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ABSTRACT OF THE DISSERTATION 

Atmospheric chemistry and transport: from surface air quality to the middle stratosphere 

by 

Daniel J. Ruiz 

Doctor of Philosophy in Earth System Science 

University of California, Irvine, 2021 

Distinguished Professor Michael Prather, Chair 

 

Over the last few decades, new technologies in the form of observational satellites, measurement 

instruments, and model simulations have enabled the scientific community to make substantial 

strides to understand the drivers, mechanics, and impacts of climate change. This dissertation 

utilizes an aggregate of these data types to produce a more comprehensive view of important 

atmospheric processes from earth’s surface to the middle stratosphere. Here, three focused 

research projects each represent a body of systematic work that carefully examines how 

observational and model data sets can be merged to address specific scientific questions.  The 

first atmospheric topic in this work assesses satellite skill in detecting near-surface air quality as 

observed by surface measurements and hindcasted by model simulations.  We find during the 

more extreme air quality events, ozone (O3) can propagate into large signals that are detectable 

by satellites.  Currently, this satellite skill is regionally dependent, but with the progression of 

newer satellites and measurement technology, surface air quality detection from space will 

improve.  The second project assesses the skill of multiple models to reproduce observed 

variability of nitrous oxide (N2O) loss in the stratosphere. The models agree well with the 

satellite measurements, which gives us confidence in using them to follow the stratospheric N2O 

loss signal across the tropopause and down to the surface where they are compared with surface 

measurements. Agreement between the models and the surface observations indicate that the 

stratosphere plays an important role in the variability of surface N2O abundances.  Lastly, we use 

N2O, that is well constrained by satellite and surface measurements, to assess our model skill in 

simulating O3 transport from the stratosphere to the surface. O3 transport from the stratosphere is 

difficult to quantify directly, however with N2O we create important metrics that are linked to it 

to better understand the tropospheric O3 budget.  The overall goal of this dissertation is not only 

to address specific scientific questions, but also to develop specific observational metrics related 



 xi 

to key Earth system processes that can provide for a grading of model performance.  Such 

metrics can allow us to select better models for specific forecasts, and provide guidance and a 

historical record for future model development.



1 

 

CHAPTER 1: INTRODUCTION 

 

1. Overview 

 

The realization that climate change will undoubtably have disastrous effects on society has led to 

an immense scientific effort to understand its drivers, mechanics, and impacts. The goal in our 

analysis of the Earth system lies in improved understanding that will ultimately lead to better, 

scientifically evaluated mitigation strategies.  Our collective efforts to learn about the effects of 

climate change is tied to our ability to monitor, analyze, and comprehend the details of the earth 

system, and how it works.  Over the last few decades, new technologies in the form of new 

satellites, instruments, and model simulations have enabled the scientific community to make 

substantial strides in this effort. Satellite observations readily observe the upper atmosphere, but 

lack near-surface sensitivity and are further restricted in their space-time sampling due to their 

orbits. Earth system models give us a closer look at the processes, couplings, and feedbacks that 

are not directly measurable but are key to forecasting the future atmospheric chemistry and 

climate.  These models must be constantly tested and evaluated, challenged by the observed 

changes, and their projections are only as good as their ability to reproduce our observations of 

the Earth system itself.  

 

In the subsequent chapters I present three focused research projects, each represents a body of 

systematic work that carefully examines how observational and model data sets can be merged to 

address specific scientific questions.  The topics all focus on atmospheric chemistry and 

composition, involving the application of the UCI Chemistry-Transport Model (CTM, Prather 

research group) to satellite measurements and surface observations.  Atmospheric topics range 

from surface air quality to the chemistry and dynamics of the middle stratosphere. The overall 

goal is not only to address specific scientific questions, but also to develop specific observational 

metrics related to key Earth system processes that can provide for a grading of model 

performance.  Such metrics can allow us to select better models for specific forecasts, and 

provide guidance and an historical record for model development.  Below, I present a brief 

overview of each chapter, highlighting their importance, results, and implications.   
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2. Chapter 2 – Linking air quality extreme events across surface observations, satellite 

measurements, and a chemistry transport model 

My first project, detailed in Chapter 2, sought to use satellite observations to detect near-surface 

air pollution events globally.  This built upon the work of Dr. Jordan Schnell, a Prather Group 

Alum.  Schnell et al., had shown that the University of California, Irvine Chemistry Transport 

Model (UCI CTM) had skill in identifying and hence forecasting air quality extreme events in 

surface ozone observed by dense surface-site air quality networks in the United States and 

Europe. Unfortunately, the infrastructure or political will needed to expand such air quality 

networks to other regions is severely limited, often in high-population, high-pollution areas 

where forecasting knowledge is needed most. Even where some measurements are available, 

they do not form a dense enough network to capture the urban-regional scale of air quality 

extremes.  Given the lack of a global surface network, we ask if satellite measurements could be 

an innovative solution.  It is extremely difficult for satellites to measure ozone pollution in the 

surface boundary layer because of the fundamental limitations of remote sensing and obscuration 

by the full atmosphere above.  The most extreme (and therefore most threatening) air pollution 

episodes identified by Schnell over the US and Europe are 1000 km across, mix ozone into the 

free troposphere, and span several days.  Thus, we propose that satellite detection of these 

extreme episodes is possible and would have significant implications. In addition to improved 

analysis and identification of these events globally, it could provide an early warning system for 

vulnerable communities. Since the larger extreme episodes propagate over multiple days then 

early detection could help communities avoid exposure and mitigate the health impacts.  Since 

the impact of poor air quality falls disproportionately on lower-income communities, there is an 

ethical component in addition to the scientific drive to this work. 

