Information Services Center 

(NASA GES DISC) (Bowman et al., 2023). Reanalysis data used in the model simulations are 

also available through the NASA GES DISC (Miyazaki, Bowman, Sekiya, Eskes, et al., 2020). 

We acknowledge the free use of tropospheric NO2 column data from the OMI (Boersma et al., 

2017) and TROPOMI (Van Geffen et al., 2022) sensors from www.temis.nl.   
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CHAPTER 3 

EVOLUTION OF AMMONIA (NH3) IN WILDFIRE SMOKE PLUMES DURING THE SUMMER OF 2018 

FROM SPACE
3 

3.1 INTRODUCTION 

 

Biomass burning is the largest terrestrial source of gas-phase NH3 to the atmosphere 

(Bouwman et al., 1997; Paulot et al., 2014). On a global scale, the potential for wildfires is 

projected to increase, especially in locations that already have a propensity for fire activity (Liu 

et al., 2010), and increased wildfire activity would lead to an increase in NH3 emissions from 

biomass burning (Bray et al., 2018, 2021). NH3 makes up a large fraction of the emitted reactive 

nitrogen in smoke (Lindaas, Pollack, Garofalo, et al., 2021a; Roberts et al., 2020). NH3 in smoke 

is an important source of reactive nitrogen to sensitive ecosystems as NH3 deposits from the 

plume traveling downwind (Benedict et al., 2017; X. Chen et al., 2014; Karlsson et al., 2013; 

Prenni et al., 2014). 

Emissions of reactive nitrogen (Nr), defined as all nitrogen-containing compounds 

excluding N2 and N2O, from biomass burning originate from nitrogen present within the fuel 

itself. Since natural wildfires generally do not reach high enough temperatures to generate 

thermal NOₓ via the reaction between atmospheric N2 and O2, the combustion of fuel-bound 

nitrogen remains the predominant source of Nr (Roberts et al., 2020). The quantity of Nr released 

is therefore influenced by the nitrogen content of the biomass, which varies by vegetation type. 

Additionally, fuel characteristics such as moisture content and structural arrangement impact 

combustion dynamics and, consequently, the emissions of reactive nitrogen species (L.-W. A. 

 
3 Adapted from a manuscript in preparation for submission: Shogrin, Madison, Payne, V., Kulawik, S.,  Pollack, I., 

Lindaas, J., Campos, T., Fischer, E., (2025). Evolution of Ammonia (NH3) in wildfire smoke plumes during the 

summer of 2018 from space. In preparation for submission 
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Chen et al., 2010; Lindaas, Pollack, Garofalo, et al., 2021b; McAllister, 2019). Overall, fuels 

with higher nitrogen concentrations tend to emit more reactive nitrogen when burned (Burling et 

al., 2011; Coggon et al., 2016b; Kuhlbusch et al., 1991; Stockwell et al., 2014). The distribution 

of NH3 emissions are sensitive to combustion efficiency, with smoldering phases typically 

emitting more NH3 than flaming phases (Q. Chen et al., 2025; Lindaas, Pollack, Calahorrano, et 

al., 2021b; Roberts et al., 2010; Yokelson et al., 1996, 1997). However, the connection between 

combustion efficiency and NH3 emissions is often complex and non-linear (Tomsche et al., 

2023). 

Fires are a major source of NH3, but their sporadic nature can pose challenges for the 

existing ground-based passive sampling networks. These networks provide weekly and bi-

weekly averaged NH3 deposition, which provides an excellent baseline of general patterns; it is 

difficult to extract the source of deposited NH3. Additionally, these networks are primarily 

concentrated in North America, Europe, and China (Van Damme et al., 2015), leaving much of 

the world undersampled giving large uncertainties in the spatiotemporal distribution of reactive 

nitrogen. Satellite observations of NH3 bridge this gap by providing nearly continuous 

measurements close to fires where logistical constraints are larger. Furthermore, there is a lack of 

information about the vertical distribution of NH3 in the atmosphere that satellite retrievals 

cannot yet supplement, so a limited number of in situ aircraft measurements and space-based 

LiDAR data helps to fill this gap. 

We use CrIS observations to analyze the evolution of NH3 in wildfire smoke plumes 

during summer 2018. We present a novel approach to isolate in-plume NH3 from persistent 

agricultural sources, enabling calculation of a dilution-correction NH3 enhancement with respect 

to carbon monoxide (CO) across space and time. Complimentary LiDAR data from the Cloud-
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Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) platform enables further 

interpretation of the CrIS NH3 enhancement by providing information about the vertical 

distribution of smoke. Our work provides new insights into the NH3 evolution in smoke plumes 

and how NH3-enhancements evolve in time. The methods applied here can be generalized to 

multiple parameters to advance space-based analysis of plume chemistry. 

 

3.2 METHODS 

3.2.1 CrIS Observations  

We use daytime observations of tropospheric NH3 and from the CrIS instrument, a nadir 

viewing Fourier transform spectroradiometer currently flying on the Suomi-National Polar 

orbiting Partnership (S-NPP) satellite and on the JPSS satellite systems. S-NPP flies in a sun-

synchronous polar orbit with mean local daytime overpasses around 13:30. The CrIS instrument 

measures radiances in three spectral bands: 660-1095 cm-1 (long-wave), 1210-1750 cm-1 (mid-

wave) and 2155-2550 cm-1 (shortwave). Full spectral-resolution radiances are supplied on a 

0.625 cm-1 spectral grid.  

The CrIS NH3, CO, PANs datasets used here were produced under the NASA 

Tropospheric Ozone and Precursors from Earth System Sounding (TROPESS) project and were 

processed to temporally compliment the data from the WE-CAN aircraft campaign (Kulawik & 

Payne, 2025). This data provides single-pixel S-NPP-CrIS CO, NH3, O3, methanol (CH3OH), 

temperature, PANs, H2O, HDO, and methane (CH4) for July 24, 2018 through September 13, 

2018 over the western United States (35°-40°N, 127°-101°N). More detailed information on the 

CrIS NH3 retrieval algorithm can be found in (Shephard & Cady-Pereira, 2015) and validation 

against FTIR measurements in (Dammers et al., 2017) The CrIS CO algorithm is described in Fu 

et al., (2016) and the validation is demonstrated in (Worden et al., 2022). CrIS is most sensitive 



 49 

to NH3 around 850-750 hPa and has on average 1 Degree of Freedom (DOF) for signal, meaning 

the product lacks information on the vertical distribution of NH3 in the atmosphere (Shephard & 

Cady-Pereira, 2015). The sensitivity of CrIS to CO is more widespread, having ~2 DOFs on 

average and peaking in the mid-to-upper troposphere above ~700 hPa (Fu et al., 2016a). We use 

a tropospheric average of CO between 908-215 hPa and a lower tropospheric average of NH3 

between 908-510 hPa, slightly different levels were used due to differences in the vertical grid 

and peak sensitivity of the different retrievals. We use co-located CrIS retrievals of CO to 

account for dilution when investigating the evolution of NH3 enhancements in these plumes. In 

cases where CO alone is insufficient to distinguish individual smoke plumes, particularly under 

widespread smoke conditions, we leverage CrIS retrievals of PANs to aid in plume isolation, as 

CrIS is sensitive to PANs in individual smoke plumes (J. F. Juncosa Calahorrano, Payne, et al., 

2021). 

 

3.2.2 Calculating NH3 enhancements over Variable Background  

 
Figure 3.1: (a) Estimated non-smoke background NH3 from July 24 to September 13, 2018, 

calculated using standard TROPESS retrievals where tropospheric CO < 100 ppbv, gridded at 

0.25° × 0.25°. (b) NH3 NEMR using variable background values from (a). (c) Error in any 

NEMR resulting from assuming a static background: the difference between the NEMR 

calculated using the background NH3 value from (a) and the NEMR calculated using a static 

background value of 1e16 molecules cm-2 with VIIRS fire hotspots are overlaid as orange icons, 

sized by relative fire radiative power (FRP). 
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Wildfire smoke in the western United States frequently intersects regions with substantial 

agricultural emissions, making it challenging to isolate the contribution of biomass burning to 

observed NH3 enhancements. Accurately characterizing the chemical evolution of NH3 within 

smoke plumes using satellite observations therefore requires careful separation of fire-related 

signals from elevated background levels associated with agricultural activity. Figure 3.1a shows 

an estimate of the “smoke-free” NH3 background derived from CrIS retrievals over a portion of 

the western United States. Distinct regions of elevated background NH3 are evident, particularly 

in areas linked to intensive agricultural practices, such as the Snake River Valley in Idaho.  

The normalized excess mixing ratio (NEMR), or the enhancement ratio, enables 

comparison of the concentrations of pollutants within a smoke plume while accounting for 

dilution. The excess mixing ratio in a plume is calculated as the mixing ratio of species X in 

plume minus the mixing ratio of species X in background air, and it is expected to decrease with 

plume age due to dilution for primary species (Yokelson et al., 2013). We account for physical 

dilution of the plume by normalizing by a relatively long-lived primarily emitted tracer species, 

here CO, giving a normalized excess mixing ratio. This approach enables the investigation of 

NH3 evolution within smoke plumes from the perspective of chemical loss within a single plume 

and comparison between plumes. Thus, a decrease in the NEMR would indicate chemical loss. 

Here, we calculate the NEMR using the below equation: 

𝑁𝐸𝑀𝑅 =	
𝑁𝐻!!"#!$"%&' −	𝑁𝐻!(&)*+!,-./

𝐶𝑂"#$"%#&'( −	𝐶𝑂)'*+,"-./0
 

Where the CObackground = 1.4e18 molecules cm-2 and NH3 background is equal to the value in 

Figure 3.1a. Background NH3 is estimated using all retrievals where tropospheric CO is < 100 

ppbv (Figure 3.1a; full domain background can be found in Appendix B).  



 51 

In order to perform this analysis from satellite data, we needed to isolate a given smoke 

plume.  We restrict our analysis to retrievals where CO > 2e18 molecules cm-2 and where free 

tropospheric CrIS acyl peroxy nitrates (PANs) > 3e15 molecules cm-2. This filtering better 

identifies discrete plumes, where NEMR calculations are most appropriate, from dilute mixed-

aged smoke. We also remove a small number of retrievals where retrieved NH3 < background 

NH3 and retrievals located directly above active fires. It is common to use CO to dilution-correct 

in situ measurements in biomass burning plumes (e.g., Lindaas et al., 2021; Yokelson et al., 

2013), but there are few examples of using this approach from space. Juncosa Calahorrano et al., 

(2021) applies this approach to PANs in plumes using fixed values for background of both CO 

and PANs. Following this approach, a fixed background value for NH3 (1e16 molecules cm-2) 

was initially applied to estimate NH3 NEMRs from satellite observations and Figure 3.1c shows 

the difference between this approach and the NEMR shown in Figure 3.1b. However, NH3 is 

more spatially heterogeneous than PANs and is directly emitted by agricultural sources. Positive 

values in Figure 3.1c denote regions where using a static background overestimates the NEMR, 

as the static value used exceeds the actual background.  Negative values in Figure 3.1c denote 

regions where a static background is too low and the resulting NEMR is an overestimate (i.e., the 

Snake River Valley, Idaho). Figure 3.1b shows that the NEMR values have a slight increase over 

Southeastern Idaho (Snake River Valley), likely influenced by the presence of fresh smoke from 

localized fire activity, as VIIRS active fire detections indicate several small fires in the region 

(Figure 3.1c).  

 

3.2.3 CrIS Retrieval Height Bias Correction 

The thermal infrared radiances observed by CrIS are more sensitive to changes in 

atmospheric NH3 aloft than they are to similar changes at the surface. An enhancement in the 
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NH3 volume mixing ratio (VMR) within a layer at an altitude of a lofted smoke plume results in 

a stronger radiance response than to the same increase confined at the surface. The TROPESS 

retrieval framework assumes a prior shape of the NH3 profile that peaks near the surface, so 

retrievals of NH3 in lofted smoke plumes are often an overestimate of the column-average 

measurements of NH3. We report these values as the standard observations. 

 

Figure 3.2. (a) CrIS column CO from standard TROPESS files, (b) CrIS column NH3 from 

standard TROPESS files, (c) CrIS column NH3 after a height correction has been applied to the 

standard retrieval, (d) the estimated plume pressure based on the shape of the CO profile (e) the 

absolute difference between the standard and height-corrected NH3 columns (b and c), and (f) the 

percent difference between the two NH3 columns with daily VIIRS fire hotspots are overlaid as 

orange icons, sized by relative fire radiative power (FRP). 

