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Abstract

In this work, we address the following questions: 1) What is the balance between

global transport and regional emissions in the vertical structure of N2O mixing ra-

tios in the African outflow? 2) Is it possible to distinguish different combustion

sources of N2O in Africa? 3) Can we confirm or deny the possibility of a heteroge-

neous chemical N2O source in air heavily polluted by urban-industrial emissions?

4) How do N2O enhancements modeled from ATom observations compare to cur-

rent understanding of N2O budgets in the region? 5) What is the total amount

of N2O flowing through the African outflow? N2O is the third most important

greenhouse gas and the most important ozone depleting gas; understanding these

contributions to its African regional budget is an important piece of the climate

puzzle. We analyze trace gas data gathered by the Atmospheric Tomography Mis-

sion, with a focus on N2O in the Atlantic basin. We use a clustering technique

built around the DBSCAN and t-SNE algorithms to improve understanding of dif-

ferent N2O sources. Some Atlantic ATom clusters are broadly characterizable as

part of the African outflow. N2O enhancements in the ATom 2 African outflow

are associated with combustion emissions. Within these emissions, we find an

enhancement from anthropogenic biomass burning, a possible enhancement from

heterogeneous chemistry, and an important transport contribution from Europe.

The urban biomass burning source we identified is associated with discrepancies

between ATom N2O modeled enhancements and a recent landmark N2O budget.

We evaluate N2O enhancements outside of the African outflow and find that aged

pollution is an important driver of N2O. We also develop a technique to estimate

the atmospheric N2O background using atmospheric transport models and global

ATom N2O data. This method also shows that advection is a crucial process in

the arrangement of N2O in the African outflow. We use this more region specific

model of N2O enhancements to find 0.9-1.1 Tg N yr−1 of N2O flowing through the

African outflow. We also use a more global N2O background to find 1.9-2.1 Tg N

yr−1 of N2O flowing through the African outflow. Emissions from burning wood

and urban-industrial emissions with high sulfur content, along with transport pro-

cesses, are the key to our understanding of N2O in the African outflow.
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and Luke Schiferl —gave me their kindness and clever ideas, and helped

with calculations.

The Earth and Planetary Science Preceptors —Annika Quick and

Esther James —taught me the nuts and bolts of a long-term research project

and did their best to keep me on a timeline.

My family have done everything and anything for me my entire

life.

Rachel Oshiro was unconditionally there for me, no matter what

thesis induced mood I could come up with. She also helped with Adobe

Illustrator.

The Harvard University Center for the Environment and Harvard Earth and

Planetary Sciences Department funded my work over the summer of 2019,

and the Wofsy-Munger Group on Biosphere-Atmosphere Exchange funded

my work over the summer of 2020.

v



Chapter 1

Introduction

1.1 Why do we care about N2O?

Humanity’s impact on the trace gas composition of the atmosphere

increases with the population and complexity of our global civilization.

This is of great concern primarily due to the effects anthropogenically forced

gasses —including carbon dioxide (CO2), methane (CH4), nitrous oxide (N2O)

and chloroflourocarbons (CFC’s)—have on the radiative properties of the

atmosphere. Nitrous oxide is the third most important greenhouse gas

(Ciais et al., 2013). It lasts longer in the atmosphere than CH4 and causes

more warming per molecule than CO2 (Butterbach-Bahl et al., 2013; Prather

et al., 2015). Some trace gasses, notably CFC’s, are also of interest because

they strengthen the chemical sinks of stratospheric ozone, which protects

the surface from high energy solar radiation (Molina and Rowland, 1974; An-

derson et al., 1991). With CFC concentrations decreasing in the atmosphere

as a result of the Montreal Protocol, N2O catalyzes the primary chemical

sink for stratospheric ozone (Ravishankara et al., 2009). We study N2O as a

potential threat to the ozone layer and to better understand human driven

climate change.

The goal of this project is to use data gathered by the Atmospheric

Tomography Mission (ATom) to advance our understanding of atmospheric

N2O, especially enhancements observed in the African outflow. Specifically,
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we seek to isolate enhancements from different combustion processes, un-

derstand the relevance of advective transport, and investigate the possibil-

ity of a source of N2O from heterogeneous chemistry. We also are interested

in how ATom observations of N2O differ from models of N2O in the litera-

ture, and what processes are associated with those differences. Finally, we

want to model the total amount of N2O emitted by Africa to the outflow.

1.2 N2O Budget and Trend

Recent work by Tian et al. (2020) distilled modern understanding

of global N2O budgets. They found that 17 Tg N worth of N2O are emit-

ted annually to the atmosphere from natural and anthropogenic sources.

Anthropogenic sources account for 43% of the total N2O source, represent-

ing a significant perturbation. Photolysis and reaction with excited atomic

oxygen, O1D, in the upper stratosphere are the only significant sinks for

atmospheric N2O (Prather et al., 2015). These processes remove 13.5 Tg N

worth of N2O from the atmosphere every year.

The difference between N2O emissions and sinks results in 4.1 Tg

N of N2O accumulating in the atmosphere each year (Tian et al., 2020). Ob-

served and modeled changes in N2O mixing ratios are around +0.75 ppb

yr−1, and the background mixing ratio has increased more than 20% from

a preindustrial mixing ratio of 270 ppb to more than 330 ppb today (Meure

et al., 2006; Yang et al., 2020; Tian et al., 2020). The yearly change in N2O con-

centrations is increasing more rapidly than accounted for in climate mod-

els, giving urgency to the problem of understanding the complex sources of

N2O (Thompson et al., 2019).
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1.3 N2O Source and Sink Processes

1.3.1 Non-Combustion Sources

Soil microbes performing nitrification and denitrification are the

single largest source of N2O emissions (Tian et al., 2019). 60-80% of the an-

thropogenic source of N2O is from fertilizer production and application,

which stimulates these nitrogen processing soil microbes to release more

N2O (Galloway et al., 2003; Gvakharia et al., 2020). Another important con-

tributor to agricultural N2O is livestock manure and excreta (Dangal et al.,

2019).

N2O is produced primarily by denitrification, nitrification, and other

more esoteric processes by ocean microbes in the water column (Forster

et al., 2009; Santoro et al., 2011). The oceanic source is highly concentrated

in upwelling regions, such as the Eastern Tropical Pacific, and the Benguela

(Nevison et al., 2004; Yang et al., 2020). Humans perturb these processes

by adding reactive nitrogen to the water column through fertilizer runoff

(Naqvi et al., 2000). In order to understand the impact of oceanic nitrogen cy-

cle microbes on airborne N2O observations, it is possible to use the product

Atmospheric Potential Oxygen (APO). APO is calculated from oxygen to

nitrogen ratios, and is a tracer of gas exchange between the atmosphere and

ocean (Stephens et al., 1998). However, it also can be influenced by biomass

burning (Lueker et al., 2003).

1.3.2 Combustion Sources

Various combustion processes release N2O. Fossil fuel combustion

reacts oxygen with both molecular nitrogen (N2) in the air and nitrogen
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in the fuel to make various forms of reactive nitrogen, including N2O (Gal-

loway et al., 2003). Burning wood is another source of N2O to the atmosphere

(Crutzen et al., 1979; der Werf et al., 2010). Cities like Lagos, Nigeria, a large

and rapidly growing city in Western Africa, generate N2O by burning low

quality petroleum products as well as wood for fuel (Marais et al., 2014).