 

Air quality extremes were identified in surface measurements, modeled data, and satellite 

observations and their skill in capturing the same event simultaneously was assessed. Previous 

work in the Prather group had already shown the UCI CTM’s remarkable skill in identifying 

extremes observed by surface-sites, making us confident when reproducing their results with the 

updated version of the UCI CTM.  The satellite skill in identifying observed extremes was found 
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to be relatively high in the southeast and southwest US and in southern Europe but was 

considerably less overall than the surface events captured by the CTM.  Since the CTM 

performed well in capturing the extreme events, we used it as a transfer standard to test the skill 

of the satellite, globally. Similar to the US and EU analysis, the satellite skill was regionally 

dependent with high skill in South America, South and North Africa, Australia, and Southeast 

Asia, but unfortunately these coincided with the high emissions throughout the regional fire 

season, rather than with the meteorology that drives industrial pollution episodes.  

 

Unfortunately, given the amount of cloud drop out, missing data, and regional sensitivity, the 

satellite skill was determined to be unreliable for global coverage of air quality extremes.  

Despite this seemingly null result, the approach presented in this work is sound and this effort 

would have continued with newer and improved satellite retrievals had they been available. With 

the next-generation of air quality monitoring satellites coming on line, it may be possible to 

continue this vein of research to build a global air quality monitoring network, at least for the 

most extreme pollution episodes, from satellite data. 

 

This work was presented at the 2017 American Geophysical Union (AGU) Fall meeting and was 

prepared for publication.  Ultimately, it was not submitted so that I could focus and make more 

progress on my next chapter. Additionally, this work was used in research proposals for which I 

earned honorable mention for the NSF GRFP and a fully funded fellowship for a NSF 

traineeship. 

 

3. Chapter 3 – How atmospheric chemistry and transport drive surface variability of N2O 

and CFC-11 

 

In chapter 3, we investigate how atmospheric transport and stratospheric chemistry controls key 

trace gases such as N2O and CFC-11 (CFCl3), and how photochemical loss combines with 

human-driven emissions to produce unique patterns of variability measured at the surface. 
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Prather et al. (2015) showed that a group of different CTMs, although biased in magnitude, can 

reproduce the variability of N2O loss in the stratosphere observed by a satellite instrument.  This 

new work extends the observed N2O loss record from 2010 to 2017, includes CFC-11 in parallel, 

and identifies the stratospheric-driven surface fluctuations of both trace gases.  The goal of this 

work is to quantify the natural stratospheric variability of N2O and CFC-11 and determine its 

influence on surface abundances, because otherwise it is assumed that the surface variability can 

be used to derive the surface anthropogenic emissions.  As a potent greenhouse gas that 

participates in O3 depletion, it is vital to accurately quantify the N2O sink and determine its 

impact. CFC-11 also has a stratospheric sink, is an O3 depleting substance, and is banned, 

however, recent fugitive emissions were observed in 2018.  Given this, it was added to our study 

to quantify the stratospheric signal and surface impact, just as with N2O.  If successful, this work 

would provide the tools necessary for future studies to accurately differentiate natural transport 

versus emissions driven variability. This would be a critical capability because many source-

inversion modeling studies utilize surface fluctuations to infer emissions estimates. If these 

studies are able to accurately remove the natural variability, then their estimates, which are used 

for future projections of climate change and atmospheric composition, will also be more 

accurate.  In addition, by quantifying and constraining the different signals (i.e., sink versus 

sources) this work would also produce metrics with which to test models with. For example, if 

the few models used here produce similar stratospheric variability, and match some of the 

satellite observed variability, it would indicate the signal is robust and can be established as a 

fundamental metric for testing chemistry models used in climate projections.   

 

To constrain the natural variability of N2O without the interference of an emissions signal, the 

models would need to be run without sources.  This type of specification would not be available 

on a standard public dataset, such as the climate model intercomparison projects (CMIPs), and so 

we opened our experiment to collaborators.  In addition to the UCI CTM, we include model 

simulations from partners at NASA’s Goddard Space Flight Center and the Norwegian Institute 

for Air Research, both of which have extensive experience in modeling N2O. All of these models 

were chemistry-transport models (CTMs), meaning that they ran the historical meteorology for 

the period (a hindcast) and thus their simulations could be compared directly with the 
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observations, including all the seasonal and interannual variability.  We also included a 

collaborator from NASA’s Jet Propulsion Laboratory, who provided the specialized satellite 

profiles needed to calculate the observed N2O loss.  Given the number of external collaborators, 

this work required careful organization and clear communication. In addition to model 

specifications (i.e., no emissions, etc.), the same outputs needed to be saved (species) and in 

comparable units (i.e., kg versus ppb). This required careful planning and foresight to ensure 

additional model runs would not be needed due to initial lack of specificity.   

 

Ultimately, this work was successful in that we were able to extend the N2O loss record observed 

by a satellite instrument.  We also showed how multiple different CTMs, that utilized different 

wind fields to drive them, can reproduce this observed signal in the stratosphere.  The CTMs also 

enabled us to quantify this stratosphere influence at the surface on annual and interannual cycles. 

Additionally, the observed surface patterns closely matched those of the models, indicating that 

much of the seasonal and interannual surface variations in N2O abundance are driven by 

stratospheric loss and transport, not emissions. By quantifying the contribution of natural 

variability to the observed surface fluctuations, we have enabled future studies to focus on the 

variability driven by anthropogenic emissions, thus improving our understanding of the N2O 

budget.  Early portions of this work were presented at the AGU Fall meeting in 2018 and 2019 

and was used in UCI’s Brython-Davis fellowship proposal for which I was awarded in 2020.   

 

Our work was prepared for publication and submitted to the Journal of Geophysical Research: 

Atmospheres in 2020.  Receiving criticisms from reviewers was a new experience for me that 

taught me about the process of submission, reviews, and revisions.  The comments were 

extremely helpful, and some called for closer examinations of processes that were overlooked in 

our initial analysis. This opportunity showed me firsthand how beneficial and constructive the 

peer-review process can be.  Our article was revised, resubmitted, and accepted in early 2021.  