 

We use observations of co-measured CO to estimate and apply a correction factor to the 

standard NH3 measurements. The TROPESS CrIS CO retrievals contain up to 2 degrees of 

freedom for signal in the troposphere, so the CrIS CO products do contain some limited 
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information about plume altitude. Figure 3.2a shows the CrIS CO total column from the standard 

TROPESS files. We use the TROPESS CrIS CO profiles to provide an estimate of the NH3 

profile shape within the smoke plume. We performed additional forward model runs for CrIS 

soundings in fire plumes (designated as XCO > 100 ppbv for the CO column; capturing the most 

concentrated plumes; Figure 3.2c-f), assuming an NH3 profile that follows the shape of the CO 

retrieved profile. We use the following ratio as a correction factor applied to the standard 

TROPESS NH3 retrievals within smoke plume: 

𝑟𝑎𝑡𝑖𝑜	𝑝𝑙𝑢𝑚𝑒 = 	
amount	𝑁𝐻3	needed	to	generate	observed	radiance	with	CO	profile	shape

amount	𝑁𝐻
3
	needed	to	generate	observed	radiance	with	𝑁𝐻

3
	profile	shape

 

 

Then we multiply the standard TROPESS column NH3 by this ratio to obtain a height-

corrected NH3 column value. Figure 3.2 displays the standard TROPESS products and height-

corrected NH3 values, plume pressure as calculated during the height correction, and metrics of 

difference between the two NH3 columns. We find this height correction reduces the column 

NH3 by approximately 50-80% over the most concentrated areas of the plume, excluding the 

near-fire source and Snake River Valley (Figure 3.2e). The CO provides information on the 

potential bias in the publicly available standard NH3 product when applied to lofted smoke 

plumes. 

We apply and note this height-correction in analyses that consider the full plume extent. 

However, the correction is not applied where analysis relies on retrievals near the fire centroid 

(e.g., section 3.3.2 Near-field Evolution of the Fire Centroid across the Wildfire burning cycle), 

where strong convective updrafts dominate plume structure. These areas, along with areas 

associated with major agricultural emissions (i.e., the Snake River Valley, ID) are evident in 

Figure 3.2f where the height correction implies greater than a 100% change (dark blue) from the 

standard product. In the near-source regions, rapid vertical transport and highly variable plume 
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dynamics make this type of correction inappropriate. Areas with strong surface NH3 signals from 

agricultural emissions are similarly unsuitable for this correction, which biases the vertical 

weighting toward aloft NH3 at the expense of high surface concentrations. 

For the analysis in this chapter, we used both height-corrected and uncorrected VMR 

values for ammonia because this is a novel product which would require reprocessing data; so it 

is important to document the effect of this correction. 

During this reprocessing three additional values were added to the carbon monoxide 

products to improve the ability to interpret data: a) plume temperature: temperature weighted by 

carbon monoxide values (in layers greater than 100 ppbv), b) plume altitude (AGL and ASL): 

altitude at the maximum carbon monoxide VMR, and c) plume pressure: the pressure at the 

maximum carbon monoxide VMR (shown in Figure 3.2d). 

 

 

3.2.4 Other Satellite Datasets 

We use observations of active fire hotspots from the Visual Infrared Imaging Radiometer 

Suite (VIIRS) aboard the S-NPP satellite to locate active fires and assess their relative fire 

radiative power (FRP). The VIIRS 375m active fire product is provided by the Fire Information 

for Resource Management Systems (FIRMS) 

(https://doi.org/10.5067/FIRMS/VIIRS/VNP14IMGT_ NRT.002). We use daytime observations 

with high and nominal confidence for all figures apart from the analysis in Section 3.3.2, where 

daytime retrievals with only high confidence are used. FRP represents the instantaneous radiative 

energy that is released from actively burning fires. In general, larger values of FRP are often 

associated with larger fires with hotter burning temperatures, which would often be characterized 

as more flaming combustion. However, some nuance is needed in the interpretation of FRP, as 
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the Planck function is highly non-linear around 3.9 microns (the band used for active fire 

detection) in its response to hot objects so a sub-pixel scale small and hot fire can yield a FRP 

that is similar to a sub-pixel scale larger and cooler fire. FRP has been related to the rate of 

biomass consumption (Kaufman et al., 1998) and thus is used to estimate the rate of emissions 

from satellite observations (Griffin et al., 2024; Ichoku & Kaufman, 2005; Stockwell et al., 

2014).  

We leverage observations of the aerosol Vertical Feature Mask (VFM) from the Cloud-

Aerosol Lidar with Orthogonal Polarization (CALIOP) aboard the Cloud-Aerosol Lidar and 

Infrared Pathfinder Satellite Observation (CALIPSO) platform to assess the vertical distribution 

of smoke in the atmosphere. CALIPSO was launched in 2006 and flew in the NASA A-train, a 

constellation of satellites flying in a sun-synchronous polar orbit with a ~13:30 Local Time (LT) 

ascending node overpass time, until 2020 when it was dropped in orbit to the C-train along with 

CloudSat until it was decommissioned in 2023 (NASA, 2025). We use the L2 VFM version 4-51 

data product (Winker, 2023) for two days coinciding with CrIS detections of wildfire plumes, 

July 27 and August 3, 2018. CALIPSO Lidar observations enable further interpretation of CrIS 

NH3 smoke enhancements, discussed further in Section 3.3.3. 

It should be noted that all satellite observations used in this study were taken at ~13:30 

local time, which precedes the typical diurnal peak in fire activity (~15:00 local time. Although a 

13:30 overpass is more representative of daily fire activity than a morning observation, it fails to 

capture the period of maximum fire intensity and plume injection, as intensity and boundary-

layer depth are still increasing at this time. As a result, the most extreme smoke injection heights 

are likely missed, and this analysis should be interpreted as conservative relative to the daily 

peak in fire activity.  
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3.2.5 In situ NH3 and CO Observations during WE-CAN 

The CrIS dataset coincides with the Western wildfire Experiment for Cloud chemistry, 

Aerosol absorption, and Nitrogen (WE-CAN) that sampled numerous wildfire smoke plumes in 

the summer of 2018. Full details on the WE-CAN can be found in (J. F. Juncosa Calahorrano, 

Lindaas, et al., 2021b). WE-CAN in situ measurements can provide additional context to the 

CrIS measurements including approximate altitudes for dense portions of the smoke plumes and 

details about the NH3 and CO measurements can be found in Pollack et al. (2019) and Lebegue 

et al. (2016), respectively. The NSF/NCAR C-130 sampled smoke plumes in a pseudo-

Lagrangian fashion, resulting in multiple transects across the plume. In situ NH3 NEMRs 

decayed strongly during WE-CAN as discussed by (Lindaas, Pollack, Calahorrano, et al., 2021a), 

which focused largely on the fresher portion of the plumes (0-5 hours downwind).  We focus the 

results and discussion on several additional plumes including a plume sampled on July 26 from 

the Carr Fire. The Carr fire ignited on 23 July and burned through 229,651 acres before 

containment on 30 August (Wikipedia, n.d.-a), smoke plumes on August 2 and 3rd from the 

Mendocino Complex, and an isolated plume from the Pole Creek Fire (September 13, 2018). 

This last plume was not sampled by WE-CAN but offers an example of an isolated plume 

without the complexity of surrounding smoke or agricultural emissions.   

 

 

3.3 RESULTS 

3.3.1 Evolution of NH3 in Individual Smoke Plumes 
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Figure 3.3: (a) CrIS column NH3 and (b) column CO retrievals from September 13, 2018. Black 

boxed region in (a) and (b) denotes region plotted in (c-h). (c) Pole Creek Fire plume isolated by 

using points where column CO > 2e18 molecules cm-2. Plume age assigned to each CrIS 

footprint assuming a mean wind speed of 19 m/s (Juncosa Calahorrano et al., 2021). The location 

of the fire centroid is shown by the orange icon. (d) NH3 Normalized Excess Mixing Ratio 

(NEMR) calculated using the standard NH3 retrievals. (e) NH3 NEMR for height-corrected 

retrievals. (f) Plume pressure in [hPa], (g) plume temperature in [K] from the height-corrected 

retrievals, and (h) distance from the fire centroid in [km]. 

 

Figure 3.3 presents CrIS NH3 (Figure 3.3a) and CO (Figure 3.3b) for the Western U.S. on 

September 13, 2018. The isolated and concentrated plume is from the Pole Creek Fire in Utah, 

and this plume has previously demonstrated the ability of CrIS to capture the chemical evolution 
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of PANs in a smoke plume from space due to the isolation of the plume, high wind speeds, and 

high within-plume concentrations (Juncosa Calahorrano, Payne, et al., 2021) The Suomi-NPP 

overpass sampling of the plume occurred ~3.6-4.6 hours after the plume became visible from 

GOES-16 (Juncosa Calahorrano, Payne, et al., 2021). The plume does not cross a large area of 

variable background NH3 concentrations. Figures 3.2a and 3.2b highlight the isolation of the 

Pole Creek Fire plume. 

Figure 3.3c presents the estimated plume age of each CrIS footprint in the isolated fire 

plume; the plume was isolated using retrievals where column CO > 2e15 molecules cm-2 and age 

was calculated assuming a mean wind speed of 19 m/s (Juncosa Calahorrano, Payne, et al., 

2021). Figure 3.4d presents the NEMR values for each CrIS footprint before applying the height 

correction and Figure 3.4e presents the NEMR values for each CrIS footprint after the height 

correction has been applied. There are some differences between the two, notably the scale of the 

height-corrected NEMR is almost half that value when this calculation is performed without the 

correction using the standard NH3 retrievals highlighting the likely overestimation of in-plume 

NH3 in these retrievals. Figures 3.3f-h present the plume pressure, temperature, and distance 

from the fire centroid of each CrIS footprint, respectively, calculated during the height-

correction. Examination of the standard NH3 NEMR (Figure 3.4d) could suggest that the 

observed decrease reflects progressive partitioning of NH3 into the particle phase as the plume 

ages roughly 150 km downwind from the fire centroid; however, concurrent plume temperature 

estimates indicate that the plume may not have been cold enough to make this process 

thermodynamically favorable based on prior analyses of in situ measurements of other plumes 

during WE-CAN (Lindaas et al., 2021). Rather, it is more likely that the variability in NEMR 

with plume age reflects temporal changes in emissions at the fire source, such that smoke emitted 
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~4 hours prior to the CrIS overpass contained less NH3 than smoke emitted ~2 hours prior to the 

observation. Applying the height-correction to the Pole Creek plume suggests that the observed 

variability in NH3 NEMR may reflect the evolution in NH3 emissions by the fire rather than 

chemical loss of NH3 in the plume.  
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Figure 3.4: (a, b) CrIS standard column NH3 for (a) August 2 and (b) August 3. (c, d) 

Corresponding CrIS standard column CO for the same dates. (e, f) NH3 normalized excess 

mixing ratios (NEMRs) for isolated smoke plumes calculated using the standard NH3 retrievals. 

Plume regions were identified based on thresholds of column CO > 2e18 molecules cm-2 and 
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column PANs > 3e15 molecules cm-2 for the Mendocino Complex smoke plume. VIIRS active 

fire detections are shown as orange icons, sized by relative FRP. (g, h) Height-corrected NH3 

NEMRs for isolated smoke plumes where XCO > 100 ppbv for the column. (i, j) Plume pressure 

and (k, l) plume temperature calculated during the height correction. 

 

 The Mendicino Complex provides a longer case study of aging than the Pole Creek Fire 

plume and demonstrates some of the challenges associated with such extended analyses. Figure 

3.4 presents CrIS retrievals of NH3 (Figure 3.4a-b) and CO (Figure 3.4d-e) for August 2 and 3, 

2018 when the Mendocino Complex Fire experienced significant growth. The Mendocino 

Complex Fire was a large complex of wildfires that burned for three months and consumed over 

400,000 acres. August 2 and 3 experienced >30,000 acres of growth each day (~70,000 acres 

total). The smoke plumes are evident in visible imagery from these days as the smoke travels 

eastward out of Northern California and is highlighted by the elevated levels of NH3 and CO in 

Figure 3.4a-d crossing northern Nevada and Idaho. Figure 3.4 also demonstrates the ability of 

CrIS to track plumes over the course of multiple days; smoke emitted on August 2nd continues 

to be discernible in the CrIS data on August 3rd. The NEMR values for each CrIS footprint along 

the isolated plumes are shown for August 2nd (Figure 3.4e) and August 3rd (Figure 3.4f). The 

NEMR (Figure 3.4e) calculated with the standard NH3 retrievals decreases with distance from 

the Mendocino fire centroid, and this is most obvious across both days west of the Nevada-Utah 

border (~114°). Figure 3.4g presents the height-corrected NEMR and Figure 3.4i shows the 

corresponding plume pressure and Figure 3.4k shows the plume temperature. Unlike Figure 3.4e, 

the height-corrected NEMR does not appear to decline with westerly advection. Figures 3.3i and 

3.3k suggest little variability in pressure and temperature in this plume. The height-corrected 

data shows that NH3 in wildfire smoke plumes may travel great distances without undergoing 

chemical loss. 
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On August 3rd, smoke traveled in a concentrated, thick plume until it dissipated over 

southeastern Idaho (Figure 3.4f). The NEMR values exhibit a modest increase as the plume 

advects into Idaho, likely reflecting contributions from locally emitted fresh smoke. VIIRS active 

fire detections reveal numerous smaller fire sources in the region (Figure 3.4f), which are co-

located with areas of elevated NEMR within the plume. This portion of the plume is further 

explored with the CALIOP LiDAR in Section 3.3.3. Figure 3.4h presents the height-corrected 

NEMR values and the corresponding plume pressure and plume temperature are shown in 

Figures 3.3j and 3.3l. Similarly to August 2, variability in the height-corrected NEMR roughly 

follows variability in plume pressure and temperature, or lack thereof. The Mendocino Complex 

plumes display the far-reaching impacts of NH3 traveling in wildfire smoke plumes.  