Africa also has strong seasonal wildfires that produce a plume of pollution

that extends into the Atlantic (Schill et al., 2020).

Carbon monoxide (CO) is a useful tracer for combustion because of

its short atmospheric lifetime (Crutzen and Andreae, 1990). Observing a CO

enhancement indicates combustion influence, and observing an enhance-

ment of another species (e.g. N2O) in tandem with CO can indicate that

species was emitted in the same location as the combustion. While CO

is a tracer of general combustion, hydrogen cyanide (HCN) is specific to

biomass burning, including natural forest fires and humans using wood or

charcoal for fuel.

There is another potential source of N2O related to combustion.

Heterogeneous atmospheric chemistry is chemical processes that occur on

the interface between gaseous species and aerosols. Current understanding

does not account for a chemical source of N2O in the atmosphere. Early

work by Martin et al. (1981) found aqueous reaction pathways where nitro-

gen oxides (NOx), and in particular nitrogen dioxide (NO2), oxidize sulfur

dioxide (SO2) in solution, resulting in N2O. They predicted this would not

be a globally important source of N2O to the atmosphere. Pires and Rossi

(1997) and Pires (1996) investigated NOx—SO2 chemistry in lab simulated

exhaust gas and found significant rates of heterogeneous N2O production.

All three of these studies find that the acidic environment created by the

general oxidation of SO2 to sulfuric acid is necessary to make N2O.

4



Figure 1.1: Wang et al. (2020)’s schematic of their proposed heterogeneous
reaction pathway. SO2 is oxidized to SO2−

4 in steps by NOx and HONO in
water droplets. The theoretical stoichiometry of this reaction would result
in 1 mol of N2O produced for every 3 mols SO2 oxidized.

In their work investigating the Beijing winter haze phenomenon,

Wang et al. (2020) found SO2 oxidation by NOx to be relevant to the pro-

duction of sulfate particulate matter (PM). Their proposed pathway starts

with gaseous NO2 and SO2, creates and uses nitrous acid (HONO) in an

intermediary redox step, before adding aqueous sulfate to the aerosol par-

ticle and releasing N2O (Figure 1.1). The theoretical stoichiometry of this

pathway results in every 3 mols of SO2 creating 1 mol of N2O when oxi-

dized. Observations of a Beijing haze event saw a roughly 5.5 ppb increase

in N2O alongside the 12 ppb increase in SO2 (Figure 1.2). This reaction rep-

resents the possibility of a heterogeneous chemical N2O source in concen-

trated, cloud processed urban pollution, and does not require the hot and

acidic exhaust conditions of Pires and Rossi (1997). They find evidence of

this pathway under conditions with: high black carbon (BC), high liquid

water content (condensed water droplets as opposed to just high relative

humidity), as well as high NOx and SO2.
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Figure 1.2: (Wang et al., 2020)’s correlations between sulfate PM mixing ra-
tios and A: N2O, B: HONO C: NO2, D: nitrate PM 1. They find that an
increase of ≈12 ppb of sulfate PM corresponds to a ≈5.5 ppb increase in
N2O.
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1.3.3 Stratospheric Sink

On average, N2O lasts for 116 years in the atmosphere before be-

ing destroyed by photolysis or oxidation in the stratosphere (Prather et al.,

2015). As a result, the stratosphere is depleted in N2O relative to the tropo-

sphere, leading to stratospheric-tropospheric exchange being modeled as

the primary cause of the N2O seasonal cycle (Nevison et al., 2011). Work by

Gonzalez et al. (2021) analyzed airborne observations of this phenomenon.

They found that the effect of stratospheric-tropospheric exchange on North-

ern hemisphere surface N2O mixing ratios lags by 2-3 months. The primacy

of this process over emissions to the global N2O background mixing ratio

highlights the importance of transport to understanding airborne observa-

tions of N2O.

1.4 More Motivation

As a final motivating exercise, we perform a back-of-the-envelope

calculation comparing the climate impact represented by Tian et al. (2020)’s

uncertainty for African N2O emissions to the climate impact of operating a

coal fired power plant. In Tian et al. (2020)’s regional analysis of N2O flux,

Africa had the greatest uncertainty. For the sake of argument, we assume

the magnitude of that uncertainty is 1 Tg N worth of N2O per year. Each

molecule of N2O has 298 times the 100 year global warming potential of a

molecule of CO2 (Butterbach-Bahl et al., 2013). Assuming that the 1100 MW

coal power plants newly built in Germany (Wilkes and Parkin, 2020) burn 10

Gg of coal per day equivalent to 3.65 Tg coal per year (Donev et al., 2019),

and assuming that coal is on average 70% carbon by weight (U.S.EIA, 2020),

and assuming that all of the carbon in the burned coal eventually becomes

7



CO2 in the atmosphere, we arrive at:

1Tg N worth of N2O ∗
(

1 mol N2O
28 ∗ 10−12 Tg N worth of N2O

)
∗
(

298 mols CO2

1 mol N2O

)
∗(

12 ∗ 10−12 Tg carbon
1 mol CO2

)
∗
(

1 Tg coal
0.7 Tg carbon

)
∗
(

1 coal powerplant
3.65 Tg coal

)
≈

50 coal powerplants!

(1.1)

Reducing uncertainty in African N2O emissions is an important

contribution to climate change research. Now sufficiently motivated, we

set to work.

8



Chapter 2

Methods

2.1 The Atmospheric Tomography Mission

The Atmospheric Tomography Mission (ATom) was a series of four

global flight campaigns that measured numerous chemical species with sev-

eral instruments aboard the NASA DC-8 (Wofsy et al., 2018). ATom flew in

all four seasons between 2016-2018. Each campaign sampled the Atlantic

and Pacific basins, as far from human activity as possible, as well as the

Arctic and Antarctic, in profiles spanning spanning roughly altitudes of 150

meters to 13,000 meters. The profiles of greatest interest to this study’s con-

sideration of African N2O enhancements occurred on February 13 2017 and

February 15 2017, (ATom 2).

The Quantum Cascade Laser Spectrometer (QCLS) was onboard

the DC-8 to measure N2O, CO, and CH4 at 1 hz frequency. Gonzalez et al.

(2021) analyzed the spectrographic data from the QCLS to give an N2O mix-

ing ratio. The QCLS was damaged for ATom 1 resulting in unusable N2O

data. Furthermore, in ATom 2, 3, and 4, QCLS had calibration issues due

to sensitivity to the pressure and temperature in the cabin of DC-8 which

resulted in drifts of the N2O data. Gonzalez et al. (2021) used an algorithm

based on principal component analysis to improve the accuracy of inter-

pretation of raw QCLS data into N2O mixing ratio measurements in spite

of these drifts. They also validated their calculated N2O values with the
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Lagos

ATom Campaign 2 3 4

Flight Paths of ATom 2,3,4

Figure 2.1: Flight paths of Atlantic ATom

Programmable Flask Package (PFP) instrument aboard the DC-8 as well as

with data from surface stations close to the ATom flight path. Both of these

data sources are considered to be a reliable standard. In ATom 3, the QCLS

drifts remained somewhat elusive. As a result ATom 3 QCLS N2O data

is acceptable for use in qualitative source attribution. For flux calculations,

and anywhere absolute values are necessary, we are restricted to QCLS data

from ATom 2 and ATom 4. Atlantic ATom 4 has less influence from Africa,

so apart from some use of ATom 4 data to help interpret ATom 2, we focus

our analysis on ATom 2.