This work raised new questions about stratosphere-troposphere coupling, which is explored in 

Chapter 4.           
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Citation: 

Daniel J. Ruiz, Michael J. Prather, Susan Strahan, Stephen Steenrod, Rona Thompson, Lucien 

Froidevaux. “How stratospheric chemistry and transport drive surface variability of N2O and 

CFC-11” Journal of Geophysical Research: Atmospheres (2021) 

 

4. Chapter 4 - From the middle stratosphere to the surface, using nitrous oxide to constrain 

the stratosphere-troposphere exchange of ozone 

 

In Chapter 4 we assemble observations to constrain stratosphere-to-troposphere transport of trace 

gases and develop metrics that should be used to test the chemistry-climate models.  Chapter 3 

results show that models do well at simulating the observed variability of N2O loss in the 

stratosphere and fluctuations in abundance at the surface. A missing part of this work was the 

quantification of the stratosphere-troposphere exchange (STE) flux linking these two signals 

(stratosphere and surface), so we created a specialized tracer that would enable us to follow the 

loss from the stratosphere, through the troposphere, down to the surface.  With N2O transport so 

well simulated and constrained with observations, it can be used as a standard to compare against 

other important trace gases to better understand them.  For example, the stratosphere is an 

important source of O3 in the troposphere. However, transport from this source is extremely 

difficult to validate observationally (it is almost impossible to observe atmospheric fluxes) or to 

quantify based on surface fluctuations of O3 because the large in situ chemical sources and sinks 

within the troposphere swamp the signal.  Estimates for the STE flux are ~500 Tg/yr, while 

production and loss are about 4000 Tg/yr.  Our approach is to model O3 in parallel with N2O in 

an effort to build a link between their transport mechanisms and timing. Establishing this 

relationship would enable us to use observed surface fluctuations of N2O to infer stratosphere-to-

troposphere transport of O3.  The implications would be significant given the outsized role O3 

plays in atmospheric chemistry and climate forcing. Furthermore, it would create an important 

model metric with which additional models could be assessed with to help shape their 

improvement.  
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First, we calculate the STE flux of N2O in the model, thereby creating a direct link between the 

stratospheric loss of N2O and the surface fluctuations (from chapter 3).  We compare the STE 

flux of N2O with that of O3 and find that they are closely linked: air depleted in N2O and 

simultaneously rich in O3 accumulates in the lower stratosphere before crossing the tropopause 

simultaneously.  When partitioned by hemisphere we find different ratios of fluxes of the 

different tracers in the NH versus the SH, and can attribute it largely to transport+chemistry of 

the Antarctic O3 hole.  We find corroborating evidence of this hemispheric asymmetry in satellite 

measurements as well.  The link between STE fluxes of different species is clear in the model 

and the observations of the ratios of the trace gases. As expected, the seasonal and interannual 

pattern of surface N2O is strongly correlated with the N2O STE flux producing a well constrained 

transport pathway for N2O loss that can be used to understand the linked STE of O3.  

 

This work sheds light on transport of an important source in the tropospheric O3 budget, the 

stratosphere. We have established some key observational metrics that will help evaluate and 

quantify STE fluxes and can be used in a multi-model intercomparison project (MIP). The results 

produced in this chapter (+ chapter 3) were presented at the AGU Fall meeting in 2019 and 2020 

and is currently being prepared for publication.  

 

5. Contributions to other work 

 

a. “A comprehensive quantification of global nitrous oxide sources and sinks”. Tian et 

al., Nature (2020) 

 

In 2020, our work on N2O was used in “A Comprehensive Quantification of Global Nitrous 

Oxide Sources and Sinks” in the journal, Nature. The totality of this article was a significant 

effort with dozens of co-authors that covered the sources, sinks, and reservoirs of N2O 

throughout the Earth system.  Our work (Ruiz et al., 2021) constrained the stratospheric sink 

with satellite observations, and we were able to contribute to this comprehensive manuscript. 
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The scale of this effort required a high level of data analysis, but also extensive communication 

and organization between the authors. This collective vision and teamwork created a valuable 

and impactful article that synthesized the current, collective knowledge on N2O, for which I am 

grateful to have contributed to. 
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b. “Evaluation of the interactive stratospheric ozone (O3v2) module for the E3SM 

version 2 Earth System Model”. Geoscientific Model Development (2021) 

 

In this manuscript, Qi Tang (Prather group Alum) evaluated an updated version of the U.S. 

Department of Energy’s Earth System Model (E3SM) for its ability to simulate stratospheric O3.  

The original E3SM O3v1 used a corrupted version of the UCI linearized stratospheric chemistry 

model.  In this work the ozone chemistry was updated to match the current UCI CTM and the 

manuscript documents the improvements in matching the basic patterns of stratospheric ozone 

column, from basic seasonal cycles, to the variability of the Antarctic ozone hole.  The updated 

E3SM O3v2 model greatly improved stratospheric O3 simulations and compared well with the 

UCI CTM.  This was an unusual and interesting comparison because both models used the same 

stratospheric O3 chemistry, but E3SM was a climate model and UCI CTM was a hindcast model.  

Thus, UCI was able to match the specific year to year fluctuations, but E3SM was able to match 
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overall standard deviation.  This paper developed metrics that could be used for chemistry –

climate models.  Interestingly, the O3 STE flux between the two models was different, but due to 

lack of observations, a critical evaluation of the two was not currently possible. This spurred to 

work in Chapter 4 on evaluating how models simulate STE fluxes.  I contributed to this work 

through comments and edits on the diagnostics and manuscript. 
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6. Summary 

 

In this introductory chapter my goal was to concisely introduce the body of work produced over 

the last 6 years and presented in this dissertation. I highlighted some of the scientific obstacles in 

our research and our creative solutions.  The objectives of each project although different, are all 

attempts to gain a more comprehensive view of different atmospheric processes by linking 

satellite observations, surface measurements, and model simulations.  In terms of results, some 

chapters were more successful than others; however, each shows an approach that can be further 

refined and implemented with new (i.e., improved, extended, etc.) data.  Currently, this research 

sheds light on important atmosphere transport mechanisms and produces model metrics that can 

be used in multi-model assessments in hopes of improving our modeling capabilities and 

undoubtably leading to better understanding of the earth system.     