 



 63 

Figure 3.5: (a) NH3 on July 26 from both in situ airborne and standard product satellite 

observations. The CrIS column mean tropospheric NH3 is plotted as background (blue - purple 

scale) and the WE-CAN NH3 observations are overlaid (the color of the aircraft line). VIIRS fire 

hotspots are shown as orange icons, sized by their relative FRP. (b) CO on July 26 from both in 

situ airborne and satellite observations. The CrIS column mean tropospheric CO is plotted as 

background, and the WE-CAN CO observations are overlaid. (c) NH3 NEMR f CrIS data 

(circles; units: [molecules cm-2/molecules cm-2) and WE-CAN (triangles; units: [ppbv/ppbv]) for 

the Carr Fire plume isolated where column CO > 2e18 molecules cm-2. CrIS data shown as 

circles; aircraft data as triangles. Carr Fire location is indicated by VIIRS hotspots. (d) NH3 

NEMR from height-corrected CrIS data (circles; units: [molecules cm-2/molecules cm-2]) and 

WE-CAN (triangles; same as in (c)).  NH3 NEMR from CrIS (orange circles) and WE-CAN 

(triangles, colored by C-130 altitude), binned by plume age. (e) Plume pressure from CrIS 

(circles) and WE-CAN (triangles) and (f) plume temperature from CrIS (circles) and WE-CAN 

(triangles) calculated as a step in the height-correction process. 
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The Carr Fire plume offers the opportunity to compare plume evolution from both 

airborne and satellite perspectives. Figure 3.5 presents standard retrieved NH3 from CrIS (Figure 

3.5a) and CO (Figure 3.5b) from CrIS and the aircraft. These measurements are not perfectly 

aligned in time; the aircraft observations were collected a couple of hours later (satellite overpass 

~13:30 LT {~19:30-20:30 UTC}; research flight: 20:19 - 02:09 UTC). Despite this temporal 

offset, general spatial enhancements in NH3 and CO are roughly co-located between the satellite 

and aircraft observations.  

Figure 3.5c-d presents the values of the NH3 NEMR from both measurements; where 

Figure 3.5c contains standard CrIS data and Figure 3.5d contains the height-corrected data. In 

general, the distribution of WE-CAN NEMR values declines with distance from the fire centroid 

and this is vaguely visible in Figure 3.5c. The scale of the NEMR calculated using the height-

correction is much smaller than shown in Figure 3.5c, reflecting the overestimation in NH3 prior 

to performing the correction. and Figure 3.5d shows relatively little variability in the NH3 NEMR 

across most of the plume with deviations in the height-corrected NEMR largely coincident with 

changes in plume thermodynamic conditions (Figure 3.5e-f). In the CrIS measurements, elevated 

temperatures and pressures near the Carr Fire centroid correspond to some of the lowest NEMR 

values observed in Figure 3.5d. Visible imagery suggests that smoke accumulated within the 

Sacramento Valley over multiple days, allowing portions of the plume to remain close to the 

surface where loss of NH3 is possible via deposition to the surface.  

 

It is likely that there is smoke at multiple altitudes downwind of the fire toward the east, 

as the WE-CAN pressure measurements indicate higher altitudes (~500 hPa) of smoke near the 

fire source than CrIS (~900 hPa). WE-CAN sampled the smoke during a period of rapid fire 
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growth, and the smoke injection altitude likely rose rapidly between the CrIS overpass time and 

the aircraft observations. Further downwind, near the Nevada-Idaho border, both plume pressure 

and temperature are lower across both measurements, coinciding with a reduction in height-

corrected NEMR. Under these conditions the partitioning of NH3 into the particle phase becomes 

thermodynamically favorable, providing a potential explanation for the observed decline in 

NEMR. WE-CAN and CrIS temperature and pressure measurements show more agreement 

further from the fire centroid (Figure 3.5e-f) and it should be noted that the WE-CAN 

observations were later in the day with a higher injection height providing an explanation to the 

lower temperature and pressure aircraft measurements compared to the satellite. 
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3.3.2 Near-field Evolution of the Fire Centroid across the Wildfire burning cycle  

 
Figure 3.6: Distributions of CrIS NH3 NEMR [ppbv/ppbv] values for Mendocino Complex fires 

(a; 38.24°N, 40.25°N, -123.9°W, -121.9°W) and Carr Fires (b; 40.6°N, 41.6°N; -122.6°W, -

121.6°W) colored by the median VIIRS FRP value per day [using only high confidence 

retrievals]. The silver line represents the median value. The red lines represent the respective 

burned area difference from the previous day (Wikipedia, n.d.-b, n.d.-a). 

 

 Northern California experienced an extreme fire season in 2018 (Brown et al., 2020) and 

this provides an opportunity to examine relationships between large long-burning wildfires and 

NH3 NEMRs from space. The Carr and Mendocino Complex fires burned for 1.5 and 3 months, 

respectively, which resulted in smoke transported within and out of Northern California (Casey 

et al., 2021; Mueller et al., 2020). The Carr Fire burned between 23 July - 30 August and the 

Mendocino Complex Fire burned between 27 July - 18 Sept (Wikipedia, n.d.-b, n.d.-a). We 

estimate that smoke contributed to ~70% of the NH3 observed over Northern CA and NV and 
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~50% of NH3 over the Snake River Valley, ID based on satellite measurements (Appendix B 

Figure A2.2).  

The evolution in wildfire-driven enhanced NH3 from space can give insight to the 

temporal evolution of NH3 enhancements near the fire centroid across the active burning period. 

To characterize the near-source region we define a rectangular area originating near the fire 

centroid and oriented along the down-wind direction of the plumes. This area is meant to capture 

freshly emitted smoke in close proximity to the fire centroid. There is some spread in NEMR 

values within this rectangular area, but robust patterns exist within the distributions of NEMRs. 

Figure 3.6 presents the distributions of NEMR values within these boxes for the Mendocino 

Complex Fire (Figure 3.6a) and the Carr Fire (Figure 3.6b). Across both fires, higher values of 

VIIRS median daily FRP are associated with lower distributions in NEMR, where days with 

median NEMRs > 0.10 are always associated with FRPs < 50 MW across both fires. A similar 

relationship exists between NEMR and fire pixel brightness temperature (I-5 channel brightness 

temperature of fire pixel), where higher values of brightness temperature are always associated 

with lower distributions of NEMR values (Figure A2.3 in Appendix C). 

Days with more active fire growth (i.e., peaks in burned area difference; red line in 

Figure 3.6) are often associated with lower NEMR distributions. This relationship is more 

pronounced for the Mendocino Complex Fire. For example, the day with the highest growth 

(August 4th; Figure 3.6a) was associated with a higher median FRP value (~100 MW) and a 

lower distribution of NEMR values (median: ~0.06). Conversely, many days without large active 

growth (ex: August 8th; Figure 3.6a) were associated with lower median FRP values (~20 MW) 

and a higher distribution of NEMR values (median: ~0.075). The most rapid growth for the Carr 

Fire occurred during the first few days of burning (Lareau et al., 2018), and this relationship 
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between burned area, FRP, and NEMR is most evident during July 25-27 (Figure 3.6b). July 26 

was characterized by rapid vertical development and a destructive fire-generated vortex where 

surface wind speeds exceeded 64 m/s, equivalent to an EF-3 tornado (Lareau et al., 2018). July 

25-27 had higher relative daily median values for FRP (and brightness temperature; Appendix B 

Figure A2.3) associated with some of the lowest distributions of NEMR values across the shown 

period.  However, July 28th serves as an exception to this rule, where a peak in Carr Fire burned 

area difference was associated with a low FRP (~20 MW) and high NEMR distribution 

(median:~0.23) (Figure 3.6b). This day exhibited pervasive smoke across the northwest coast, 

with contributions from numerous active fires (including the Mendocino Complex), making it 

difficult to attribute enhancements directly to the Carr Fire alone.  

There are notable differences between the NEMR and FRP relationships for the Carr 

versus Mendocino Complex Fires. The Carr Fire burned for 35 days and reached a final burn 

area of 229,651 acres and the Mendocino Complex Fire burned for 55 days and reached a final 

burn area of 459,123 acres (Wikipedia, n.d.-c). While these were both massive fires, Figure 5 

highlights some differences between them. The Carr Fire (Figure 3.6b) overall had higher 

distributions of NEMR values and lower median FRP values (this is also true for brightness 

temperature) than observed in the Mendocino Complex Fire (Figure 3.6a). The peaks of burned 

area difference for the Mendocino Complex are nearly twice the magnitude as they are for the 

Carr Fire (~71’000 vs ~35’000 acres). These discrepancies likely reflect differences in burning 

conditions between the two fires. The Mendocino Complex Fire burned for longer and consumed 

a larger area than the Carr Fire, which is consistent with its larger FRP values, as fire growth is 

often associated with higher FRPs. 
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Figure 3.7: Combined Carr and Mendocino values. (a) Distributions of values of VIIRS FRP 

across the burning periods for the two fires. The red line represents a linear regression based on 

the median of each distribution. (b) Distributions of values of CrIS NH3 NEMR across the 

burning periods for the two fires. The red line represents a linear regression based on the median 
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of each distribution. Day 0 represents July 25th for the Carr Fire and July 27th for the 

Mendocino Complex Fire. (c) Distributions of NH3 NEMR values for binned FRP values across 

the burning periods for both fires. The red line represents an exponential fit based on the medians 

estimated using the scipy.optimize.curve_fit function in Python.   

 

Figure 3.7 presents combined NH3 NEMR and FRP values from both fires. Figure 3.7a 

displays the evolution in the distributions of daily median FRP values from the Carr and 

Mendocino Complex Fires. During 25 days of active burning, the distributions of FRPs declined 

as the fires approached containment. Figure 3.7b shows the temporal evolution of CrIS NH3 

NEMR distributions across the fire’s active burning lifetime. The distributions of NH3 NEMR 

tend to increase slightly with time, in contrast to FRP, as burning conditions shift from a more 

flaming, fresh fire to more smoldering conditions. The relationship between FRP and NH3 

NEMR is shown in Figure 3.7c, where the highest distributions of NEMRs are associated with 

the lowest bins of FRP values across both fires. 
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3.3.3 Insights from CALIPSO for Interpreting Plume Evolution  

 
Figure 3.8. (a) CrIS standard NH3 NEMR values for the August 3, 2018 smoke plume emanating 

from the Mendocino Complex Fire. VIIRS active fire detections are shown as orange markers, 

scaled by FRP. The CALIPSO track intersecting the plume is shown in black. (b) CALIPSO 

smoke profile along the track in (a), colored by collocated CrIS standard column NH3 [molecules 

cm-2]. (c) same as (a) but showing the height-corrected NH3 NEMR for the same day. (d) same 

as (b) but showing the collocated plume temperature estimated during the height correction.  

 

 

 

Figure 3.8 displays a smoke plume for August 3 (Mendocino Complex) using the 

standard NH3 product and the height-corrected NH3. This plume serves as a good example of 

long-range transport of a California wildfire plume from the perspective of the evolution of in-

plume enhanced NH3. Overlapping smoke sources and vertical mixing can complicate the 

interpretation of trace gas enhancements in satellite observations. This figure also highlights the 

difficulty of integrating different datasets, as CALIPSO’s narrow ground track and 16-day repeat 

cycle result in extremely sparse spatial sampling, such that the revisitation likelihood or 
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intersecting a dense smoke plume relevant for our analysis very low; additionally, the overpass 

analyzed here occurs over a region with very high background NH3 emissions associated with 

agriculture, further complicating a multi-dataset analysis of this plume. Figure 3.8a presents the 

NEMR values in each CrIS footprint for the isolated Mendocino Complex Fire plume on August 

3, 2018, and serves as an example of the complexity of interpreting the chemical evolution of 

plumes using satellite data alone. Figure 3.8b shows the CALIOP profile for the portion of this 

plume highlighted by the black line denoting the CALIPSO ground-track in Figure 3.8a. The 

CALIPSO aerosol profile has been colored by the closest standard CrIS NH3 value (calculated 

using a k-d tree in latitude longitude space) and highlights the presence of a smoke plume at 

roughly 1-4.5 km. The CALIPSO overpass occurs over the Snake River Valley; an area with 

exceptionally high surface NH3 emissions and thus is a location not ideally suited for applying 

the height-correction. Figure 3.8c shows the height-corrected NH3 NEMR for this plume, where 

height-corrected NH3 coincident with the CALIPSO ground track had been filtered out as the CO 

did not meet the heavy-smoke criteria, and further highlights the difficulty in integrating 

datasets. Figure 3.8d presents the plume temperature, calculated during the height-correction 

retrieval, for the footprints associated with the CALIPSO track. Satellite estimates of plume 

temperature are similar to those measured during WE-CAN at a similar plume altitude (Juncosa 

Calahorrano et al., 2021). The CALIPSO lidar data enables us to note  the vertical location of the 

smoke column, and the location of the CALIPSO smoke column roughly agrees with our 

estimation based on the CrIS CO profile shape.  