2.2 Calculation of Footprints to Assess Surface In-

fluence

Understanding where aircraft observed air was influenced by the

surface is useful for analyzing enhancements of chemical species. The end

goal of this method is to calculate how much of a hypothetical emission to
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the boundary layer should be transported to a point in space and time along

the ATom flight track, referred to as a receptor. The boundary layer is the

lowest part of the atmosphere in direct communication with the surface,

where turbulence due to convection and wind-rough surface interactions

result in the air being well mixed with respect to pollutants. A ”footprint”

is a representation of the notion of surface influence we are pursuing with

this method. We combined methods from two different atmospheric trans-

port models to calculate the footprints we used to analyze ATom data: the

trajectories calculation from TRAJ3D (Section 2.2.2) and the integration of

those trajectories into a footprint from STILT (Section 2.2.1)(Bowman, 1993;

Lin et al., 2003). We did this in order to save computational resources with

the simpler TRAJ3D trajectories, and discuss the STILT method for calculat-

ing trajectories as well for comparison.

2.2.1 Overview of the Stochastic Time-Inverted Lagrangian

Transport Model

Stochastic Time-Inverted Lagrangian Transport (STILT) is a method

for determining the influence of a surface region on a receptor point (Lin

et al., 2003). The first step was creating an ensemble of trajectories; the ve-

locity vector at each time step is a combination of the velocity of each hy-

pothetical Lagrangian particle (u), informed by prevailing winds (ū) given

by meteorological data and a stochastic turbulent component (u′). The Hy-

brid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model can

provide the mean wind field from either Global Forecast System (GFS) or

Global Data Assimilation System (GDAS) meteorological wind fields (Stein

et al., 2015).
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Velocity vector︷︸︸︷
u =

Turbulence component︷︸︸︷
u′ +

Mean velocity, from HYSPLIT︷︸︸︷
ū

The turbulent components of the velocities (u′) are calculated as

Markov chains, with each time step updated with a Gaussian distributed

random variable (λ) scaled with the Lagrangian timescale (R(∆t)). The pa-

rameters λ and ∆t are derived from the heat and momentum fluxes in the

meteorological fields.

u′(t+ ∆t) = u′′(t) + R(∆t)︸ ︷︷ ︸
R(∆t)=exp

(
−∆t
Li

)u
′(t)

u′′(t) = λ︸︷︷︸
λ∼N(0,σi)

(1−
︷ ︸︸ ︷
R2(∆t))

1
2

(2.1)

This gives an ensemble of trajectories. In back trajectory mode,

STILT calculates a set of trajectories projecting backwards in time from each

receptor (Figure 2.2 A).

2.2.2 TRAJ3D Trajectories

National Oceanic and Atmospheric Administration (NOAA) scien-

tist Eric Ray calculated 245 TRAJ3D modeled trajectories (Bowman, 1993) ini-

tialized at points randomly distributed around receptors spaced one minute

apart along all of the ATom flight tracks 1. The TRAJ3D trajectories are less

computationally expensive than STILT ones. For the footprints, or surface
1https://espo.nasa.gov/atom/archive/browse/atom/DC8/BdyInfluence
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influence functions, trajectories are computed as in STILT when they en-

ter the boundary layer. The National Center for Environmental Prediction

Global Forecast System (NCEP GFS) model and Modern-Era Retrospective

Analysis for Research and Applications 2 (MERRA2) model provided the

wind fields (NCEP, 2019; Molod et al., 2015). This method of calculating tra-

jectories is less computationally intensive than the STILT approach because

it does not have a stochastic component, and the two methods qualitatively

agree for ATom data in that the resulting footprints are similar. The stochas-

tic aspect of the STILT trajectory is most important near the source, and the

large assortment of TRAJ3D trajectories effectively approximates this tur-

bulence.

Under the TRAJ3D model, trajectories are calculated more simply:

xt+∆t = xt + ut︸︷︷︸
wind field data; NSEC GSF, MERRA2

∆t (2.2)

where xt represents a particle’s position at time step t, ut is the wind field

evaluated at xt and ∆t is the size of the time jump with each iteration.

2.2.3 STILT to Calculate Footprints from TRAJ3D Trajecto-

ries

Eric Ray fed the TRAJ3D trajectories into the STILT process for de-

riving footprints from trajectories. From the trajectories, he calculated an

influence function, which represents the fraction of a tracer released at x

found at the receptor xr:
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I(xr, tr|x, t) =
1

Ntot

Ntot∑
p=1

δ(xp(t)− x) (2.3)

Where δ(xp(t) − x) indicates whether a particle launched back in time at

the receptor is at location x with a 1 or a 0, and Ntot is the total number of

particles. Integrating the influence function with respect to time and each

spatial dimension over each boundary layer grid-volume gave the sum of

the amount of time each particle spent in each grid-volume of space in the

boundary layer.

Assuming that within the boundary layer an emitted tracer is well

mixed, we calculated the dependence of the concentration of a tracer at a

receptor given an emission in the boundary layer:

A spatial matrix encoding the footprint at a receptor︷ ︸︸ ︷
f(xr, tr|xi, yj, tm) =

mair

hρ̄(xi, yj, tm)︸ ︷︷ ︸
height and density of boundary layer

1

Ntot

Ntot∑
p=1

∆tp,i,j,k

(2.4)

Where mair is the mean molar mass of air, h and ρ̄ are the height and mean

density of the boundary layer, and ∆tp,i,j,k is the amount of time a particle

spends in a particular grid cell. This resulted in a series of footprints go-

ing back 30 days at 3 hour resolution for each receptor on the ATom flight

track. To calculate the overall influence at a receptor, we summed the series

of footprints, resulting in a single footprint at each receptor along the ATom

flightpath that encapsulates surface influence over the past month. Each

footprint is a 2◦latitude-longitude grid, with each grid cell value represent-

ing surface influence in units of ppm
mmol/m2/s . It is possible to take the arithmetic

14



mean for the footprints of several receptors to gain insight into swathes of

ATom observations.
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Figure 2.2: A: Lin et al. (2003)’s schematic of the STILT model. Each black dot
represents a particle being transported backwards in time. The boxes repre-
sent the grid-volumes within the boundary layer. B: An example of a foot-
print. Footprints represent how much of a enhancement would be observed
by the plane given an emission to the boundary layer. In other words, each
pixel represents a box in A, and a pixel’s value is a representation of how
often a black dot ends up near the plane, given a set of trajectories.
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2.3 Clustering

We wanted to better understand how different sources of N2O con-

tribute to the overall African emissions and transport budget. In order to

do this, it is useful to cluster ATom observations in ways that encapsulate

where they were influenced by the surface or their chemistry or a combina-

tion of both. The advantage of this method is that it allows us to separately

consider different air masses without creating arbitrary or human judge-

ment categories based on altitude, chemical tracers, or continuous profile

within the flight.

The Density Based Spatial Clustering of Applications with Noise

(DBSCAN) is a popular clustering algorithm that uses closeness defined

by Euclidean distance to construct neighborhoods that maximize density

(Ester et al., 1996). It is effective at identifying clusters in spatial data that

are concave, or generally oddly shaped. It works best in two dimensions.

ATom data has hundreds of chemical variables at each receptor.