 

 

 

 

 

 

 



10 

 

CHAPTER 2: Linking air quality extreme events across surface observations, satellite 

measurements, and chemistry transport models 

 

1. Introduction & Background 

 

Ozone (O3) causes damage to living species and infrastructure, and, further, its reactivity with 

other species generates additional air pollutants.  Surface O3 formation occurs through the 

oxidation of carbon monoxide (CO) and volatile organic compounds (VOCs) in the presence of 

nitrogen oxides (NOx = NO2 + NO) and sunlight. The World Health Organization (WHO) 

attributes 4.2 million premature deaths to ambient air pollution exposure annually (WHO, 2018). 

This damage falls disproportionately to middle-to-low-income countries, which account for 87% 

of these premature deaths. Western nations such as the United States (US) and countries in North 

America (NA) and the Europe Union (EU) have accepted the task of mitigating air pollution for 

several decades. They developed extensive surface networks for observing and forecasting 

surface pollution, and these provide the scientific foundation for long-term strategies (e.g., 

optimizing and monitoring the reduction in emissions of pollutants) as well as short-term 

responses (e.g., forecasting air quality alerts) that lead to reduced damage from air pollution.  

Reliable, spatially extensive surface networks are not readily available in other industrial, 

polluted regions, such as South and East Asia, South America, and Africa, making the study of 

air pollution and mitigation efforts in these regions extremely difficult.  

 

Our goal here is to test the premise that global satellite detection of surface O3 pollution is 

possible for extreme pollution episodes where O3 increases extend 100s of km, last several days, 

and can reach above the boundary layer.  Satellite detection of ambient air pollution could 

remedy a lack of surface observations, and provide a global view of pollution exposure, 

especially in regions with high mortality rates.   However, accurately measuring surface 

pollutants from space without lidar or other active sensors is extremely difficult.  Full 2D 

mapping of daily pollution events, as done by the NA-EU surface networks, requires cross-track 

nadir scanners and these have limited sensitivity to surface O3 levels. Space-borne measurements 
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of chemical species in the mixed layer (i.e., the lowest 1 to 2 km) present a fundamental problem 

in remote sensing (X. Liu et al., 2010; Q Tang & Prather, 2012b). For example, even when 

tropospheric columns of O3 are reliably retrieved, much of the variability is associated with the 

upper troposphere, caused by stratospheric folds or problems with retrievals in the presence of 

clouds (Q Tang & Prather, 2012a).  Nevertheless, there are clear geographic ‘hot spots’ of 

persistently high absolute pollution levels that can be seen readily by satellite.  This includes O3 

and particularly its co-pollutants near large emission sources: aerosols, formaldehyde (CH2O), 

and nitrogen dioxide (NO2) (Burrows et al., 1997; Chu et al., 2003; Engel-Cox et al., 2004; 

Levelt et al., 2006; Levy et al., 2013; Richter & Burrows, 2002). While intense emission plumes 

can be seen by satellite, the buildup of surface O3 over several days into a large-scale episode is 

not so much as the result of large absolute abundance but as statistically extreme events based on 

the local climate, including pollution sources.  

 

Our goal is to test the premise that global satellite detection of surface O3 pollution is possible 

for extreme episodes where O3 increases are 100s of km across, last several days, and can extend 

above the boundary layer.  All three of these factors would create a large signal that should 

enhance the detectability by satellite.  This work combines the Schnell et al. (2014; henceforth 

S2014) analysis of NA-EU surface observations, the NASA Aura OMI (Ozone Monitoring 

Instrument) satellite measurements, and the UC Irvine (UCI) chemistry-transport model (CTM) 

hindcast simulations to understand how the large-scale pollution episodes may extend into the 

free troposphere and thus be more amenable to nadir sounders like OMI.  From all three data 

sources, we use hourly or daily data from the years 2005-2006.  The hindcast O3 CTM products 

include surface, 0-3 km columns, and free tropospheric abundances.  The UCI CTM has been 

updated (version q73d), and the hindcast of O3 still matches the extreme NA-EU episodes as 

found in S2014.   

 

Following S2014, we define air quality extreme (AQX) events on a daily, local basis (per grid 

cell) as the 90th percentile (i.e., the 73 worst pollution days in 2005-2006).  These AQX events 

occur in a single 1° x 1° grid cell and a clustering algorithm combines them into a geographically 
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extensive, multi-day AQX episode.  These episodes are not well defined, nor seen as connected 

if one uses an absolute threshold as in most regulatory applications.  From a scientific point of 

view, these episodes are best defined in a climate sense of relative extremes based on each grid 

cell, rather than a national fixed threshold (Ghude et al., 2008; Schnell et al., 2014).  This 

approach avoids issues associated with regional variations in seasonality, chemical regime, and 

dataset biases, but it does make satellite observation more difficult, since we are trying to detect 

lower absolute levels of AQX episodes for neighboring regions.  On the other hand, the large-

scale and multi-day structure of AQX episodes means that the buildup of co-pollutants should 

extend to the upper troposphere and be visible from space (de Foy et al., 2015; Ghude et al., 

2008; Chris A. McLinden et al., 2016; You et al., 2015).  