 

Figure 3.8a-d provides insight into the vertical distribution and NH3 enhancement 

characteristics of the Mendocino Complex Fire plume on August 3, 2018, and the potential 
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influence of nearby smaller fires on observed NH3 enhancements. Figure 3.8b shows a 

CALIPSO-observed smoke layer at 4.5-5.5 km in the more southern portion of the overpass and 

a smoke layer at 1-4.5 km in the more northern portion of the overpass.  VIIRS active fire 

detections show numerous smaller fires around the Snake River Valley that are co-located with 

higher values of NH3 NEMR in Figure 3.8a. The lower level (1-4.5 km) smoke in the CALIOP 

aerosol profile north of 42.6°N is likely more influenced by these smaller, local fires given the 

lower altitude of the smoke and higher relative NH3 NEMR values. 
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3.4 SUMMARY & IMPLICATIONS  

Here we develop methods for using satellite observations to investigate NH3 in wildfire 

smoke plumes from satellite observations. Our analysis focuses on summer 2018, coinciding 

with in situ observations of wildfire smoke plumes from the WE-CAN field experiment. We 

demonstrate the ability of the CrIS instrument to observe enhancements of NH3 in smoke plumes 

despite its major stationary sources. We investigate an anticipated height-bias in CrIS data by 

comparing the original forward model run of data to an additional forward model run designed to 

mitigate this bias. 

 

1. Given the large agricultural sources of NH3 in rural regions during the warm season, we 

present an approach to estimate the smoke-enhanced NH3 while accounting for the spatial 

heterogeneity in NH3 associated with persistent (non-wildfire) surface sources. We derive 

a “smoke-free” NH3 grid using retrievals where tropospheric CO < 2e18 molecules cm-2 

and we assign a value to each satellite footprint. We find this method produces 

normalized excess mixing ratio (NEMR) values that better reflect our expectations of the 

evolution of NH3 in wildfire smoke plumes based on prior work. 

 

2. The thermal infrared radiances measured by CrIS are more sensitive to changes in 

atmospheric NH3 aloft than they are to similar changes at the surface, so the standard 

CrIS TROPESS NH3 measurements represent an overestimate of NH3 in lofted smoke. 

We use co-measured CO to correct this overestimate and we estimate the height-

corrected NH3 values to be roughly 50-80% lower than the standard NH3 over the densest 
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portion of smoke plumes measured in the afternoon during an extreme fire season.  

 

 

3. CrIS detects evolution in smoke-enhanced NH3 in plumes that have been transported for 

several hours to days downwind from wildfires. We find that variability in the NH3 

NEMR can reflect both chemical evolution in a smoke plume and the temporal variability 

in NH3 emitted by the fire.  

 

4. Wildfires in the western U.S. often burn for days to weeks and over the lifecycle of the 

fire its burning conditions often dramatically shift. We examine the NH3 NEMRs over the 

Carr and Mendocino Complex Fires for ~1 month of burning. We find a relationship 

between the distribution of near-fire-centroid NEMRs and daily median FRPs, where 

higher values of FRP are associated with lower NH3 NEMRs. 

 

5. When overlaps occur, combined information from CALIPSO and CrIS should enable 

further interpretation of the behavior of NH3 in wildfire plumes.  

In summary, we present approaches to examine the chemical evolution of a reactive species 

(NH3) in individual smoke plumes from space. Our work demonstrates the ability of the CrIS 

instrument to observe chemical loss of NH3 in wildfire smoke plumes and these methods can 

likely be applied to other species with both stationery and wildfire sources. 
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3.5 DATA AVAILABILITY STATEMENT 

CALIPSO data: NASA/LARC/SD/ASDC. (n.d.). CALIPSO Lidar Level 2 Vertical Feature Mask 

(VFM), V4-51 [Data set]. NASA Langley Atmospheric Science Data Center DAAC. Retrieved 

from https://doi.org/10.5067/CALIOP/CALIPSO/CAL_LID_L2_VFM-Standard-V4-51  

 

VIIRS: NRT VIIRS 375 m Active Fire product VNP14IMGT distributed from NASA FIRMS. 

Available online https: //earthdata.nasa.gov/firms (last access: August 2021), https: 

//doi.org/10.5067/FIRMS/VIIRS/VNP14IMGT_NRT.002 (LANCE FIRMS, 2021b). 

 

CrIS WE-CAN observations:  This is a special (non-operational) TROPESS processing to 

process all pixels of CrIS within a spatial-temporal box and is found 

here:  https://zenodo.org/records/17065859. 

 

https://doi.org/10.5067/CALIOP/CALIPSO/CAL_LID_L2_VFM-Standard-V4-51
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CHAPTER 4 

EVOLUTION OF AMMONIA (NH3) IN WILDFIRE SMOKE PLUMES FROM SPACE: INSIGHTS FROM A 

HYBRID OPTIMAL ESTIMATION AND MACHINE LEARNING RETRIEVAL APPROACH 

4.1 INTRODUCTION 

As mentioned in Chapter 1, biomass burning is the primary terrestrial source of 

atmospheric ammonia (NH3). Chapter 4 follows Chapter 3 in discussing NH3 in wildfire smoke 

plumes.  

Reactive nitrogen (Nr = all N-containing species apart from N2 and N2O) emissions from 

natural biomass burning originate from the nitrogen content within the fuel itself. Natural fires 

typically do not reach temperatures high enough to produce thermal NOₓ through the reaction of 

atmospheric N2 and O2, so fuel-bound nitrogen is the dominant source (Roberts et al., 2020). The 

amount of reactive nitrogen released therefore varies with fuel type, as different fuel materials 

contain different levels of nitrogen. Fuel moisture and arrangement can also affect the 

combustion characteristics and relative emissions of reactive nitrogen compounds (L.-W. A. 

Chen et al., 2010; Lindaas, Pollack, Garofalo, et al., 2021b; McAllister, 2019). In general, higher 

nitrogen content in biomass leads to greater emissions of reactive nitrogen species upon 

combustion (Burling et al., 2010; Coggon et al., 2016b; Kuhlbusch et al., 1991; Stockwell et al., 

2014). Combustion efficiency is particularly important in determining the variability of NH3 

emissions (Roberts et al., 2020). Smoldering combustion tends to emit more NH3 than flaming 

combustion (Lindaas, Pollack, Calahorrano, et al., 2021a; Roberts et al., 2020; Yokelson et al., 

1996, 1997). However, the relationship between combustion efficiency and NH3 emissions can 

be highly non-linear (Tomsche et al., 2023). 
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These satellite instruments take near-continuous observations of the entire globe, 

amounting to a massive amount of data to be processed and converted into NH3 measurements. 

The NASA TROPESS project generates consistent, long-term records of various trace gases, 

including NH3 and CO (Bowman et al., 2021). The TROPESS project builds on the TES legacy 

by applying a unified optimal estimation (OE) (Rodgers, 2000) algorithm across multiple 

satellite platforms. TROPESS emphasizes uncertainty characterization, and consistency between 

datasets and platforms (K. W. Bowman et al., 2006; Fu et al., 2016a). However, due to 

computational constraints, less than 2% of the available CrIS CO and NH3 soundings are 

currently processed, leaving substantial gaps in potential global trace gas monitoring (Werner et 

al., 2025). 

While machine learning (ML) offers powerful capabilities for atmospheric retrievals, its 

current limitations in uncertainty quantification and diagnostic outputs present challenges for 

broader adoption in remote sensing applications. ML models have the ability to efficiently learn 

complex nonlinear relationships within atmospheric science; however, limitations exist in terms 

of explainability and uncertainty quantification that have hindered its broader use in remote 

sensing (Tyralis & Papacharalampous, 2024). Traditional OE retrieval methods provide 

additional key diagnostic information (e.g., averaging kernels, degrees of freedom, error 

covariance, etc), along with the retrieval, but ML methods currently lack diagnostic analogues 

(Werner et al., 2025). Diagnostic information supplementing each retrieval is critical for data 

assimilation and model-observation comparisons (Jones et al., 2003; Miyazaki et al., 2015). 

Here we present the use of a novel CrIS ML-based retrieval approach of NH3 and CO in 

wildfire smoke plumes. This novel ML-based retrieval approach is a hybrid of OE and ML 

retrievals, leveraging the respective strengths of each. The hybrid retrieval framework uses a set 
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of the OE retrievals as a training dataset and as a source of physically meaningful priors. The 

ML-based algorithm then “fills in the gaps” left by OE, bridging observational gaps left by the 

current processing limits. This hybrid approach provides an interpretable pathway for the 

integration of machine learning into operational remote sensing processing and is further 

described in (Werner et al., 2025). A handful of studies have looked at NH3 emissions and their 

evolution in biomass burning plumes using in situ sampling (Adams et al., 2019; Lindaas, 

Pollack, Calahorrano, et al., 2021a; Lindaas, Pollack, Garofalo, et al., 2021b; Tomsche et al., 

2023). We have shown that OE satellite observations can extend the number of biomass burning 

plumes that can be analyzed using satellite observations in Chapter 3. Here we explore how these 

methods can be applied to a novel ML-based dataset and how ML-based datasets can be used to 

expand the current satellite dataset. 

 

4.2 METHODS 

4.2.1 TROPESS Data 

We use observations from the CrIS instrument, a nadir viewing Fourier transform 

spectroradiometer currently flying on the Suomi-National Polar Orbiting Partnership (S-NPP) 

satellite and on the JPSS satellite systems, providing data continuity well into the 2040s. CrIS 

provides measurements of Earth view interferograms at 30 cross-track positions, each consisting 

of a 3 × 3 array of fields of view (FOVs), with each FOV measuring 15 km in diameter at nadir. 

S-NPP and the JPSS satellites fly in a sun-synchronous polar orbit with mean local daytime 

overpass around 13:30. CrIS provides calibrated Level 1B radiances in three spectral bands: 660-

1095 cm-1 (long-wave), 1210-1750 cm-1 (mid-wave) and 2155-2550 cm-1 (shortwave). The CrIS 

instrument provides full spectral resolution radiances on a 0.625 cm-1 spectral grid.  

 TROPESS trace gas retrievals are provided on a reduced horizontal grid of 0.8° (Fu et al., 
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2016b, 2018, 2019) that is based on the TES L2 processing algorithm (K. W. Bowman et al., 

2006) and uses the OE retrieval approach (Rodgers, 2000). TROPESS retrievals of both CO and 

NH3 are processed routinely and are available in the NASA GES DISC. Validation of TROPESS 

CO can be found in Worden et al. (2022) and validation of TROPESS NH3 can be found in 

(Dammers et al., 2017). This study utilizes single-FOV CrIS-MUSES retrievals from the 

TROPESS forward stream (K. Bowman, 2021b, 2021a; K. W. Bowman, 2021b, 2021a). 

 

4.2.2 Machine Learning Model 

A full machine learning model has been developed, trained, and evaluated to 

simultaneously predict a variety of TROPESS variables using observed CrIS radiances and 

geolocation data as inputs and is fully described in (Werner et al., 2025). Briefly, the model takes 

3 features as input: CrIS radiances at a specified wavenumber, the sensor viewing angle, and the 

surface altitude. These input features are represented as matrices, where each element fs1-3 

corresponds to one of the N samples. The ML model then maps these features to a set of output 

labels (L1-3). The output labels are also structured as matrices and contain elements ls1-3 for each 

individual sample, denoted by s=1…N for the CrIS column. Output labels include: the CO or 

NH3 column concentration, total column retrieval error, and the column averaging kernel at ~511 

hPa (Werner et al., 2025).  

The ML model developed in (Werner et al., 2025) is a feedforward artificial neural 

network (ANN), which maps the input to the output through several hidden layers. Each hidden 

layer contains a large number of interconnected neurons. The exact model structure and settings 

are determined through processes that are described in (Werner et al., 2021, 2023). The model 

training was done using Keras library for Python (v 2.10.0) (Chollet, 2015) with TensorFlow (v 

2.10.0) as the backend (Abadi et al., 2016).  
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 Specific features used for the CO and NH3 models include radiances at all 2224 spectral 

channels for CO and NH3, the field of view (FOV) index, latitude and longitude of each sample, 

UTC time, the day/night flag, the sensor viewing angle, the day of the year, and the TROPESS 

sub column a priori values (Werner et al., 2025). This yields an output matrix consisting of 24 

predicted variables for each species, including: the sub column concentrations, column averaging 

kernels, and sub column retrieval errors. For the data used here, the model training was 

performed on a high-performance computing cluster and took ~10 days to converge to a solution 

of the 12,000,000 model weights (Werner et al., 2025). 

 

4.2.3 Other Satellite Data 

We use observations of active fire hotspots from the Visual Infrared Imaging Radiometer 

Suite (VIIRS) aboard the S-NPP satellite to locate active fires and assess their relative fire 

radiative power (FRP) in the same way as in Chapter 3. See section 3.2.2 for details about how 

VIIRS fire data were used in this analysis. 
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4.2.4 Normalized Excess Mixing Ratio (NEMR) calculations  

 
Figure 4.2: Estimated non-smoke background NH3 from June through October 2020, calculated 

using retrievals where the CrIS-ML tropospheric column CO < 1.8e18 molecules cm-2, gridded 

at 0.25° x 0.25° for June through October. 

 

To evaluate the chemical loss of NH3 in a smoke plume, we use the normalized excess 

mixing ratio (NEMR), or the enhancement ratio described in Section 3.2.3.  