Each footprint has thousands of grid cells that can each be treated as a di-

mension. In order to cluster using DBSCAN, we need two dimensional

data. T-distributed Stochastic Neighbor Embedding (t-SNE) is a dimension

reduction algorithm that maps data in high dimensional space to low di-

mensional space while preserving closeness between points (Van der Maaten

and Hinton, 2008). It accomplishes this by mapping the high dimensional

data to a Gaussian probability distribution function (PDF), and then a Stu-

dent’s t-distribution with higher probabilities representing higher degrees

of closeness.

We wanted to be able to cluster ATom data using where the air was

influence by the surface. Each footprint consists of a 2◦latitude-longitude
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Figure 2.3: A: A scatterplot of 3D (O3, CH4, CO) ATom data B: A plot of the
3D data after it had been reduced to 2D by t-SNE. C: The 2D data colored
according to DBSCAN clusters D: The original 3D data colored according
to DBSCAN clusters, showing spatial cohesion.

grid, with each value representing how much that grid square influenced

the receptor. If we consider each grid square as a dimension, we have high

dimensional data. We regridded the footprints into 15◦squares to reduce the

number of starting dimensions by adding all of the smaller grid cells within

each larger grid cell in the new regridded footprint.

In summary, to cluster high dimensional data such as the example

in Figure 2.3 A, we first reduced the dimension while maintaining continu-

ity of closeness between observations using t-SNE (Figure 2.3 B). We then

applied DBSCAN to cluster the 2 dimensional projection of the observa-

tions (Figure 2.3 C). Figure 2.3 D shows how this method results in cohesive

clusters in the higher dimension space.
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T-SNE has a parameter called ”perplexity” which controls the shape

of the Gaussian distribution. Van der Maaten and Hinton (2008) claim that

the results of t-SNE are robust to changes in perplexity. This was not the

case for our data. DBSCAN has 2 parameters: ”epsilon,” which controls the

maximum distance between points that qualify as connected, and ”minPts”,

which is the fewest number of points that an attempted neighborhood un-

der construction may contain. To select parameters, we iteratively applied

the t-SNE/DBSCAN clustering, tweaking all three parameters with the goal

of a clustering that: 1) minimized unclustered data and 2) maximized the

number of clusters. When applied to ATom chemical and footprint data,

the t-SNE/DBSCAN clustering method is robust to changes in the size of a

concave subset of the data up to changes in the three parameters perplexity,

epsilon, and minPts. This means that if we took a larger subset of ATom

data that fully contained a smaller one, any clusters that were in the smaller

subset were in the same place in the larger subset once the parameters were

adjusted to minimize unclustered data.

We scaled all data to the mean before the clustering algorithms

were applied. To select chemical variables, we performed repeated multiple

linear regressions as described in upcoming Section 2.4.

2.4 Repeated Multiple Linear Regression with Bayesian

Information Criterion for Model Selection and

Analysis

One of the joys of the ATom data set is the high number of available

variables. There are dozens of trace gasses that can be used as predictors in
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modeling, or as the basis of a clustering. Sometimes, as in the case of CO

being a clear tracer for combustion, it is known what variables are desired

to investigate a certain process. Othertimes, we want to find relationships

and patterns in independent variables and we do not have any idea what

we are looking for. The goal of the following method is model selection. We

wanted to pick the independent variables that produced the linear models

with the most skill in predicting N2O. We did this by finding the variables

that most frequently participated in the best of all the possible linear models

that it was possible to generate with those variables.

The least squares regression method was first described by the

French mathematician Adrien-Marie Legendre, who used it to calculate the

paths of comets (Legendre, 1806). We calculate multiple linear regressions

with every possible combination of independent variables from the set of

ATom variables we were interested in. We then ranked those models ac-

cording to their Bayesian Information Criterion (BIC) (Sakamoto et al., 1986).

The BIC is a measure of goodness of fit that penalizes models with more pa-

rameters to reduce overfitting. We took the model with the smallest BIC as

our winner model. It is also interesting to consider which variables make it

into the best models most often. We calculated the fraction of the best 1000

models that contained each variable.

One of the dangers of such a statistical scheme is that by selecting

model variables programmatically, rather than through intuition and con-

sideration of the problem, it is possible to violate the least squares assump-

tion of multicollinearity. When attempting to fit a least squares model, if a

subset of the model parameters are internally correlated, it violates the mul-

ticollinearity assumption of fitting a ordinary least squares linear model, re-

sulting in the slopes of predictors being volatile in response to small changes
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in the data.

In order to avoid this, and make our linear models more robust,

after selecting the best linear model, we calculated the variable inflation

factors (VIF) of that model’s independent variables (Fox and Monette, 1992).

A VIF is a measure of how much an independent variable is affected by

multicollinearity. A VIF of 1 indicates that the variable is unaffected by

multicollinearity, with higher VIF’s meaning worse multicollinearity. The

literature is ambiguous on a cutoff for an acceptable VIF, with values rang-

ing from 2 to 10 (e.g. Craney and Surles (2002)). We removed any variables

in the final model that had a VIF higher than 5.

2.5 Enhancement and Flux Calculation

2.5.1 Modeling the Atmospheric Background of N2O, CO,

and CH4

We needed an atmospheric background mixing ratio to calculate

the N2O enhancement and flux. We used and assessed two methods for

modeling the N2O background: the first a NOAA Greenhouse Gas Ma-

rine Boundary Layer (MBL) product calculated from surface flask data in

(Gonzalez et al., 2021), the second calculated from ATom observations in this

work.

To derive a background mixing ratio for N2O, CO, and CH4, we

examined ensembles of HYSPLIT back trajectories to determine where the

observed air originated. When the back trajectories intersect the observa-

tion of another ATom flight, we can use those observations as a background.
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To accomplish this, we interpolated three regions —the Atlantic basin, the

Pacific basin, and the Arctic—into curtains of background N2O, CO, and

CH4 values. Figure 2.4 shows the interpolated background curtains used to

calculate the ATom based backgrounds. This figure is interesting because

it shows the latitudinal trend of N2O. The short life time of CO makes pol-

lution plumes, including the African outflow in the Atlantic, clearly dis-

cernible. CH4 also shows a strong latitudinal trend.

We initially attempted to use the mean of the ensemble of TRAJ3D

trajectories used to calculate the footprints. However, as can be seen com-

paring the example ensemble of HYSPLIT trajectories in Figure 2.5 A and

the mean TRAJ3D trajectory in Figure 2.5 B, the mean trajectory loses im-

portant information: the mean TRAJ3D trajectory would only consider that

the air had come from the West, where the HYSPLIT ensemble has a East-

erly component. The farther back in time you look, the more a trajectory

disperses (Figure 2.5 C). Past two weeks, the trajectories are so diffuse we

stopped considering them. We manually assigned each trajectory of each

HYSPLIT ensemble at receptors spaced one minute along the ATom flight

paths to one of the three background curtains. This produced qualitatively

reasonable backgrounds for N2O, CO, and CH4, i.e. a background most

often less than the observed mixing ratios, and showed that the approach

had merit. We then developed a programmatic method to assign Arctic, At-

lantic, or Pacific backgrounds to each trajectory based on its endpoint. Two

week trajectories that ended between 50◦W and 50◦E were assigned to the

Atlantic. Trajectories that were not within the longitudinal boundaries of

the Atlantic and ended North of 45◦N were assigned to the Arctic. All other

trajectories are assigned to the Pacific. Once assigned to a background cur-

tain, each trajectory in an ensemble was given the background mixing ratio
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Figure 2.4: Interpolated Atlantic, Pacific, and Arctic background curtains
for A: N2O, B: CO, C: CH4.
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from the cell in the background curtain nearest to the end point of the trajec-

tory. Finally, we took the arithmetic mean of the background mixing ratios

of the trajectories in each receptor’s ensemble to give that receptor a back-

ground.
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StagnationD
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Figure 2.5: A: Example of an ensemble of HYSPLIT trajectories. Color dif-
ferentiates different trajectories in the 27 member ensemble. B: Example of
a Mean TRAJ3D Trajectory. C: Example of a HYSPLIT trajectory trajectory
ensemble trapped in the boundary layer.