 

As an example of how AQX episodes link across surface sites, model hindcasts, and satellite 

measurements, we show in Figure 1 a time series of O3 from these three different datasets.  The 

observations/hindcasts are averaged over a 300-km square cell on the Georgia-Florida border in 

the southeastern US.  AQX events (filled circles) are defined for each time series as surpassing 

the 90th percentile, and we are able to link both synoptic and seasonal extremes as co-occurring 

across the data sets by defining AQX events per grid cell (Fig. 1). These three datasets are 

described in Section 2.  In section 3, we use the CTM hindcasts to study how high-O3 events can 

travel upward in altitude from surface pollution or downward from the naturally high abundances 

in the upper troposphere.  In Section 4, we compare the absolute variance of O3 across the three 

datasets over known polluted regions to determine when and where satellite detection of air 

pollution is promising and where OMI skill may be lacking. Section 5 explores satellite skill in 

detecting AQX events from surface pollution and separating these from stratospheric folds and 

basic seasonality, including tropical burning.  Section 6 concludes with our assessment of 

detecting O3 pollution extremes from space.  
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Air quality extreme abundances 

 

Figure 1.  Time series of O3 from a 3°x3° area over Northern Florida and Southern Georgia 

for years 2005-2006. O3 is taken from OMI (blue) from the lowest level in the profile retrieval 

(~surface-2km), surface-site (SS) observations (orange), and UCI CTM hindcasts of the 

surface (CTMsurf; green), ~surface-2km profile matching OMI (CTMomi; red), and O3 at 4 

km (CTM4km; black). Dashed lines represent the mean and filled circles denote AQX events 

for each respective dataset.  

 

 

 2.   Ozone Data  

 

In previous work, S2014 collected hourly surface-site observations of O3 from the US EPA’s Air 

Quality System, Clean Air Status and Trends Network (CASTNET), Canada’s National Air 

Pollution Surveillance Program (NAPS), and EU’s European Monitoring and Evaluation 
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Programme, and AirBase. Surface-sites in Europe used here include Portugal to parts of Ukraine, 

and from the Mediterranean to northern Norway. Point source observations from ~4000 surface 

stations were interpolated using the S2014 algorithm to produce a 1 x 1 grid, commensurately 

comparable with the UCI CTM and OMI measurements (Schnell et al., 2014). This approach 

weighs the measurements of nearby sites and reduces the weight of observations within a 25 km 

radius if densely clustered. Maximum daily 8-hour averages (MDA8) O3 was calculated from 

this hourly dataset for years 2005-2006.  Ozone abundances are in dry-air mole fraction, ppb = 

parts per 109.  

 

Satellite data were taken from Liu et al.’s (2010) ozone profiles from NASA’s Aura OMI 

instrument. Liu et al. 2010 applied a modified version of the GOME (Global Ozone Monitoring 

Experiment) retrieval algorithm to OMI’s data, producing a partial ozone column density in 24 

layers (25 pressure levels) from the surface to ~50 km (X. Liu et al., 2010)(X. Liu et al., 2010).  

For this analysis, only the lowest layer in the profile retrieval (surface to 2 km) was used, 

reporting O3 in ppb.  This data was further filtered to remove retrievals with a lower boundary 

less than 800 hPa (above 2 km altitude), hence we have ‘missing data’ at large mountain ranges. 

O3 values were collected at OMI’s overpass time of ~1:30 pm local time. Swath data was taken 

and interpolated onto a 1 x 1 grid globally for 89N-89S for commensurate comparison with 

the surface-site and UCI CTM data. Grid cells containing data quality flags indicating a cloudy 

scene were removed from the data set, and if 20% or more of 2005-2006 OMI days were missing 

from any cell (due to cloud flags or absence of retrieval when OMI enters zoom mode), that cell 

was dropped entirely. 

 

The UCI CTM was run at ~1.1 x 1.125 resolution (T159 Gaussian grid) with a spin-up year to 

simulate O3 for the years 2005-2006 (for details, see Holmes et al. 2013).  Hourly O3 abundances 

were archived globally for the lower troposphere (0 to 5 km, layers 18 of 57).  This 4D data set 

(320 longitudes, 160 latitudes, 18 layers, 17520 hours) is interpolated to 1.0 x 1.0 to coincide 

with the re-gridded surface-site and satellite observations. From these hindcasts, we take two 

ozone products:  surface O3 in ppb to compare with the surface sites; and lower tropospheric O3 
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column (0-2 km, layers 1-10), also in ppb, to compare with the OMI data.  For the 0-2 km 

columns, OMI column averaging kernels (CAKs) from Liu et al. 2010 Fig. 6 were used to 

weight the CTM layers.  For the hindcast surface data, the hourly values were used to calculate 

MDA8 values in the same manner as the surface site data.  As with the surface network, modeled 

MDA8 is centered on the afternoon to early evening hours due to deep boundary layer formation, 

precursor emissions, and peak photochemical production of O3.   For the 0-2 km columns we 

chose data closest to 1:30 pm local solar time to match the OMI orbit.  To investigate how high 

in altitude the surface extreme episodes reached, we also constructed simple layer or column 

averages without CAKs for a range of upper altitudes (i.e., 1, 2, 3 km layers, and 0-3 km 

average) using the MDA8 approach as for the surface O3.   

 

3. Vertical extent of surface O3 

 

During AQX episodes, how far does the enhanced surface O3 extend into the free troposphere? 

This question is relevant to the total amount of O3 produced during the episode, and it also may 

determine the detectibility of surface air pollution by satellite.  Nadir sounding satellite retrievals 

often have coarse vertical resolutions (7+ km), making it difficult to detect and differentiate 

between pollution near the surface and aloft (i.e., >2 km) (Wang et al., 2011). Regional chemical 

regimes and climatology, effective boundary layer height, and emissions can effect the vertical 

extent of near-surface air pollution (Salmond et al., 2013; Tao et al., 2014). Using the UCI CTM 

we explore how well near-surface MDA8 O3 values correlate with abundances in the mid-

troposphere during summer when O3 production is at its highest. For direct comparison we 

investigate correlation coefficients (CC) between absolute (ppb) surface values and independent 

layers (1 km, 2 km, 3 km; Fig. 2a-f), and a 0-3 km averaged column (Fig. 2g-h). To determine 

vertical extent of surface-derived O3 independent from OMI biases, OMI CAKs were not applied 

to the UCI CTM output for this analysis. As expected, O3 near the surface and 1 km layer (Fig. 