To calculate the NEMR using satellite observations, we follow the approach described in 

Chapter 3. We use a static CO background of 1.8e18 molecules cm-2. This CO background 

represents the highest approximate value of CO in the “smoke-free” ML retrievals in the study 

area. This threshold was selected based on consistency with expected smoke features from OE-

based retrievals and validated by confirming that plume isolation for 2018 events closely 

matched the results reported in Chapter 3. The background NH3 is estimated using all retrievals 

where tropospheric column CO < 1.8e18 molecules cm-2 and we separate these background 

estimates by month. This approach, however, is not perfect and these background grids are not 
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completely free of the influence of smoke as exemplified by September in Figure 4.2, where 

enhanced NH3 is observed off of the NW coast associated with smoke. Thus, these grids likely 

overestimate the true smoke-free average NH3. This conservative approach means that NEMR 

calculations will only be positive for well-defined concentrated discrete smoke plumes.  

Discerning the evolution of NH3 in biomass burning plumes from satellite observations 

depends on our ability to isolate smoke plumes from elevated regions of NH3 associated with 

agriculture. Figure 4.2 presents an estimate of no/low smoke NH3 background from the CrIS 

ML-approach retrievals for the contiguous United States (CONUS) for five months, June 

through October. For all months, there are few regions that stand out with persistently high NH3 

(e.g., the Snake River Valley, ID; Central Valley, CA, among others), and all of these areas are 

home to concentrated agricultural activities, either animal husbandry or crop production. There is 

also seasonality variation in NH3 concentration evident in Figure 4.2. NH3 volatilization from 

manure/urine has a strong temperature dependence, and both the environmental conditions and 

management practices influence how much NH3 is volatilized from fertilizer application and this 

has been observed in prior satellite datasets (R. Wang et al., 2021). We use the month of August 

as a conservative approach to removing the persistent agricultural source of NH3 embedded in 

the retrievals from our calculations of NEMR for all figures. The NH3 hotspot around the central 

US is highest in June and there are many hotspots along the eastern US that peak in July. The 

hotspot around the Snake River Valley, ID peaks in August. In general, the background across 

the entire US peaks in August (Figure 2.2b), so using August as the background, or using a mean 

containing August, is thus the more conservative approach in estimating the background no/low 

smoke NH3. An estimate of the mean NH3 per surface type on a monthly basis (Appendix C 

Figure A3.1-3) and we find croplands, temperate/sub-polar grasslands, tropical/sub-tropical 
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broadleaf deciduous forests, urban buildup, and tropical/subtropical grasslands to have the 

highest mean background NH3 concentrations. However, from this analysis we find that using 

land classification alone is insufficient to completely estimate NH3 background value 

distributions per land cover type because this product does not include information about animal 

feeding lots, which are a significant source of NH3. Animal feeding lots are likely grouped in 

with croplands and grasslands.  

 

 

4.3 RESULTS AND DISCUSSION 

4.3.1 Comparing Machine Learning and Optimal Estimation-based approaches 
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Figure 4.3: CrIS optimal estimation-based retrieval results (a, d, g, j), machine learning-based 

retrieval results (b, e, h, k), and scatter plots comparing the two approaches (c, f, i, l). (a-f) 

highlights the Pole Creek Fire plume on September 13, 2018 (35°N, 50°N, 125°W, 100°W). (g-l) 

highlights the Mendocino Complex Fire plume on August 3, 2018 (38°N, 45°N, 125°W, 

110°W). 

 

To evaluate consistency between retrieval methods, we compare NH3 and CO features 

derived from ML-based and OE-based retrievals. Figure 4.3 presents maps and scatter plots from 

the S-NPP platform and shows that large-scale spatial patterns in both gases qualitatively agree 

across the two approaches. A similar comparison exists for the JPSS-1 platform (not shown), and 

we find the ML-based retrieval from JPSS-1 to be identical to the S-NPP retrieval, so we choose 
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to only show the S-NPP comparison here. For the ML-based retrieval, we only use daytime 

values where the quality flag is > 0.8, denoting “there are features outside the training range, but 

within the extended range”. We present tropospheric column values for both NH3 and CO. For 

comparison, we use daytime-only OE-based retrieval footprints where the quality flag is good, 

and we show total column averages.  

The consistency between ML-based and OE-based retrievals of NH3 and CO for the Pole 

Creek Fire is illustrated by Figure 4.3, highlighting the agreement in large-scale features and 

downwind dilution patterns within the smoke plume, further emphasized by Figures 4.3c and 

4.3f, where r2 values between the predicted ML and retrieved OE NH3 and CO are 0.94 and 1.0, 

respectively.  A clear plume associated with the Pole Creek Fire in Utah (September 13, 2018) is 

visible in both Figures 4.3a and 4.3b. The overall large-scale features of NH3 on this day 

qualitatively match between retrieval approaches, further reflected in the high r2 values. Within 

the wildfire smoke plume, a clear decrease in NH3 concentrations is observed with increasing 

distance from the fire centroid. The two maps in Figure 4.3a and 4.3b also show elevated NH3 in 

the Snake River Valley, ID and San Joaquin Valley, CA. Similar to NH3, the large-scale features 

of CO match between the retrieval approaches. Figures 4.3c and 4.3d display a similar 

comparison as Figures 4.3a and 4.3b, but for CO. The decrease of CO with distance as the plume 

dilutes with non-plume (background) air is also evident in the Pole Creek Fire plume in both the 

ML-based and OE-based retrievals. 

While the Pole Creek Fire represents the most ideal comparison case because of the 

isolated nature of the plume, the ML- and OE-based retrievals are also qualitatively very similar 

on more complex days with multiple or extended smoke plumes. Figures 4.3g-l present a 

comparison of retrieval methods applied to August 3, 2018. On this day, the Mendocino 
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Complex Fire produced a plume that extended over a much larger spatial extent, crossing many 

state boundaries. The plume overlapped other regions with dilute smoke. In both NH3 (Figure 

4.3e-f) and CO (Figure 4.3g-h), the large-scale enhancements match between retrieval methods 

and the decay of in-plume NH3 and CO concentrations with distance match between the 

methods. The correlations between methods for NH3 is lower than that of the Pole Creek day, 

where r2 = 0.85. The almost perfect correlation between the ML and OE approaches for CO is 

also evident for a larger sample of data, as shown in Werner et al., 2025. 

 

 

 

 



 88 

 
Figure 4.4. Comparison of S-NPP OE (a) and S-NPP ML (b) for the isolated Pole Creek Fire 

Plume, UT on Sept 13, 2018. Plume includes CrIS footprints where column CO > 2e18 

molecules cm-2. Panels a and b show the NEMR per CrIS footprint for the OE and ML 

approaches, respectively. Panel c shows approximate plume age per CrIS footprint calculated as 

in Chapter 3. Panel d shows how NEMR changes with plume age from the ML (orange) and OE 

(purple).  

 

The Pole Creek Fire plume provides an opportunity to quantify the relationship between 

NH3 and other trace gases within 0 - 4 hours of transport time given its isolation (low 

background non-plume abundances) and high in-plume concentrations. This plume has already 

been used to demonstrate the ability of CrIS to detect the chemical loss of PANs and NH3 on the 

scale of hours within a concentrated plume (Juncosa Calorrano et al., 2021; Shogrin et al., 2025). 
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We leverage this plume to compare the ML-based and OE-based approaches to evaluate the rate 

of loss of NH3 in the plume. 

We observe a decline of NH3 NEMR with plume age from both retrieval approaches for 

the Pole Creek Fire smoke plume, and the relative rates are similar. Figure 4.4 presents a 

comparison of the NEMR for the S-NPP OE-based retrieval (Figure 4.4a) and the ML-based 

retrieval (Figure 4.4b) for the isolated Pole Creek plume on September 13, 2018. The plume was 

isolated using only retrievals where tropospheric column CO > 2e18 molecules cm-2 across both 

retrievals. The plume ages were calculated using a mean wind speed from Juncosa Calahorrano 

et al. (2021). For the NEMR calculation, in the OE-based retrieval we use a dynamic NH3 

background based on an estimate of “smoke-free” NH3 described in Shogrin et al., 2025 and a 

CO background of 1.8e18 molecules cm-2. In the ML-based approach, for simplicity of 

comparison, we estimate the NH3 and CO background values based on the average values in the 

vicinity around the plume from Figure 4.3b and 4.3c; these values are ~3e16 molecules cm-2 and 

~9e17 molecules cm-2, respectively. Figure 4.4d presents the change in NEMR with plume age 

for both retrieval approaches. While both approaches show a general decline in NEMR with 

increasing plume age, the values from the ML-based retrieval tend to be lower than those in the 

OE-based retrieval. This is also reflected in the color bars of Figures 4.4a and 4.4b. The Pole 

Creek Fire plume interacted with complex terrain as it ascended and descended over the Uinta 

Mountains (J. Juncosa Calahorrano et al., 2026). This means that the fresher portions of the 

plume over Utah were located at a higher altitude than the portions of the plume to the northeast 

over WY. This likely introduces some height biases. The subsequent analysis instead focuses on 

a plume that did not interact with complex terrain, providing a clearer example of the dataset in 

application. 
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4.3.2 Machine Learning-based Plume Evolution in Individual Smoke Plumes  

  

 
Figure 4.5: CrIS ML-based NH3 smoke enhancements from two days of burning of the Cameron 

Peak fire in Northern Colorado. (a) CrIS ML-based NH3 for the Cameron Peak Fire plume on 

August 14, 2020, and (b) NH3 NEMR for August 14, 2020. (c) same as (a) but for October 14, 

2020, and (d) same as (b) for October 14, 2020. Plumes have been isolated where CrIS ML-

based CO > 2e18 molecules cm-2. 

 

The Cameron Peak Fire provides a valuable case study for analyzing the CrIS ML-based  

observations of smoke-enhanced NH3, as its prolonged duration and multiple days of well-

defined plumes offer favorable conditions for satellite-based analysis. Additionally, the smoke 

plume was emitted from mountainous terrain but then dispersed over the eastern Colorado plains. 

Thus, we anticipate less complexity in interpreting NH3 and NH3 NEMR values. The Cameron 

Peak Fire is, to date, the largest wildfire in Colorado history. Cameron Peak began on August 13, 

2020, and burned for 112 days until it reached full containment on December 2, 2020. The fire 
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burned 208,663 acres through Arapaho and Roosevelt National forests in Larimer and Jackson 

Counties and through Rocky Mountain National Park. The fire exhibited rapid and sustained 

growth over its duration, driven by high temperatures, low humidity, and persistent high winds, 

with gusts reaching up to 80 mph during September and October (Wikipedia, n.d.-a). These 

conditions, combined with the presence of extensive drought-stricken vegetation and thousands 

of acres of dense beetle-kill forest, created highly flammable fuel beds.  

Figure 4.5 presents two days of burning of the Cameron Peak fire, August 14 and 

October 14, 2020. These days were both characterized by extensive fire growth and visible 

smoke plumes from visible satellite imagery (VIIRS). Both smoke plumes have been isolated 

using only smoke-impacted retrievals (tropospheric column CO > 1.8e18 molecules cm-2). We 

show plumes from the same fire on two different days; however, stronger 700 hPa winds on 

October 14 resulted in more efficient plume transport and a greater spatial extent (Figure 4.5c), 

whereas weaker 700 hPa winds on August 14 kept the plume largely confined within Colorado 

(Figure 4.5a). August 14, 2020 marked the first full day of active burning for the Cameron Peak 

Fire and was characterized by rapid expansion, with the fire growing from ~ 2,200 to 4,600 acres 

by 19:00. Figure 4.5a shows the CrIS ML-based retrieval of the fire plume on this date, with 

each CrIS footprint colored by predicted NH3.  

Figures 4.5c and 4.5d similarly present the CrIS-ML predicted NH3 and NH3 NEMR, 

respectively, for October 14, 2020. On this date, after 62 days of burning, the Cameron Peak Fire 

became the largest wildfire in Colorado history (Haggard & Paul, 2020). Rapid fire growth 

occurred throughout the day, with an overnight expansion of 30,000 acres, the most significant 

increase since early September (not shown), where the fire grew by 70,000 acres in 2 days. 

Easterly winds and rapid fire growth produced expansive smoke plumes visible across northern 
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Colorado visible in satellite imagery. As in Figure 4.5a, Figure 4.5c shows a pronounced 

decrease in NH3 and Figure 4.5d shows a similar decrease in NH3 NEMR with increasing 

distance from the fire source. October 14 had substantially more smoke-impacted retrievals 

downwind than August 14, reflecting generally smokier conditions and broader plume extent. 

While the NH3 NEMR calculation method accounts for spatial variability in non-fire NH3 

emissions, the CrIS instrument lacks vertical profile information, with peak sensitivity in the 

lower to mid-troposphere. As a result, in regions with elevated surface NH3 this NEMR 

calculation method can still induce some error, as there are many stationary agricultural NH3 

emissions in Eastern Colorado and western Nebraska. 

 

4.4 SUMMARY & CONCLUSIONS 

We present the first analysis of novel ML-based retrievals for CrIS NH3 and CO. Our 

analysis utilizes these novel retrievals to quantify the NH3 enhancement with respect to CO in 

wildfire smoke plumes during an active fire year. We show the evolution of smoke-enhanced 

NH3 in numerous individual smoke plumes from the ML-based data, and this work lays the 

groundwork for future analysis using this ML-based retrieval. 