One issue with the ATom background method is low altitude re-

ceptors entering the boundary layer, an example of which can be seen in

Figure 2.5 D. Back trajectory models such as HYSPLIT struggle to model air

in the boundary layer. This may result in the modeled background being

inverted with the observed mixing ratio, and is especially noticeable in low

altitude CH4 data (Figure 2.6 B). Because we know the QCLS CH4 data is

accurate, we resolved this by using the MBL background in calculating all

enhancements whenever the CH4 is inverted. Using a Marine Boundary

Layer background makes sense at these receptors because they are low alti-

tude over the ocean. Our final ATom trajectory background model used to

calculate enhancements and fluxes is a hybrid that uses the MBL as a fall-
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back whenever the HYSPLIT trajectories struggle, most frequently at low

altitudes. See Figure A.2 - Figure A.7 in the appendix for all of the back-

ground profiles, corrected with the CH4 inversion rule.

Figure 2.6 shows observed mixing ratios, and MBL and ATom tra-

jectory modeled background mixing ratios for N2O, CO, and CH4. Both of

these methods have strengths and weaknesses. The ATom trajectory back-

ground allowed us to compare ATom QCLS measured background mixing

ratios with other ATom QCLS mixing ratios to calculate enhancements. This

circumvented concerns about the QCLS, drifts in which would propagate

into the calculated flux if the background mixing ratio came from a non-

QCLS source. In addition, the ATom trajectory modeled background has

more detail than the MBL derived background, and is more specific to re-

gional enhancement. In our application, it gives insight into what portion

of the N2O enhancement is from African emissions, versus advection from

the boundary. However, because it is focused on regional enhancements, its

effectiveness wanes when applied to more global air that saw the surface

farther in the past. This is reflected in the background mixing ratio profiles

from outside the African outflow, which can be inverted with the ATom

observed value, and cannot be considered meaningful (Figure A.2 - Figure

A.7). ATom trajectory modeled backgrounds are most effective for CO be-

cause its short lifetime means that all observable emission enhancements

are have been transported a short distance.
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Figure 2.6: Profiles of ATom observed mixing ratios and background mixing
ratios modeled with the MBL and with ATom observations and trajectories
for A: N2O, B: CO, and C: CH4.
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One point emerges clearly: significant portions of the Atlantic ATom

2 observed vertical structure of N2O mixing ratios represent advection in-

fluence rather than African emissions. However, we can also see notable

African emissions. This discussion underscores the difficulty of extracting

the African signal from observations of N2O due to its long lifetime and low

variance mixing ratio. To paraphrase George Box2, ”all models of the atmo-

spheric N2O background are wrong, but some are useful.”

2.5.2 Flux Calculation

Enhancement of a species (∆species) is the difference between the

ATom observed mixing ratio and the modeled ”background” mixing ratio,

defined as the inflow from the boundary of the of the Atlantic region as

described above. We calculated flux by multiplying the zonal wind compo-

nent (u), measured by the DC-8, by the number density of the enhancement.

For the subset of Atlantic ATom focused on the African outflow, only obser-

vations with positive easterly zonal wind are considered (Figures A.1, A.9).

We than interpolate flux values along the flight path onto a latitude-altitude

grid Figure A.8, multiply each grid cell’s flux value by its area (Equation

2.5), and sum to calculate the total N2O source observed by ATom in units

2The popular misquote ”all models are wrong but some are useful” models Box’s com-
ment in Empirical Model-Building and Response Surfaces: ”Remember that all models are
wrong; the practical question is how wrong do they have to be to not be useful” (Box and
Draper, 1987).
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of mass per time (Equation 2.6).

areacell = ∆altitudecell ∗ (111, 132.95− 560 ∗ cos(2 ∗ Latcell ∗ (π/180)))∆Latcell

(2.5)

Fluxspecies, outflow =
∑

outflow cells

areacell ∗∆species, cell ∗ ucell

(2.6)

2.6 Convolving Emissions Fields to Compare with

ATom Values

To calculate a modeled enhancement at a receptor along the flight

path due to a given emissions field (∆r(E)), with grid cell values of flux

in units of mol
m2s

, the matrix of the emissions field (E) is multiplied by the

footprint at that receptor (Fr) (Equation 2.7).

∆r(E) = E ∗ Fr (2.7)

To compare our values with the literature, we calculated the N2O

enhancements generated by emissions fields from Tian et al. (2020). We

also calculated the convolutions of other emissions fields. The Emission

Database for Global Atmospheric Research (EDGAR) is a 1◦gridded emis-

sions product for CO and CH4 among other trace gasses based off of land

use emissions factors (Olivier et al., 1994). The Global Fire Emissions Database

(GFED) is a .25◦global fire specific emissions field with data for N2O, CH4

and others (Randerson et al., 2017). The Diffuse and Inefficient Combustion

Emissions in Africa (DICE-Africa) is an anthropogenic combustion emis-
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sions field for Africa that divides emissions of CO and other gasses into

different categories such as motor fuel and fuel wood burning (Marais and

Wiedinmyer, 2016).

The Moderate Resolution Imaging Spectrometer (MODIS) is an in-

strument on both the Terra and Aqua satellites that, among other things,

uses data in the infrared spectrum to produce an open fire count data prod-

uct (Giglio and Justice, 2015). We aggregated these data into a map where

each pixel represents fires per square kilometer over the month prior to each

ATom campaign.

2.7 Statistics, Math, and Code

We used the bootstrap method, under which results are repeatedly

re-sampled with a sample size of the number of results, to calculate all con-

fidence intervals in this work (Efron, 1979). To interpolate both univariate

(ATom trajectory background values) and 3 dimensional data (background

curtains) we used Akima’s methods (Akima, 1991, 1996). We wrote all code

and did all calculations in R version 4.0.2 (R Core Team, 2020). Code can be

found at https://github.com/BlueGrisGris/ethans-thesis.
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Chapter 3

Results and Discussion

Performing the clustering method described in Section 2.3 on At-

lantic ATom 2, (flights 20170215, 20170213), ATom 3, (flights 20171014, 20171019,

20171020), and Atlantic ATom 4 (flights 20180512, 20180514, 20180517) sep-

arately results in 8 clusters in Atlantic ATom 2, 12 clusters in ATom 3, and

8 clusters in ATom 4 (Figures A.10-A.12). In ATom 2, clusters 4, 5, and 6,

and in ATom 4, clusters 2, 4, and 5 roughly align with the Easterlies (Figure

A.1, A.13, A.14). We refer to these clusters as the African outflow. ATom 2

Cluster 4 shows the strongest influence from Lagos.