2a-b) is highly correlated with a mean correlation coefficient of 0.73 in the US and 0.80 in 

Europe. The California coastline shows low correlation, likely due to transport of pollution 

inland by onshore winds. The high correlation throughout the rest of the US is expected since the 
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height difference between these two layers is relatively small (i.e., > 500 m). As height increases 

the pattern persists, but the magnitude of the correlation quickly dissipates. The CC map between 

surface and a layer at 2 km (Fig. 2c-d) shows reduced a correlation of 0.56 in the US and 0.50 in 

EU. The correlation in southern EU begins to dissipate faster than the northern countries, due to 

higher anthropogenic emissions and thus greater variability near the surface.  Correlation with 

the layer at 3 km (Fig. 2e-f) is further reduced in both regions (US CC = 0.28; EU CC = 0.25), 

indicating weakening communications between O3 near the surface and mid-troposphere. This 

decrease may be due to a lower boundary layer in this region during the summer season (Seidel 

et al., 2012), thereby preventing vertical transport of surface O3. Throughout the Rocky 

Mountains and the southeast US there are high correlation coefficients of ~0.60 between the 

surface and layer at 3 km (Fig. 2e). In the southeast US this can be attributed to extended 

boundary layer heights (Seidel et al., 2012). The high correlations found in the Rocky Mountains 

and Norway is likely due to natural background O3 and should not be considered an indicator of 

air pollution since these areas are not known for high anthropogenic emissions.   

 

The 0-3 km averaged column (Fig. 2g-h) is highly correlated with the surface throughout the US 

and Europe (CC = 0.70 and 0.73 respectively) with the exception of Southern California and 

Southern Spain. Hourly columns were generated by weighing the layers from the surface to 3 

km, and then used to calculate MDA8 O3. The same CC pattern seen between the surface and 1 

km) was observed in the 0-3 km averaged-column. The high correlation is due to the high 

surface signal correlating with itself in the 0-3 km averaged column, indicating O3 aloft (beyond 

~1 km) is not interfering with the surface signal in a column-averaged product. The low 

correlation between the surface and upper layers (2 km, 3 km) also indicates low variability of 

O3 in the mid-troposphere.  
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Surface vs O3 at altitude 

 

Figure 2. Correlation coefficient maps of O3 

(MDA8; ppb) from UCI CTM for summer 2005-

2006 between surface values and O3 at 1 km (a-b), 

2 km (c-d), 3 km (e-f), and 0-3 km averaged 

column (g-h) for the US and EU. 

 

Can air quality extreme (AQX) events be identified at altitude? We took Schnell’s approach and 

defined air quality extreme events as exceeding the highest percentiles (i.e., 90th) rather than a 

fixed threshold exceedance (i.e., EPA’s NAAQS 70 ppb; Schnell et al., 2014). This avoids 

defining separate absolute thresholds for different data products in different regions. To further 
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investigate the vertical extent of air pollution, we take O3 profiles (MDA8; ppb) at percentiles 10, 

20, 30,… 90, 95, and 97.3 from 0-4 km in the US and EU. Figure 3 shows profiles of the US 

divided into west (Fig. 3a) and east (Fig. 3b) domains (split at 96W), and EU divided into north 

(Fig. 3c) and south (Fig. 3d) domains (split at 53N). Each of these regions contain different 

emissions and climatologies, thus requiring their differentiation for this analysis (Otero et al., 

2016). The abnormally high abundance of O3 (>100 ppb) at the highest percentiles (i.e., > 90th) at 

the surface in the Eastern U.S. is driven by the exaggerated production of O3 in the UCI CTM. 

This is likely due to aggregation of NOx and/or VOC plumes at the surface and issues with 

boundary layer formation within the model. Biases between the UCI CTM and surface 

observations are well documented, however by using percentiles we are still able to identify 

surface extreme events at high skill (<30% in Schnell et al. 2014, 2015). The highest extremes 

(>90th percentile) in the US (Fig. 3a-b) show a strong surface signal that persists up the column 

profile (~2-3 km). The surface signal is much stronger in the eastern states due to increased 

emissions, transport of precursors by the westerlies, and stagnation events that prevent mixing 

(Fiore et al., 2012; Hou & Wu, 2016). In the Eastern US enhanced O3 appears to be transported 

downward from ~4 km to 2-3 km. Downward transport of O3 is more prevalent in EU, as 

indicated by the gradient in the lower mid-troposphere (2-4 km) that extends towards the surface. 

The surface signals in EU are much weaker than the US, even at the highest percentile (i.e., 97.3) 

and only extend to ~1 km, which indicates a column-averaged product in the EU would be 

driven by enhanced O3 from stratospheric folds and transport from the upper to mid-troposphere, 

and not surface extremes. 
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O3 percentile profiles 

 

 

Figure 3. Profiles of O3 (MDA8; ppb) for years 2005-2006 at percentiles 10, 20, …, 90, 95, 

and 97.3 in a) Western U.S., b) Eastern U.S. (split at 96°W), c) Northern Europe, and d) 

Southern Europe (split at 53°N). 

 

What does this mean for satellite detectability? High correlation and low variability between the 

surface and a 0-3 km averaged column is extremely promising for satellite detection, but is 

regionally dependent. Despite coarse vertical resolutions the satellite should be able to detect 

AQX events as long as the retrievals are able to capture the surface signal. The magnitude of an 

extreme event observed at the surface should also be detectable over the same grid cell higher in 

the atmosphere if a column-averaged product is used. In EU the extremes would be dominated 

by the 2-4 km signal, presenting a problem for detection of the near-surface AQX events that we 

seek to detect in this region. The US, especially the Eastern states, are more promising for 

possible satellite detection of extremes because of the strong surface signal that extends upward 

and low variability of O3 in the mid-troposphere. 