  

1. The ML-based algorithm approach to expanding the Optimal Estimation-based retrieval 

for CO and NH3 in wildfire smoke plumes match qualitatively for smoke plumes during 

the 2018 wildfire season. We demonstrate this with example smoke plumes from 

September 13, 2018, and August 3, 2018. 

 

2. The ML-based approach qualitatively matches the OE-based approach for the Pole Creek 

Fire Plume, UT on September 13, 2018 with respect to plume isolation, plume age, and 
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the spatial pattern of NEMR per footprint. The NH3 NEMR calculated using the ML-

based approach is overall lower in magnitude than that of the OE-based retrieval. 

 

3. The Cameron Peak Fire plume in Colorado during fall 2020 provides an opportunity to 

examine this ML-based dataset in the context of a large wildfire plume. We observe clear 

transport of smoke-enhanced NH3 far downwind (~280 - ~500 km) of the fire source. 

 

4. Given this product’s ability to increase the number of smoke plumes available for 

analysis, further work on height correction for the Standard CrIS NH3 product is 

warranted and should be integrated into the ML processing pipeline. 

 

We demonstrate the capabilities of this novel CrIS ML-based approach in capturing the NH3 

evolution in wildfire smoke plumes. We show the potential to use this dataset to explore 

variability in the emissions and evolution of NH3 in individual fire plumes with relation to 

differences in fire and burning conditions. 
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CHAPTER 5 

SUMMARY, CONCLUSIONS, AND FUTURE WORK 

5.1 SUMMARY AND CONCLUSIONS 

This dissertation presents novel satellite observations and methods for analyzing the 

distribution and evolution of trace gas species. We present findings about the variability in 

intercontinental transport and chemical evolution of trace gas species in biomass burning smoke 

plumes. Chapter 2 presents global observations of PANs from the CrIS instrument that serve as 

the first global-scale observations of PANs at this spatiotemporal scale. Chapter 3 presents the 

chemical evolution of NH3 in wildfire smoke plumes and develops methods for analyzing 

chemical enhancements in smoke plumes from space for species with variable background 

sources. Building upon these methods, Chapter 4 applies a novel machine learning–based 

retrieval approach for CrIS, serving both to extend the analysis of smoke plume chemistry and to 

demonstrate a comparison between the new retrieval algorithm and the native CrIS retrievals. 

In Chapter 2, we investigated the concentrations of PANs crossing Northern Hemisphere 

Ocean basins through new CrIS satellite observations. This study presents the first global-scale 

satellite observations of PANs from 2016 to 2022. PANs exhibit clear seasonal cycles, peaking 

in spring (MAM; Northern Hemisphere and SON; Southern Hemisphere), with elevated levels 

persisting through summer months. Spring and summer months are the dominant times for 

transpacific and transatlantic transport. Interannual variability is linked to multiple drivers, 

including temperature, atmospheric circulation patterns, biomass burning, and changes in 

anthropogenic NOₓ emissions, especially during the COVID-19 pandemic. Notably, spring of 

2020 saw substantial reductions in PANs and NO2, with the most pronounced changes over the 

Northwest Pacific. These findings demonstrate the capability of CrIS to detect intercontinental 
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transport of pollutants, and these observations improve our understanding of the variability in 

transport. 

In Chapter 3, we develop a satellite-based approach to investigate the chemical evolution 

of NH3 in wildfire smoke plumes. We focus on summer 2018 in coordination with WE-CAN in 

situ observations. Despite strong stationary NH₃ sources, CrIS demonstrates the capability to 

detect smoke-enhanced NH3 and its downwind evolution. We present a method to estimate 

wildfire-driven NH3 enhancements by removing background levels using a “smoke-free” 

reference grid of NH3 values, enabling more accurate normalized excess mixing ratio (NEMR) 

calculations. In the Pole Creek Fire plume, ~78% of smoke-enhanced NH3 is lost within 3–4 

hours, aligning with aircraft-based estimates. Over longer-lived fires like the Carr and 

Mendocino Complex fires, lower NH3 NEMRs are associated with higher fire radiative power, 

suggesting shifts in fire behavior influence NH3 emissions. Vertical profiling with CALIPSO 

supports interpretations related to aerosol partitioning. Overall, this work demonstrates that 

satellite data can effectively capture NH3 loss in wildfire plumes and offers a framework 

applicable to other trace gas species with variable background sources. 

In Chapter 4, we build on the methods developed in Chapter 3 and we focus on wildfire 

plumes during the summer of 2020, a time with an unprecedented number of wildfires across the 

CONUS. This study presents the first application of a ML-based retrieval to expand CrIS 

observations of NH3 and CO in wildfire smoke plumes. The ML-based retrieval aligns well with 

OE-based methods, capturing plume structure, aging, and NH3 enhancement patterns, as 

demonstrated with case studies from the 2018 wildfire season. Using this new dataset, we 

analyze NH3 evolution in smoke from multiple 2020 fires. Across four distinct fire plumes, we 

observe NH3 loss ranging from 50-97% in roughly five hours of aging. Over longer fire 
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lifecycles, such as the Pine Gulch Fire, we find that higher daily mean fire radiative power 

correlates with lower NH3 enhancements. This work highlights the utility of ML-based CrIS 

retrievals for tracking NH3 variability in smoke and provides a foundation for future studies of 

plume chemistry and fire behavior. 

 Across these three studies, we demonstrate the growing capabilities of satellite 

observations to track the spatiotemporal evolution of trace gases associated with anthropogenic 

pollution and wildfire smoke. Each of our studies highlight the complex interplay between 

emission sources, atmospheric chemistry, and transport dynamics involved in analyzing trace 

gases from pollution sources. Our studies stress the importance of continuous observations from 

space-based platforms, as our results would not be possible without the vantage point provided 

by space. Moreover, the application of machine learning-based algorithms in satellite retrievals 

opens new pathways for streamlining data processing and enhancing overall data coverage.  

Currently, instruments like CrIS provide valuable observations once per day and once per 

night per location, limiting our ability to capture rapidly evolving pollution events. As satellite 

capabilities advance, particularly with the emergence of infrared sounders on geostationary 

platforms, these methods can be extended to provide near-continuous monitoring of reactive 

trace gases. Near continuous geostationary monitoring would enable important insights into the 

diurnal evolution, chemical aging, and transport of pollutants, significantly improving our ability 

to assess air quality and its impacts in near real-time. 

The ability to observe trace gases like NH3 and PANs from space has critical implications 

for air quality management, climate policy, and environmental equity. These species contribute 

to secondary pollutant formation, influence atmospheric radiative forcing, and reflect broader 

shifts in anthropogenic and natural emissions. However, spatiotemporal limitations in 
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monitoring, especially over oceans, rural regions, and the Global South, can obscure the full 

extent of pollution exposure and its consequences. By advancing methods to detect and interpret 

trace gases from satellite platforms, this work contributes to closing observational gaps that 

disproportionately affect under-monitored regions and populations. As satellite datasets and our 

analysis tools advance, satellite observations can serve as valuable tools for informing 

international air quality agreements, improving health impact assessments, and guiding future 

policy decisions on transboundary pollution.  

 

5.2 FUTURE WORK 

The following sections explore several possible extensions of the work detailed in this 

dissertation. 

 

5.2.1 Pollution Transport  

The goal of Chapter 2 was to quantify and understand the primary drivers of interannual 

variability in PANs crossing ocean basins. This work focused on Northern Hemisphere Ocean 

basins and specifically transport between Asia and North America and between North America 

and Europe, however, there are other regions around the globe that are major sources of 

intercontinental transported pollution, like west/central Europe, sub-Saharan Africa and Southern 

Asia (Stohl et al., 2002, 2004). 

South Asia is of particular interest, as the Indian subcontinent is one of the most populous 

regions in the world and the population is projected to continue to increase (UN/DESA, 2023) as 

India outranks China for most populated country in 2023 and Delhi is projected to be the most 

populous city in the world by 2028 (UN/DESA, 2018). The death toll due to air pollution has 

risen alongside the growth of urban populations and industry in India (Balakrishnan et al., 2019; 
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Lelieveld et al., 2015). The Indian subcontinent region has some of the most degraded air quality 

in the world, with 14 out of the 15 most polluted megacities being in India (WHO, 2016). NOx 

emissions in many Indian megacities continue to increase due to increasing vehicle fleet in urban 

areas (Gurjar et al., 2016). Export of pollutants from India contribute significantly to the global 

burden of air pollutants (Babatola, 2018; Lelieveld et al., 2015). In-situ observations of PANs are 

practically absent from this area, making the use of satellite observations an essential resource 

for understanding this key reservoir species. 

The Indian subcontinent and surrounding regions are heavily influenced by the Indian 

monsoon. The monsoon typically lasts from June-September with most of the rainfall occurring 

in July and August (Gurjar et al., 2016). Soluble gases and aerosols in ambient air are efficiently 

removed by monsoon rains, leaving less soluble species to be lofted into the upper troposphere 

via deep convection and be transported towards northern Africa and the Mediterranean 

(Lawrence & Lelieveld, 2010). Convective removal processes leave PANs comprising ~95% of 

NOy species (Cooper & Parrish, 2004). The winter monsoon period lasts from October-April and 

is relatively dry with cooler temperatures, with a predominant northeasterly near-surface flow. 

Regional pollutants frequently form a thick haze layer during this period that spreads millions of 

square kilometers between southern Asia and the intertropical convergence zone (ITCZ) 

(Lawrence & Lelieveld, 2010). During the monsoon transition periods, flow across the Indian 

ocean is primarily zonal, and pollution plumes originating from both southeastern Asia and 

Africa spread across the Central Indian Ocean (Lawrence & Lelieveld, 2010). Seasonal biomass 

burning can further degrade air quality over the region in March-May and October- November 

and (Sahu et al., 2015; Saxena et al., 2021). In addition to PANs being transported from the 

polluted boundary layer to the upper troposphere via convection, PANs can also be formed in the 



 99 

upper troposphere via the production of NOx from lightning (Tie et al., 2007; C. Zhao et al., 

2009). Lightning activity over the Indian subcontinent peaks during the monsoon season (Penki 

& Kamra, 2013; Ranalkar & Chaudhari, 2009). 

I hypothesize elevated PANs will be observed during the pre-monsoon and summer 

monsoon period over urban regions and northern India. I expect biomass burning and lightning 

to be important contributors to elevated PANs over and outflowing from India during their 

respective time periods. We expect the monsoon period to be an important time period for 

elevated PANs in the upper troposphere thus increasing the potential for transport. I hypothesize 

CrIS will detect elevated PANs within pollution plumes outflowing from the Indian subcontinent 

during the winter monsoon and transition time periods, however, we expect these time periods to 

be less important for long-range transport as the potential for lofting into the upper troposphere is 

decreased. I therefore expect to find lower values of PANs in the upper troposphere at these 

times. 

The Southern Hemisphere remains understudied compared to the Northern Hemisphere. 

There have been a handful of studies focused on transport between South America and Africa 

(Edwards, Emmons, et al., 2006; Edwards, Pétron, et al., 2006; Stohl et al., 2002, 2004), 

however to a much less extent than the NH has gotten attention. Satellite measurements are 

particularly well suited for analyzing air pollution transport in the southern hemisphere as routine 

ground-based measurements including PANs are incredibly sparse in the SH. CrIS captures 

PANs moving between Africa and Australia and between South America and Africa in SON/DJF 

(Figure 2.1 from Chapter 2) and these transport patterns can be similarly quantified in the ways 

we have outlined in Chapter 2. During the 2016-2022 period, several significant events affecting 

the Southern Hemisphere were observed, including extreme air quality deterioration and 
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extensive smoke transport from the 2019/2020 Australian bushfires (Attiya & Jones, 2022; M. Li 

et al., 2021), record levels of biomass burning in the Amazon in 2019 (Silva et al., 2021) and in 

2020 (Silveira et al., 2022), and air quality changes associated with the COVID-19 pandemic. 

The methods described in Chapter 2 are broadly applicable to various global regions and can be 

used to investigate the transport of air pollutants both into and out of continental areas. 

 

5.2.2 Expanding fire-related analysis using ML-based data  

The work presented in Chapter 4 demonstrates the first application of newly developed 

machine learning–based CrIS retrievals of CO and NH3. This study highlights several potential 

uses of this novel dataset; however, its full range of applications remains largely unexplored.  

Outside of the United States, there are many other regions with active fire seasons and 

intense agricultural burning activity. Prioritizing data processing in regions where frequent fire 

activity intersects dense population centers and agricultural productivity is important for 

understanding air quality and reactive nitrogen distributions. Such regions include northern India 

(e.g., near New Delhi), Western African nations such as Nigeria, Southeast Asia (both mainland 

and maritime), and eastern China, as these are all areas where large populations are routinely 

exposed to smoke from agricultural burning. For example, seasonal burning around New Delhi 

degrades air quality for tens of millions of residents between April–May and October–November 

(Cusworth et al., 2018; Lan et al., 2022; Saxena et al., 2021). Satellite observations from CrIS 

also detect increased concentrations of reactive nitrogen species such as PANs during these 

periods, further confirming widespread air quality degradation (M. J. Shogrin et al., 2024). 