3.1 Combustion Sources of N2O and the African

Outflow

In the ATom 2 African outflow, N2O ranges from 328.8 ppb to 332.7

ppb with a mean of 330.6 ppb. Assuming an MBL background we find an

average enhancement of 0.84 ppb, and a maximum enhancement of 3.06

ppb, and assuming an ATom trajectory background we find an average en-

hancement of 0.45 and a maximum enhancement of 1.97 ppb. Much of the

variation seen in N2O coincides with variation in CO within the African

outflow (Figure 3.1 A). This suggests a combustion source, or colocation

with combustion. The strong correlation between CO and HCN through all

of the ATom 2 data (Figure 3.1 B) suggests that most of the combustion is
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biomass burning, either forest fires, agricultural fires or other anthropogenic

biomass burning (e.g. charcoal). As one would expect, Africa is the focus of

the modeled land influence on the African outflow (Figure 3.1 C).
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Figure 3.1: A: Scatterplot of ATom 2 data, N2O against CO mixing ratios,
with observations in the African outflow clusters colored blue, showing a
correlation with CO, implying a connection with combustion. B: Scatterplot
of CO vs. HCN mixing ratios, where the correlation indicates that much
of the combustion is biomass burning. C: Average footprint of the ATom 2
African outflow D: Average footprint of the non-African outflow

Outside of the African outflow, N2O mixing ratios range from 325.9

ppb to 332.2 ppb with a mean of 330.0 ppb. Assuming an MBL background

we find an average enhancement of 0.711 ppb N2O and a maximum en-

hancement of 3.11 ppb N2O. Assuming an ATom trajectory modeled back-

ground, we find an average enhancement of 0.475 ppb N2O and a maxi-

mum enhancement of 2.22 ppb N2O. CO variations are not strongly corre-

lated with variation in N2O in the non-outflow clusters (Figure 3.1 A). This

suggests that non-combustion processes such as Stratosphere–Troposphere

Exchange and soil emission sources have more control. It could also be a

consequence of the non-African outflow air having not seen the surface for
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a long time, resulting in short-lived CO not making it to the NASA DC-8

alongside the pollution. Figure 3.1 D shows the lack of African influence on

these clusters, and influence from the Pacific and South America.
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Figure 3.2: A: Binned N2O and CO profiles (right) and average footprint
(left) of Cluster 4 of ATom 2 African outflow observations that is influenced
by co-located wildfires and cities. B: Same as A for Cluster 4 ATom 4, only
influenced by cities. C: Same as A for Cluster 2 & 3 ATom 4, only influenced
by wildfires.

Atlantic ATom 2 and ATom 4 both observed concurrent CO and

N2O enhancements in the easterly outflow from Africa. Within the ATom

2 African outflow, N2O is correlated with CO in Cluster 4, which is influ-

enced strongly by West Africa, including Nigeria and the megacity of Lagos
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Table 3.1: Correlation coefficients of N2O and CO in the clusters in Figure
3.2. The p-value is for the null hypothesis of R2 = 0

Cluster R2 p-value; H0: R2= 0
ATom 2 Urban/Wildfire, (Figure 3.2 A) 0.737 2.22 ∗ 10−16

ATom 4 Urban, (Figure 3.2 B) 0.745 4.19 ∗ 10−16

ATom 4 Wildfire, (Figure 3.2 C) 0.061 0.759

(Figure 3.2 A). During ATom 2, intense forest fire activity occurred too close

the urban center of Lagos to determine the primary combustion contributor

to the N2O enhancement (Figure 3.3). During ATom 4, the forest fires were

located in West Africa and Southeast Africa. ATom 4 Cluster 2 and 3’s aver-

age footprint overlaps forest fire activity, but shows no correlation between

N2O and CO (Figure 3.2 C). ATom 4 Cluster 4, which shows some influence

from Lagos, has N2O correlated with CO (Figure 3.2 B). Table 3.1 shows the

correlations between N2O and CO for all clusters in Figure 3.2.

ATom 2 ATom 4

0.02 0.04 0.06fires km2

MODIS Fire Data, ATom 2 & 4

Figure 3.3: Open fire density aggregated over the month prior to each ATom
calculated from MODIS satellite data. ATom 2 sees high fire activity near
Lagos as well as the entire Sahel. ATom 4 sees less overall fire activity than
ATom 2, mostly in Western Africa and the Congo.
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3.1.1 Interhemispheric Transport of N2O
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Figure 3.4: A: Scatterplot of ATom 2, Cluster 6 observed mixing ratios of
N2O in ppb and SF6 in ppb showing the correlation of R2 = 0.661. B: Average
footprint of profiles 2 and 4 in ATom 2 showing European influence.

This suggests that most of the N2O enhancement observed by ATom

2 comes from urban sources. Stronger N2O emissions from the cities than

the wildfires could represent hotter human fossil fuel and biomass combus-

tion more frequently having the energy to break the strong bond in molecu-

lar nitrogen1. Combined with the conclusion from Figure 3.1 B that much of

the combustion is from biomass burning, we can interpret this as a human

wood and charcoal burning source of N2O concentrated in Lagos.

In ATom 2, the cluster with urban associated N2O is also influ-

enced by Europe (Figure 3.2 A). The N2O peak observed in ATom 2 profiles

2 and 3 is correlated with sulfur hexaflouride (SF6) mixing ratios (Figure 3.4

A). The only source of SF6 is industrial activity, resulting in its mixing ratio

1This idea arose in an interesting conversation with Prof. Ann Pearson
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being a proxy for how recently air was in the boundary layer in the North-

ern midlatitudes (Waugh et al., 2013). A significant portion of the combus-

tion derived N2O pollution plume putatively from Africa has a Northern

Hemisphere origin, likely Eastern Europe (Figure 3.4 B). This agrees with

convolved EDGAR and Tian et al. (2020) enhancements, which estimate the

N2O enhancement being split between European and African origin (Figure

3.7).
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3.1.2 Possible Heterogeneous Chemical Source of N2O

Currently, N2O budgets do not account for a heterogeneous N2O

source. Figure 3.5 show the relationships between species involved in the

redox chemistry proposed by Wang et al. (2020) and Martin et al. (1981) to

generate both sulfate PM and N2O. ATom did not have an instrument to

measure HONO, so we omit it. We compare N2O mixing ratios with the

mass of BC and sulfate aerosols, as well as NOx in Figure 3.5, restricted to

data within the African outflow. We also restrict this analysis to observa-

tions with positive BC, because Wang et al. (2020) observed high BC in their

analyzed Beijing haze event. We also reason that positive BC indicates that

the air has not been subsequently cloud processed, which would remove

SO2−
4 . In this polluted subset of the data, we find strong correlations be-

tween N2O and the proposed inputs and products of Wang et al. (2020)’s

proposed mechanism (Figure 3.5). Assuming that all of the observed in-

crease in sulfate PM 1 is due to the heterogeneous oxidation process, and

that all of the generated sulfate PM 1 survives transport from where it was

created to where it was observed by the plane, allows us to calculate an

upper limit on the amount of N2O that could have been produced. In Fig-

ure 3.5 D, there is an overall increase of approximately 4.5 ppb sulfate PM,

which would correspond to an increase of approximately 1.5 ppb N2O, as-

suming the theoretical 1:3 N2O:SO2−
4 ratio from Wang et al. (2020). In the

same figure, there is an increase of approximately 1.5 ppb N2O.