 

4 Regional and seasonal variances across data sets 

 

To determine detectability of extreme pollution from space we must determine the variance of 

O3. Variance maps provide information about when and where O3 measurements significantly 

deviate from the mean (i.e., during an AQX event). High variance indicates a large range, which 
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should result in more easily classifying events as ‘extreme’. Low variance would signify a small 

range in magnitude (ppb) from the mean. This would result in small differences between high 

percentiles and lower percentiles (i.e., mean or ‘clean’ air percentiles; <30th percentile), thus 

risking misidentification of an event as extreme. The magnitude of variance will also provide 

insight on the types of extremes occurring (i.e., seasonal vs synoptic).  

 

For this analysis, we calculate the variance of NASA’s OMI 0-2 km O3 measurements, UCI 

CTM 0-2 km column-average, and surface site observations per grid cell. Initially, the analysis is 

focused on the continental US and EU. Ocean values from OMI and the UCI CTM are masked 

out for this analysis. Figure 4 shows the variance maps for years 2005-2006 in the US for OMI 

(a-d; row 1), the UCI CTM hindcasts (e-h; row 2), and the surface-site network observations (i-l; 

row 3) during spring (column 1; MAM), summer (column 2; JJA), fall (column 3; SON), and 

winter (column 4; DJF). With the exception of winter, there is an asymmetric pattern between 

the west and east in the US. The higher variance in the Eastern states and southern California are 

due to higher emissions, different climatology and chemical regimes (Rasmussen et al., 2012). 

Low variance during winter is consistent with lower photochemical production of O3. The ‘hot 

spot’ observed in North Dakota and Minnesota in the OMI map during winter (Fig. 4h) is not 

pollution based, and likely a data artifact, signaling an issue with the retrieval in this region 

during winter. OMI measurements were filtered for data quality flags over the two-year period 

and were removed on days that flags were present. Grid cells missing 20% (146 days for 2005-

2006) or more of the data were removed entirely.  

 

The highest mean variance is consistent among these three datasets, occurring during summer. 

This coincides with summertime O3 enhancement when the majority of AQX events occur 

(Schnell et al., 2014). There is also high variance during fall which can be attributed to increased 

isoprene emissions from water and temperature stressed vegetation (Zhang & Wang, 2016). High 

variance was also consistent in the same regions between the different datasets. During summer 

and fall there is persistent high variance in the California basin and southeast US that extends to 

the northeast. Higher variance in the Midwest is indicative of stratospheric O3 intrusion events 
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and katabatic transport down the Rockies (Zhu et al., 2006). This also explains the large spread 

of O3 percentiles in the Eastern US in Figure 3a. The agreement between the datasets is 

promising for satellite detection because the 0-2 km column averaged product of the UCI CTM 

and NASA OMI instrument are able to capture the distribution of high variance identified in the 

surface-site observations despite the difference in their vertical resolutions. In addition, variance 

for the surface observations and CTM hindcasts were calculated using MDA8 averages, while 

OMI variance maps calculations were limited to the single overpass time of the instrument 

(~1:30 pm LT). Despite differences in temporal resolutions and magnitude, the pattern of 

enhanced variance is consistent between these datasets. The agreement in the Southeast US 

across these three data sets is promising because when the variance is high and coincides, events 

should be correctly classified as ‘extreme’ in two or more products (i.e., surface-site, OMI, and 

UCI CTM). 
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Seasonal O3 Variance 

 

 

Figure 4. Variance maps of O3 (ppb2) from surface-site observations (column 1), NASA’s 

OMI satellite instrument (column 2), and UCI CTM hindcasts (column 3) during spring (a-c), 

summer (d-f), fall (g-i), and winter (j-l) for years 2005-2006. OMI and UCI CTM maps use a 

0-2 km column-averaged product. Surface observations and UCI CTM hindcasts utilize 

MDA8 measurements, while OMI is restricted to its overpass time (~1:30 pm LT). 
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 5.1 AQX event detection 

 

An AQX event is defined at the 90th percentile (i.e., the ~73 worst days for the 2005-2006 

period) per grid cell. Due to local climatologies and biases, the 90th percentile, in ppb, will be 

different depending on the region and dataset. Maps of O3 at the 90th percentile can be found in 

the supplement. Figure 1, shows a timeseries of O3 (ppb) for OMI (surface-800 hPa; blue), 

surface-sites (SS; orange), CTMsurf (surface; green), CTMomi (surface-800 hPa; red), and 

CTM4km (4 km layer; black) from a 2 x 2 area in the Southeast US covering parts of Northern 

Florida and Southern Georgia. The region was chosen due to the consistent high variance and 

correlation between the datasets (Figs 2-4). The mean for each dataset is denoted as a dashed 

line, which highlights biases between data sets and AQX events are denoted as filled circles. 

Despite strong biases between the data sets, evident by their means (Fig. 1 dashed lines), AQX 

events are cooccurring. OMI (fig.1; blue) captures mostly seasonal extremes from early spring 

until fall. Throughout summer there are several AQX episodes captured by the UCI CTM at the 

surface, 4km, column average, and the surface observations and OMI. These events last multiple 

days which is indicative of large scale synoptic episodes. Despite a higher seasonal average and 

greater frequency of AQX events during summer, there are also strong summertime minimums 

in ozone, caused by an influx of tropical air (Logan et al 1999, oltmans and levy 1994, Fiore et al 

1998). These low minimums are also captured by the different data sets in June and July (Fig. 1), 

indicating meteorology is playing a large role in the evolution and detection of these extreme 

events.  

 

Next we expand our scope and assess the skill of OMI in identifying AQX events detected by the 

surface observations. Skill is defined as the percentage of events detected by one data set (i.e., 

surface observations) that are commensurately captured by another data set (i.e., NASA’s OMI 

instrument) in the same grid cell on the same day. Initially detection skill is focused in the US 

and EU, then expanded globally using the UCI CTM hindcasts. Randomly, OMI should capture 

10% of extreme events occurring in the surface observations. Schnell’s definition of an AQX 

event at the 97.3 percentile was experimented with in this analysis, however detection skill 
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between OMI and the other datasets was extremely low. Widening the range for the AQX 

definition to the 90th percentile increased the skill, as expected, however the skill increase 

surpassed that of the definition.  