Additional regions with active fire seasons include boreal forests (e.g., Canada and Siberia), 

tropical areas with seasonal burning (e.g., sub-Saharan Africa and the Amazon), and other fire-

prone ecosystems such as the Australian bush (Attiya & Jones, 2022; M. Li et al., 2021). CrIS 



 101 

ML-based data offers a valuable tool for characterizing enhancements and the chemical 

evolution of reactive nitrogen species in these biomass burning plumes. The following section 

focuses on NH3 enhancements associated with agricultural burning in the southeastern United 

States. 

 

 
Figure 5.1: CrIS ML-based observations over the Arkansas Delta agricultural region. (a) Spatial 

distribution of smoke-impacted CrIS retrievals from agricultural burning on October 6, 2020, 

identified using retrievals where tropospheric CO > 1.9e18 molecules cm-2. CrIS footprints are 

colored by NH3 NEMR [molecules cm-2/molecules cm-2]. VIIRS active fire detections are 

overlaid as green triangles, scaled by relative FRP. The underlying map shows LANDSAT-based 

land cover classifications (from Chapter 4). (b) same as (a) but for October 7, 2020. (c) 

distributions of NH3 NEMR within the respective domains from (a-b). 

 

ML-based retrievals offer a promising avenue for studying NH3 emissions from 

agricultural burning from a satellite-based perspective. Unlike wildfires, prescribed agricultural 

burns are typically smaller in size and can often go undetected by conventional satellite active 

fire detection algorithms. However, the VIIRS 375 m active fire product is capable of identifying 

many smaller fire hotspots associated with agricultural burning, particularly in the southeastern 

United States (F. Li et al., 2018; Vadrevu & Lasko, 2018; Wei et al., 2018; T. Zhang et al., 

2017). 

Figure 5.1 shows CrIS ML-based retrievals impacted by smoke over the Arkansas Delta 

agricultural region on two days in October 2020, with data colored by NH3 NEMR. VIIRS active 
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fire detections are concentrated within the agricultural zone (denoted by light green on 

underlying maps), and smoke-impacted retrievals are spatially clustered around the VIIRS active 

fire detections (green triangles). On October 6 and 7, numerous active fires were detected by 

VIIRS in this region and smoke is evident in visible satellite imagery.  

In contrast to the large-scale wildfires discussed in Chapters 3 and 4, agricultural fires 

tend to produce less spatially extensive and less visually distinct smoke plumes when observed 

from space. Instead, these smaller burns result in dense clusters of smoke-enhanced retrievals 

distributed across the broader burning region, as illustrated in Figures 5.1a and 5.1b. While 

agricultural prescribed fires typically do not generate long-range, boundary-crossing smoke 

plumes, they can still have substantial localized impacts, including degraded air quality, reduced 

visibility (Cusworth et al., 2018; Lan et al., 2022; H. Li et al., 2010; Maji et al., 2024; Pinakana 

et al., 2024), and adverse health effects in nearby communities (Pullabhotla & Souza, 2022; M. 

A. Rangel & Vogl, 2019; M. Rangel & Vogl, 2016; Sablan et al., 2024). Moreover, many of 

these regions lack extensive ground-based air quality monitoring networks, limiting the ability of 

local communities to assess their exposure to smoke-related pollutants (Sablan et al., 2024). 

Satellite-based quantification of emissions from these fires helps bridge these observational gaps. 

Additionally, characterizing the chemical composition and evolution of smoke from agricultural 

burning is essential for understanding both short- and long-term atmospheric and public health 

impacts. 
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APPENDIX A1 

 

SUPPLEMENTAL INFORMATION FOR CHAPTER 2 

 

 

 

Introduction 

This Appendix provides additional figures and statistical results referenced in Chapter 2. Included are 

extended visualizations of carbon monoxide (CO) distributions and North Atlantic Oscillation (NAO) 

Index values for selected time periods discussed in Chapter 2.  

To evaluate interannual differences in CrIS observations of PANs, we conducted a one-way ANOVA 

with post-hoc pairwise comparisons across three defined periods: “pre-COVID”, “COVID”, “post-
COVID”. This analysis assesses whether the distributions of PANs values differ significantly between 

defined time periods and individual years independent of each temporal grouping.  

 

 
Figure A1.1: CrIS CO gridded monthly mean distribution within the respective boxes denoted in 

Figure 1. The months shown are the months with interannual variability over the Pacific Ocean 
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basin boxes, with the addition of July. Hue difference represents pre-COVID and post-COVID 

time periods. The extent of the boxes represents the 25th and 75th percentile, the median is 

shown by the line in the center, and the extents of the whiskers represent the 5th and 95th 

percentile. Outliers in data are not shown. 

 

 

 

 

 

Figure A1.2: CrIS CO gridded monthly mean distribution within the respective boxes denoted in 

Figure 1. The months shown are the months with interannual variability over the Atlantic Ocean 

basin boxes. Hue difference represents pre-COVID and post-COVID time periods. The extent of 

the boxes represents the 25th and 75th percentile, the median is shown by the line in the center, 

and the extents of the whiskers represent the 5th and 95th percentile. Outliers in data are not 



 130 

shown.

 

Figure A1.3: Values of the North Atlantic Oscillation Index from January 2016 to December 

2022 (purple line), shading indicates phase (positive: red; negative: blue). “Anomalous” values 

of CrIS PAN are shown as burgundy and pink dots and represents deseasonalized values. 

Deseasonalization was performed using STL (Seasonal-Trend decomposition using Loess), 

which separates the time series into trend, seasonal, and residual components; the deseasonalized 

series is the sum of the trend and residual, without the seasonal component.	

 

 

Table A1.1: P-values for the NW Pacific from a pairwise ANOVA test. Years that are 

statistically different (p < 0.05) are highlighted in purple.	
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Table A1.2: P-values for the NE Pacific from a pairwise ANOVA test. Years that are 

statistically different (p < 0.05) are highlighted in purple.	

 

 

Table A1.3: P-values for the USA-Atlantic outflow region (NW Atlantic) from a pairwise 

ANOVA test. Years that are statistically different (p < 0.05) are highlighted in purple for months 



 132 

June, July and August.    

 

Table A1.4: P-values for the USA-Atlantic outflow region (NW Atlantic) from a pairwise 

ANOVA test. Years that are statistically different (p < 0.05) are highlighted in purple for June.   

 

Table A1.5: P-values for the USA-Atlantic outflow region (NW Atlantic) from a pairwise 

ANOVA test. Years that are statistically different (p < 0.05) are highlighted in purple for July. 
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Table A1.6: P-values for the USA-Atlantic outflow region (NW Atlantic) from a pairwise 

ANOVA test. Years that are statistically different (p < 0.05) are highlighted in purple for August. 
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APPENDIX A2 

 

SUPPLEMENTAL INFORMATION FOR CHAPTER 3 

 

 

 

This Appendix provides additional figures and HYSPLIT model runs referenced in Chapter 3.  

 

  

 
Figure A2.1: Estimated non-smoke background NH₃ from July 24 to September 13, 2018, 

calculated using retrievals where tropospheric CO < 100 ppbv, gridded at 0.25° × 0.25° for the 

entire domain, (-125°, -100°, 35°, 50°). 
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Figure A2.2: Estimate of the percent of NH3 that can be attributed to smoke from CrIS 

observations from July 24, 2018 through September 13, 2018 following methods from Juncosa 

Calahorrano et al., 2021. Red circles denote VIIRS active fire detections.  
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Figure A2.3: Distributions of CrIS NH3 NEMR [ppbv/ppbv] values for Mendocino Complex 

fires (a; 38.24°N, 40.25°N, -123.9°W, -121.9°W) and Carr Fires (b; 40.6°N, 41.6°N; -122.6°W, -

121.6°W) colored by the median VIIRS I-5 channel brightness temperature of fire pixel [K] 

value per day [using only high confidence retrievals]. The silver line represents the median 

value. The red lines represent the respective burned area difference from the previous day 

(Wikipedia, n.d.-a, n.d.-b) 
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Figure A2.4: HYSPLIT back trajectory for August 3, 2018 initialized at three levels (A. F. Stein 

et al., 2015)
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 APPENDIX A3 

 

SUPPLEMENTAL INFORMATION FOR CHAPTER 4 

 

 

 

This section contains the supplemental information for Chapter 4. The three figures presented 

here show the mean NH3 by land surface type for June, July and August. Colors in figures 

correspond to the land surface types in the map in Figure 4.1.  

 

Section A3.1 presents an application of the machine learning-based CrIS product in four 

different wildfire smoke plumes over different terrain types. This section has been removed from 

the main chapter because the CrIS data the ML predictions were trained on contains a height-bias 

in the NH3 product, making the NH3 values an overestimate within concentrated smoke plumes. 

See Chapter 3 for more details about this height-bias and our attempts to correct it.  

 

 
Figure A3.1: Map of USA colored by land cover class from LANDSAT NALCMS data 

(Commission for Environmental Cooperation (CEC), 2023). Red boxes correspond to extents in 

Figures A.5-4.7. 
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Figure A3.2: Mean NH3 by land surface type for June. Colors correspond to the LANDSAT 

land surface classification map in Figure 4.1.  

 

 
Figure A3.3:  Mean NH3 by land surface type for July.   
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Figure A3.4:  Mean NH3 by land surface type for August.    

 

 

 

4.3.2 Machine Learning-based Plume Evolution in Individual Smoke Plumes  

 The following section aims to use this ML-based data to evaluate the chemical evolution 

of NH3 in four different wildfire smoke plumes in a similar way to how we used the OE-based 

data in Chapter 3. This section has been removed from the main text due to a height bias in the 

NH3 data in smoke plumes that causes an overestimate of NH3 values.  
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Figure A3.5: CrIS NH3 smoke enhancements for the Cameron Peak Fire in Colorado. (a) Spatial 

distribution for the isolated Cameron Peak Fire plume on August 14, 2020, identified using 

retrievals where tropospheric column CO > 2e18 molecules cm-2. CrIS footprints are colored by 

NH3 NEMR [molecules cm-2/molecules cm-2]. VIIRS active fire detections are overlaid as green 

triangles, scaled by relative FRP. The underlying map shows LANDSAT-based land cover 

classifications (from Figure 4.1). (b) NH3 NEMR values from panel (a) plotted as a function of 

estimated plume age. (c-d) Same as panels (a) and (b), respectively, but for October 14, 2020. 

 

The Cameron Peak Fire provides a valuable case study for analyzing the CrIS ML-based 

observations of smoke-enhanced NH3, as its prolonged duration and multiple days of well-

defined plumes offer favorable conditions for satellite-based analysis. The Cameron Peak Fire is, 

to date, the largest wildfire in Colorado history. Cameron Peak began on August 13, 2020, and 

burned for 112 days until it reached full containment on December 2, 2020. The fire burned 

208,663 acres through Arapaho and Roosevelt National forests in Larimer and Jackson Counties 

and through Rocky Mountain National Park. The fire exhibited rapid and sustained growth over 

its duration, driven by high temperatures, low humidity, and persistent high winds, with gusts 
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reaching up to 80 mph during September and October. These conditions, combined with the 

presence of extensive drought-stricken vegetation and thousands of acres of dense beetle-kill 

forest, created highly flammable fuel beds.  

Figure A3.5 presents two days of burning of the Cameron Peak fire, August 14 and 

October 14, 2020. These days were both characterized by extensive fire growth and visible 

smoke plumes from visible satellite imagery (VIIRS). Both smoke plumes have been isolated 

using only “smoke-impacted” retrievals defined as retrievals where tropospheric column CO > 

2e18 molecules cm-2. We compare plumes from the same fire on two different days over similar 

time scales; however, stronger 700 hPa winds on October 14 resulted in more efficient plume 

transport and a greater spatial extent (Figure A3.5c), whereas weaker 700 hPa winds on August 

14 kept the plume largely confined within Colorado (Figure A3.5a). August 14, 2020, marked 

the first full day of active burning for the Cameron Peak Fire and was characterized by rapid 

expansion, with the fire growing from ~ 2,200 to 4,600 acres by 19:00. Figure A3.5a shows the 

CrIS ML-based retrieval of the fire plume on this date, with each CrIS footprint colored by NH3 

NEMR.  

A clear decrease in NH3 NEMR with increasing distance from the fire centroid is evident 

in Figure A3.5a and is further quantified in Figure A3.5b, which illustrates NH3 NEMR as a 

function of estimated plume age. Plume age was estimated here using wind speeds from NOAA 

meteorological reanalysis daily mean data at 700 hPa and the fire centroid location from VIIRS 

active fire hotspots following methodology described in Chapter 3. Figure A3.5b shows the NH3 

NEMR decreasing from ~0.061 to ~0.02 molecules cm-2/molecules cm-2 in roughly 5 hours of 

aging (67% decrease) and from ~0.061 to ~0.005 molecules cm-2/molecules cm-2 in roughly 10 

hours of aging (97% decrease). 
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The interaction between plume transport and underlying land cover plays a critical role in 

shaping observed NH3 enhancements and their interpretation through NEMR analysis. For 

plumes older than 5 hours, greater uncertainty arises due to evolving fire dynamics in time and 

more heterogeneous background NH3 concentrations in agricultural regions. The plume in Figure 

A3.5a is overlaid on the LANDSAT-based land cover classification from Figure A3.1. The 

Cameron Peak Fire primarily burned through coniferous forest dominated by Ponderosa pine, 

Engelmann spruce, and mixed conifer species. As the plume dispersed, it advected over regions 

classified mainly as grasslands, croplands, and some shrublands. Notably, croplands (light green) 

are associated with higher and more variable background NH3 levels—particularly in August 

(Figure 4.2), which underscores the importance of accounting for spatially varying background 

NH3 in the NEMR calculation. In Figure A3.5b, increased variability in the relationship between 

NEMR and plume age is observed at ~5 hours of plume age, which may reflect both changing 

burning conditions and the transition of the plume over cropland areas.  