We do not find conclusive evidence of N2O production via hetero-

geneous chemistry. We also cannot exclude the possibility that it is a small

but relevant contributor to N2O enhancements in urban-industrial pollution

rich in sulfur. The correlations between the germane species we find in the
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Figure 3.5: Scatterplots showing correlations between species relevant to
theoretical heterogeneous N2O pathways. Data are restricted to observa-
tions with positive BC in the African outflow.

African outflow are certainly suggestive. Our more general analysis of N2O

enhancements outside of the African outflow in upcoming Section 3.2 also

hint at a sulfur-N2O connection.

3.2 Analysis of Non-African Outflow N2O Enhance-

ments

Although the focus of this work is the African outflow, we also

consider the non-African outflow clusters in ATom 2. We use the repeated

multiple linear regression method to gain insight into the trace gasses that

best predict N2O.

In Cluster 1, APO, CH4, and O3 stand out as important predictors

of N2O mixing ratios. Cluster 1 is not spatially connected (Figure A.13),

containing high altitude observations at high northern latitudes, and low

altitude observations just south of the Equator. O3’s importance as a N2O
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predictor could be indicative of Stratosphere-Troposphere exchange in the

high altitude piece of Cluster 1, while APO could be related to an oceanic

upwelling region N2O source or a biomass burning source.

Cluster 2’s strongest represented variables are CH4, SO2, and BC

(Figure 3.6). Cluster 2 also shows relatively strong representation by CO

amongst the best fit linear models, in comparison to the other non-African

outflow clusters. The average footprint of Cluster 2 (Figure A.10) shows

influence from Southeast Australia, which was affected by wildfires during

ATom 2 (Figure 3.3), and has a significant source of urban-industrial pollu-

tion from the Sydney region. The higher than expected CO could be due to

these sources. The low overall CO is likely due to CO’s short lifetime and a

longer travel time from Australia than Africa. SO2’s relevance suggestively

points towards more heterogeneous chemistry.

Cluster 3 has few observations (Figure A.13) and no outlier pre-

dictors of N2O (Figure 3.6). Cluster 7’s receptors are low altitude over the

Atlantic, North of the Equator. It is influenced by North America (Figure

A.10), and its best represented variables are O3, nitric acid, and SO2 (Figure

3.6), again suggesting a possible heterogeneous source, potentially due to

North American pollution.

In Cluster 8, APO, H2O2, NOy, and PAA dominate as parameters

of the cohort of N2O predicting models (Figure 3.6). The average footprint

of Cluster 8 shows influence from (Figure A.10) Western Europe, Eastern

Asia, and Indonesia, as well as oceanic influence, though not over a strong

upwelling region. The Cluster 8 N2O predictive tracers other than APO are

all associated with sunlight processing of urban pollution. The different

regions of land influence all could contribute urban-industrial pollution.

Consideration of observations of air from farther afield from the
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ATom 2 African outflow is important because it shows that urban-industrial

pollution sources frequently drive N2O mixing ratios even when they are

distant. We would expect natural and agricultural emissions to be the most

important sources of N2O, but we cannot isolate them.
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Figure 3.6: For non-African outflow: the fraction of each independent vari-
able found in the 1000 multiple linear regression models with the lowest
BIC.
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3.3 Comparison with Tian et al. (2020)

We compare the average profiles of convolved Tian et al. (2020)

N2O enhancements with two modeled ATom N2O enhancements. Tian et al.

(2020) predicts that most of the European emitted N2O would be observed

by ATom at low altitude, below approximately 4 km (Figure 3.7 A). In Fig-

ure 3.7 B, our two modeled ATom N2O enhancements agree at low alti-

tudes, below approximately 4 km. At higher altitudes, the MBL modeled

N2O enhancement is higher. The ATom trajectory model is more specific to

regional emissions; where the ATom trajectory model and the MBL model

agree, most of the N2O enhancement is due to nearby emissions. We inter-

pret the higher altitude discrepancy as N2O delivered by advection. This is

a qualitative difference between our understanding and Tian et al. (2020)’s

about the structure of African outflow N2O enhancements and their influ-

ence from outside Africa.

We explore the distributions of the difference ∆ N2O = Tian et al.

(2020) - ATom modeled N2O enhancement. The residuals calculated with

our ATom trajectory background have a wider distribution than those cal-

culated with the MBL background (Table 3.2). The ATom trajectory back-

ground model calculated residuals are right skew, where the MBL residuals

have a symmetrical distribution (Figure 3.8 A). This reflects the ATom tra-

jectory background model being biased high, as discussed in Section 2.5.1,

as well having an additional source of variance in the trajectory background

model. For these reasons, we only considered the residuals calculated with

the MBL background when broken down by cluster in Figure 3.8 B).

We applied the repeated multiple linear regression method from

Section 2.4 to gain insight into what processes are associated with differ-
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Structurally, Tian et al. (2020) would expect ATom to see more European
influence at low altitude, while we model regional influence at low altitude
and advected European emissions at high altitude.

ences between modeled ATom N2O enhancements and Tian et al. (2020)’s

modeled N2O enhancements. When we attempted to predict the difference

∆N2O, we found that different variables are better predictors in different

ATom 2 African outflow clusters. (Figure 3.9).

Cluster 4, the cluster most directly influenced by Lagos, has a neg-

ative mean ∆N2O and is right skew (Figure 3.8, Table 3.2). The best pre-

dictors of ∆N2O are BC, CH4, and PAA. CO2, HCN, and SO2 also seem

relevant. These tracers somewhat align with the profile of urban biomass

burning we described in Section 3.1. We tentatively interpret this as our

ATom modeled N2O enhancements seeing the heavily concentrated urban

biomass burning source, which is less expressed in Tian et al. (2020)’s bot-

tom up model. The skew could be due to outlier ATom observations of air

with low background N2O transported from the South Atlantic.
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tribution of the residuals for each African outflow cluster, calculated with
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In Cluster 5 ∆ N2O is right skew as well, but has a positive mean.

BC and APO again are the best predictors of ∆N2O. In Cluster 6, ∆N2O has

a wider spread, and is left skew. This spread and skew could represent high

outlier N2O mixing ratios influenced by Lagos and Nigeria (A.10). The im-

portant predictors of ∆N2O in this cluster are BC, APO, CH4, and NOy. The

BC and possibly the APO map onto urban biomass burning emissions, sug-

gesting that ATom observed more of N2O from this process than expected

by Tian et al. (2020). CH4’s predictive ability could indicate Tian et al. (2020)

underestimates the N2O source of Lagos’ vigorous oil and gas industry.

Overall, tracers of combustion pollution predict difference between

ATom and Tian et al. (2020) across all African outflow clusters. This sug-

gests that Tian et al. (2020) does not fully model concentrated anthropogenic

biomass burning N2O sources.
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Table 3.2: Summary statistics of ∆ N2O= (Tian Modeled Enhancement -
ATom Modeled Enhancement)

Data/Model Mean(∆N2O) sd(∆ N2O) 95% C.I. ∆ N2O
African Outflow/ATom Traj. 0.241 ppb 1.01 ppb (0.189, 0.244) ppb

African Outflow/MBL -0.124 ppb 0.839 ppb (-0.203, -0.152) ppb
Cluster 4/MBL -0.169 ppb 0.772 ppb (-0.252, -0.106) ppb
Cluster 5/MBL 0.318 ppb 0.817 ppb ( 0.181, 0.292) ppb
Cluster 6/MBL 0.497 ppb 0.643 ppb (0.375, 0.517) ppb
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Figure 3.9: For African outflow ∆N2O = ATom modeled N2O enhancement
- Tian et al. (2020) enhancement: the fraction of each independent variable
found in the 1000 multiple linear regression models with the lowest BIC

3.4 Quantifying Flux

We calculated N2O, CO, and CH4, fluxes for Atlantic ATom (Figure

3.10). ATom N2O MBL flux exceeds Tian et al. (2020)’s bottom up estimates

of African flux. ATom trajectory modeled N2O flux is less than than Tian

et al. (2020)’s African estimate, which could be due to the ATom trajectory

model being specific to a smaller region than the whole African continent.

Tian et al. (2020) bottom up estimates also predict that roughly one half to
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two thirds of the flux in the African outflow comes from Africa.

Flux calculated from convolved DICE values suggests a strong in-

put external to Africa, while FINN suggests a primarily African input. ATom

CO flux agrees best with DICE total flux values. This further supports the

hypothesis that a significant portion of the N2O in the African outflow is

influenced by surface emissions in Europe. CH4 flux calculated from the

ATom MBL model is less than that predicted by EDGAR. Both MBL and

ATom backgrounds result in CH4 fluxes that are less than those predicted

by convolved EDGAR values.

44



0

25

50

75

100

CO ATom Traj. CO GFED Africa CO FINN Africa CO DICE Total

T
g 

C
 y

r−1

Integrated Flux with 90% CI'sA

0

50

100

150

CH4 ATom Traj. CH4 MBL CH4 EDGAR Africa CH4 EDGAR Global

T
g 

C
 y

r−1

B

0

1

2

3

N2O ATom Traj. N2O MBL N2O Tian Africa BU N2O Tian Global BU

T
g 

N
 y

r−1

C

Figure 3.10: Comparison of modeled total fluxes for A: N2O,B: CO C: CH4.
Confidence interval bars represent the middle 90% quantile of the boot-
strapped means. These CI’s only capture variance in internal to our mod-
eled flux. They do not account for uncertainty in the models of the back-
ground described in Section 2.5.1, which could represent an additional fac-
tor of 2

45



Chapter 4

Conclusion

Atmospheric N2O is increasing due to human activity, which bears

consequences to climate that impact all of us. This work evaluates N2O

enhancement in the African outflow observed by Atlantic ATom. We im-

proved understanding of the relative importances of regional emissions and

advection to the vertical structure of N2O. Although HCN data suggest

that African outflow N2O enhancement is associated with biomass burn-

ing, our cluster analysis does not find a strong wildfire N2O enhancement.

Instead, we find indications that use of wood and charcoal as fuel, and

urban-industrial sources with high sulfur content may be the most impor-

tant sources of N2O to the African outflow. We also find that a significant

portion of the African outflow N2O enhancement is due to air transported

from the Northern hemisphere, specifically Europe.

We investigated the potential of a source of N2O in the heteroge-

neous chemistry of urban pollution by examining the correlations of N2O,

SO2 and SO2−
4 . These findings extend the work of Wang et al. (2020) from lo-

cal ground based measurements to regional airborne observations. Within

the African outflow, our modeled enhancements largely agree with those

modeled by Tian et al. (2020). The best predictors for the difference between

our modeled enhancements and their modeled enhancements are tracers

for the anthropogenic biomass burning processes we investigated. Outside

the African outflow, we find evidence that urban-industrial pollution trans-
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ported from Australia, Europe, East Asia, and North America drives N2O

enhancements. In this old pollution, we also find suggestions that hetero-

geneous sulfur chemistry is connected to N2O. The key lesson in this work

is that understanding transport is vital to understanding regional N2O.

This work highlights the challenge of investigating N2O emissions.

N2O enhancements are small (≈1-3 ppb) in comparison to the precision of

instruments (≈0.5 ppb), resulting in a low signal-to-noise ratio. Thompson

et al. (2014) also comment on the issue of signal to noise ratio in observing

atmospheric N2O. In the future, understanding of N2O could be furthered

by improvements in measurement technology.

We do not successfully isolate a terrestrial or oceanic source of

N2O. This is notable because these sources should be the largest. In the

non-African outflow clusters, APO is with N2O, which could be a tracer

of atmosphere-ocean exchange. However, APO may also be affected by

biomass burning. Soil N2O emissions may be hard to identify for a combi-

nation of the following: we do not have a unique long lived tracer of soil

nitrication/denitrification, and our footprints are to diffuse to geographi-

cally separate locations where soil emissions dominate from urban centers.

Africa has the least constrained N2O budget in Tian et al. (2020)

because it is least studied region. Boston or New York City are more likely

to see a small scale atmospheric chemistry flights than Lagos, even though

Lagos has worse and more complex air pollution than either of those cities.

FLUXNET, the global network of eddy covariance towers, does not have a

single eddy covariance tower in Nigeria (U.S.D.O.E, 2020). It would be to

the benefit of the global Earth science community if more data was gathered

in understudied places. It would be good for some of that science to come

from local research, and it could beneficial if non-African research resources
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were invested in a proper way into growing local research capacity. This is

not dissimilar to the notion that it is proper for wealthy countries to help

poorer ones in efforts such as mitigating CFC’s.

ATom did not measure HONO, which is a key tracer of the pro-

cess proposed by Wang et al. (2020). A future air campaign investigating

heterogeneous N2O formation could focus on a single city and carry instru-

ments to measure reactive nitrogen species, SO2, sulfur PM, and HONO.

There are many small scale urban N2O emission processes that could also

be observed by such a mission. In general, the ATom trajectory style of

background modeling is well suited to local or regional air campaign data.

Our clustering method applied with chemical data could also be amenable

to a local redox chemistry focused flight campaign.

The discussion of heterogeneous N2O formation is also relevant to

air quality. Wang et al. (2020)’s investigation was motivated by the of Bei-

jing winter haze, and the negative health effects of high PM concentrations.

Lagos is known to have a severe air pollution problem as well. Targeting

the broader problem of atmospheric sulfur–nitrogen redox chemistry has

positive outcomes for greenhouse gasses and ozone depleting substances

beyond the known benefits to PM pollution and acid rain.

We have painted a picture of a strong urban biomass burning N2O

source in the African outflow. We connected that source to current under-

standing of N2O emissions, and investigated a potential unaccounted for

chemical N2O source. These efforts to better understand a regional atmo-

spheric chemistry problem are connected to bigger questions, both through

the need to consider global atmospheric transport, and through their rele-

vance to the climate and humanity’s place within the Earth system.
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”Stratospheric traces of our transitory flight
Trails of condensation held
in narrow bands of white
. . .
Horizon to Horizon
memory written in the wind
. . .
Atmospheric phases make the transitory last
. . .
In a vapor trail”

– Neil Peart, Vapor Trails
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Appendix A

Appendix

ATom 2
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Figure A.1: Transect of ATom observed zonal wind. The key feature is the
strong Easterlies centered on the Equator
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Figure A.8: Transect of MBL (A) and ATom trajectory (B) modeled back-
ground calculated N2O enhancement for ATom 2
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Figure A.11: Average Footprints of ATom 3 Clusters
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Figure A.12: Average Footprints of ATom 4 Clusters
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