Figures A3.4c and A3.4d similarly present the NH3 NEMR analysis as a function of 

distance from the fire centroid and estimated plume age, respectively, for October 14, 2020. On 

this date, after 62 days of burning, the Cameron Peak Fire became the largest wildfire in 

Colorado history (Haggard & Paul, 2020). Rapid fire growth occurred throughout the day, with 

an overnight expansion of 30,000 acres, the most significant increase since early September (not 

shown), where the fire grew by 70,000 acres in 2 days. Easterly winds and rapid fire growth 

produced expansive smoke plumes visible across northern Colorado and in satellite imagery. As 

in Figure A3.5a, Figure A3.5c shows a pronounced decrease in NH3 NEMR with increasing 

distance from the fire source. Figure A3.5d quantifies this decline as a function of approximate 

plume age. October 14 had substantially more “smoke-impacted” retrievals downwind than 
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August 14, reflecting generally smokier conditions and broader plume extent. Higher average 

700 hPa wind speeds on October 14 facilitated more efficient eastward transport, contributing to 

a greater number of smoke-impacted retrievals eastward over eastern Colorado, Nebraska, and 

Kansas. While the NH3 NEMR calculation method accounts for spatial variability in non-fire 

NH3 emissions, the CrIS instrument lacks vertical profile information, with peak sensitivity in 

the lower to mid-troposphere. As a result, in regions with elevated surface NH3 this NEMR 

calculation method can still induce some error. This limitation may contribute to the increased 

noise observed in Figure A3.5d beyond ~5 hours of aging. A similar, though less pronounced, 

pattern is seen in Figure A3.5b. On October 14, the NH3 NEMR decreased from ~0.06 to ~0.015 

molecules cm-2/molecules cm-2 (~75% decrease) in about 5 hours of aging. This is a steeper 

decline than observed on August 14, consistent with the higher daily mean 700 hPa wind speed 

and more efficient smoke transport. 

 

 
Figure A3.6: CrIS NH3 smoke enhancements for the Mangum Fire in Arizona. (a) Spatial 

distribution for the isolated Mangum Fire plume on June 16, 2020, identified using retrievals 

where tropospheric column CO > 2e18 molecules cm-2. CrIS footprints are colored by NH3 

NEMR [molecules cm-2/molecules cm-2]. VIIRS active fire detections are overlaid as green 

triangles, scaled by relative FRP. The underlying map shows LANDSAT-based land cover 
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classifications (from Figure A3.1). (b) NH3 NEMR values from panel (a) plotted as a function of 

estimated plume age. 

  

Applying the same analytical framework used for the above Cameron Peak Fire analysis, 

we investigate another fire event with a distinct fuel type. Figure A3.6 presents the CrIS ML-

approach retrieval NH3 NEMR for the Mangum Fire in Arizona on June 16, 2020. The Mangum 

fire started June 8 and reached containment on June 27, 2020, and burned through 71,450 acres. 

June 16th marked the most significant single-day growth with 17,824 acres burned, bringing the 

cumulative total to 47,481 acres by day's end (National Weather Service, Flagstaff AZ, 2020). 

Strong southwesterly winds and low relative humidity enabled extreme growth and hampered 

firefighting efforts and resulted in the clearly-defined, narrow plume heading to the northeast 

visible in satellite imagery (National Weather Service, Flagstaff AZ, 2020).  

Figure A3.6a displays the spatial extent of the isolated smoke plume overlaid on the 

LANDSAT land cover classification map. A distinct decrease in NH3 NEMR is observed with 

increasing distance from the fire centroid, consistent with prior cases. Figure A3.6b shows this 

decline as a function of estimated plume age, calculated using daily mean 700 hPa wind speeds 

(~14 m/s)—a higher value than observed for either Cameron Peak Fire case. Over approximately 

5 hours of aging, NH3 NEMR decreases from ~0.061 to ~0.003 molecules cm-2/molecules cm-2 

(~95% decrease). 

 The fire burned primarily through sagebrush grassland and pinyon-juniper shrubland. As 

the plume advected into Utah, it passed over regions dominated by shrubland, which, unlike 

croplands, are not associated with elevated background surface NH3 (see Figure 4.2). According 

to the Smoke Emissions Reference Application (SERA; (University of Washington, 

n.d.);  database (Burling et al., 2011; Gkatzelis et al., 2024; Lindaas, Pollack, Calahorrano, et al., 

2021a; Selimovic et al., 2018)) shrubland fuels have high NH3 emission factors (3.9 g NH3/kg 
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fuel and 1.22 g NH3/kg fuel for smoldering and flaming combustion, respectively), compared to 

coniferous forests (1.77 g NH3/kg fuel and 0.89 g NH3/kg fuel burned for smoldering and 

flaming combustion, respectively). The expected emission factors would be highest under 

smoldering combustion conditions, which consistently are associated with higher emissions 

factors of NH3 relative to flaming combustion across all fuel types.  

 

 
Figure A3.7: CrIS NH3 smoke enhancements for the W-5 Cold Springs Fire in Northern 

California, part of the August 2020 California Lightning fires. (a) Spatial distribution for the 

isolated W-5 Cold Springs Fire plume on August 23, 2020, identified using retrievals where 

tropospheric column CO > 2e18 molecules cm-2 and where the NH3 NEMR > 0.02. CrIS 

footprints are colored by NH3 NEMR [molecules cm-2/molecules cm-2]. VIIRS active fire 

detections are overlaid as green triangles, scaled by relative FRP. The underlying map shows 

LANDSAT-based land cover classifications (from Figure 4.1). (b) NH3 NEMR values from 

panel (a) plotted as a function of estimated plume age. 

 

A similar analytical framework is applied to investigate a fresh plume from a third fire 

event in August 2020 with distinct burning conditions surrounded by more aged smoke. Figure 

A3.7 presents the CrIS-ML approach retrieval for NH3 NEMR for the W-5 Cold Springs Fire in 

Northern California on August 23, 2020. This fire was a part of the August 2020 California 

Lightning Fires, which consisted of a series of 650 wildfires that ignited across Northern 

California in mid-August 2020 due to a siege of dry lightning from a rare set of massive summer 
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thunderstorms. The fires burned ~1,000,000 acres within a 2-3 week period (source) and created 

many large, well-defined smoke plumes visible from space.   

Figure A3.7 presents one of the more defined plumes from the space perspective. Figure 

A3.7a displays the spatial extent of the isolated plume overlaid on the LANDSAT land cover 

classification map. Similar to the Cameron Peak and Mangum fires, the plume has been isolated 

using only retrievals where CO > 2e18 molecules cm-2, however, the August 2020 California 

Lighting Fires were burning in many locations at this time, creating a lot of “background smoke” 

over the area, so this filtering did not successfully isolate the plume. There were many CrIS 

footprints surrounding this plume with very low NEMR values (ranging from ~0.0 to ~0.018 

molecules cm-2/molecules cm-2), denoting aged smoke surrounding the fresher plume. We 

therefore apply additional filtering to use retrievals where the NH3 NEMR > 0.018 molecules 

cm-2/molecules cm-2 to ensure we are sampling the freshest smoke. Using this NEMR threshold 

does not impact the interpretation of the plume, as the most aged in-plume points for this domain 

are above this threshold. Some erroneous points were not filtered out, however, and appear as 

lower NEMR values in the lower right of Figure A3.7a. Focusing on the plume, a distinct 

decrease in NH3 NEMR with increasing distance is observed in Figure A3.7a, consistent with the 

prior cases. Figure A3.7b shows this decline as a function of approximate plume age using the 

same analysis methods from Figures A3.5 and A3.6. Erroneous points not filtered out contribute 

to the noise in Figure A3.7b observed between 1.8 and 7 hours of aging. Over approximately 5 

hours of aging, the NH3 NEMR decreases from ~0.060 to ~0.032 molecules cm-2/molecules cm-2 

(~47% decrease).  

We identified several distinct fire plumes from the 2020 wildfire season, representing a 

range of fuel types, from forests to shrublands, using space-based observations. These plumes 
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demonstrate that our ability to quantify and track the evolution of NH3 enhancements within a 

plume using satellite measurements is influenced by the underlying land surface type, which 

determines the background NH3 levels encountered by the plume. For the four cases analyzed, 

the reduction in smoke-enhanced NH3 relative to CO ranges from 47% to 95% over 

approximately five hours. This loss appears to be relatively consistent across the plumes, 

potentially reflecting similarities in fire behavior during this time of day (~13:30 local time) and 

at the observed altitudes. 

 

4.3.3 Near-Field Evolution of Fire Centroid from Machine Learning   

 

 
Figure A3.8: Distributions of CrIS NH3 NEMR [molecules cm-2/molecules cm-2] for the Pine 

Gulch Fire in Colorado (38.3°N, 40.2°N, 109.5°W, 107.5°W) colored by the median VIIRS FRP 

value per day (using high and nominal confidence retrievals). The silver line denotes the median 

NEMR value. 

 

To better understand the emission characteristics of the Pine Gulch Fire, we analyze the 

evolution of NH3 enhancements near the fire source during its most active burning period. The 

Pine Gulch Fire in western Colorado ignited from a lightning strike on July 31, 2020, and burned 
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through 139,007 acres until it reached full containment on September 23, 2020. Pine Gulch was 

the largest wildfire in Colorado history for only seven weeks until it was surpassed by the 

Cameron Peak Fire on October 14, 2020 (Mesa County, n.d.; Wikipedia, n.d.-c). The fire was 

intensified by hot and dry weather, steep terrain and drought-stricken fuel sources, including 

grasslands, sagebrush, pinyon pine, and firs. Similarly to the Cameron Peak Fire, firefighting 

efforts were hampered by steep terrain and high wind speeds. 

 The temporal evolution of wildfire-driven NH3 enhancements offers insight into the 

emission dynamics near the fire centroid during active burning. To characterize this near-source 

region, we define a rectangular domain extending from the fire centroid and oriented with the 

prevailing downwind direction of the smoke plumes. This domain is intended to capture freshly 

emitted smoke in close proximity to the fire centroid. There is some spread expected within this 

near-source region, but patterns exist within the distributions of NEMRs. Figure A3.8 illustrates 

the distributions of NH3 NEMR values within this near-source box for the Pine Gulch Fire 

during the dates with the most extreme fire growth, August 5-13. The Pine Gulch fire grew from 

approximately 6,000 acres to over 69,000 acres during these 9 days (McKee, 2020).  

 Figure A3.8 shows higher values of median daily FRP are associated with the lower 

distributions of NH3 NEMR. This pattern is particularly evident on August 7, 2020, where the 

NEMR distribution is the lowest and the FRP value reaches nearly 200 MW, the highest daily 

median FRP out of the 9 days. Extreme fire growth occurred on August 7th, enabled by low 

humidity, high temperatures, and strong winds, where the fire went from 11,846 acres on August 

5th to over 20,000 acres by the evening of August 7th. Similarly, the NEMR distribution on 

August 12th reaches a global minimum (~0.01 molecules cm-2/molecules cm-2) and the daily 

median FRP is the 2nd highest in this sample (~80 MW). Other dates (August 8-11) experience 
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lower daily median FRP values (>70 MW) and display higher distributions of NH3 NEMR 

values (medians range ~0.055-0.075 molecules cm-2/molecules cm-2). The overall trend of the 

NH3 NEMR distributions is increasing with time while the trend of the distributions of FRP 

values (not shown) for the same period suggests a decrease in time, as the fire shifts from 

fresher, flaming combustion, to more aged smoldering combustion. These relationships 

qualitatively align with what is reported in Chapter 3, where a similar relationship exists between 

NH3 NEMR distribution and FRP with time from the Mendocino Complex Fires and Carr Fire in 

Northern California. Chapter 3 reported days with the largest burned area difference in the 

Mendocino Complex fires were associated with some of the lowest NEMR distributions and 

highest median FRP values, a pattern also present in Figure A3.8.   

 

 In conclusion of this brief application section, we find: 

 

1. ML-based CrIS data is used to analyze NH3 enhancements in wildfire smoke plumes 

from 3 different fires between June and October 2020. We find NH3 NEMRs decrease 

47%-95% with roughly 5 hours of aging for these plumes. The interaction between plume 

transport and underlying land cover plays a critical role in shaping observed NH3 

enhancements and their interpretation through NEMR analysis.  

 

2. As western wildfires burn for days to weeks, over their lifecycle burning conditions often 

shift. We examine how the NH3 NEMR over the Pine Gulch Fire in western Colorado 

shifts over the ~1.5 weeks of largest growth in August 2020. We find a relationship 

between the distribution of near-fire-centroid NEMRs and daily mean FRPs, where 

higher daily mean FRPs are associated with lower NH3 NEMR values.  
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