 

Figure 5 shows OMI’s skill in capturing AQX events detected by surface observations in the 

U.S. (a) and EU (b). Satellite retrievals are either missing or were filtered out (see section 2) in 

the Rocky Mountains and Northern Europe. For direct comparison, these missing grid cells were 

also excluded in the surface observations during this analysis. We calculated the 90th percentile 

per grid cell and recorded any day that surpassed the percentile threshold in magnitude as an 

extreme event. The number of events ranged from 64-71 per grid cell. If there were 146 days of 

missing data, nearly 20% of all days in the time period, then the grid cells were excluded (the 

grey cells in the Rockies and Northern EU). As previously mentioned MDA8 data is unavailable 

for OMI so extremes were calculated based on the data collected at overpass time (~1:30 pm 

LT). Extremes calculated from the surface observations used MDA8 values since hourly data is 

readily available in this dataset. Figure 5 shows the regional pattern of OMI skill in capturing 

surface AQX events. The mean skill in the US (Fig. 5a) is 15 ± 10% and a range of 0-41%. The 

US domain shows a clear north to south gradient with the highest skill in the southwest and 

southeast. In Europe (Fig. 5b) the mean skill is 14±9% with a range of 0-38%. Similar to the US 

domain, there is a north to south gradient in Europe, with the highest skill in Spain and Portugal 

(maximum of 37%). Most grid cells north of ~55N are removed in the European domain due to 

missing data (24% mean of data missing; maximum of 45%). The high skill areas agreed well 

with the variance maps. Regions that had consistent high variance throughout these three datasets 

also showed relatively high skill, as expected (i.e., Southeast US). The European variance maps 

showed less agreement among these three datasets which also accounts for the low of skill in 

Figure 5b. The analysis was also done before removing OMI data that contained cloud flags, 

which was found to have a negligible effect on mean OMI skill in both regions (1% increase in 

US and <1% in Europe). Additionally, there was no discernible difference in geographic pattern 

between the maps with and without cloud flag data. Despite negligible differences in the US and 

EU, OMI data with cloud flags were removed so analysis could be conducted with confidence.  
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OMI AQX skill 

 

Figure 5. Skill of OMI (skill defined as the percentage 

of extreme events identified in surface observations per 

grid cell in the U.S. (a) and EU (b) for years 2005-2006. 

Grid cells containing OMI cloud flags were removed 

from both data sets. Grid cells missing 20% or more 

data were removed entirely. 

 

The UCI CTM has shown skill in previous analysis of surface O3 in the US and EU (Schnell et al 

2014). Unlike previous analysis, we test the skill of CTM O3 hindcasts averaged in a 0-2 km 

column rather than just the simulated surface values. The CTM accurately reproduces 48% ± 9% 
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(standard deviation across grid cells in domain) of AQX events in the U.S. and 33% ± 17% in 

Europe detected by surface observations (not shown). There is no distinct skill pattern in the US, 

however, Europe shows an east to west trend that is strongly concentrated in western France. The 

CTM skill is extremely encouraging because even when averaged in a 0-2 km column, hindcasts 

can still accurately capture near-surface O3 extremes. Due to the CTM’s high skill in capturing 

AQX events in the US and EU, we use it as a transfer standard to compare with global OMI 

measurements. Skill in this analysis is essentially defined as the overlap of AQX events detected 

by the UCI CTM and OMI datasets in the same grid cell on the same day. 

 

Figure 6 shows global overlap between the CTM and OMI AQX events at the 90th percentile. 

High latitudes (60-90) were removed due to consistent cloud drop out and issues with the OMI 

retrieval in these regions. OMI has a mean skill of 17 ±10% in the US. Similar to the 

OMI/observation analysis, the Southeast US corridor shows the highest overlap (~30-40%) 

between the two data sets. Europe has slightly lower mean skill of 12 ±10% with a north to south 

gradient. The skill in the US domain is encouraging for events occurring in the Southeast, 

especially since high variance was observed in this same region in all three datasets. The skill in 

Europe is less encouraging due to little overlap between skill and variance patterns, except for 

Portugal. In light of this, OMI may not be a suitable proxy for AQX events detection in Europe 

but other regions look more promising. South America and South Africa show high overlap with 

regional means of 31% and 19% and maximums of 65% and 54% respectively. The AQX events 

in these two areas coincide with regional fire seasons identified by MODIS observations. 

Satellite measurements were compiled by ESA’s ATSR World Fire Atlas and showed increased 

fire density and occurrence in the same region and season as the majority AQX events (JAS) 

(Page et al. 2008). Elevated ozone production here is likely due to increased emissions of NOx 

and VOCs from biomass burning.  
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OMI/CTM AQX overlap 

 

Figure 6. Global skill of OMI/CTM overlap (skill defined as the percentage of extreme events 

identified by the UCI CTM that were also identified by OMI measurements) of AQX events. 

 

5.2 Sample AQX Episode 

 

Multiple AQX events (per grid cell) in adjacent grid cells that co-occur are linked together and 

defined as episodes. These episodes can evolve over 100’s of km for multiple days into large 

coherent structures (Schnell et al., 2014). Our analysis shows that OMI has issues in detecting 

the large structure of episodes detected by surface observations due to significant cloud drop-out 

and low regional sensitivity (Northern US and EU). Despite limited success in detecting the 

overall structure of larger episodes, Figure 7 highlights the overlap and lack thereof of the three 

datasets (OMI 0-2 km, UCI CTM 0-2 km, and Surface-site observations) during a major AQX 

episode. On the first day of this 10-day period (June 18th 2005; Fig. 7a), OMI detects a large-

scale episode that stretches in a broad swath from the Southeast US to the northeast corridor. 

Surface observations detect a large episode forming on the same day in the Midwest and the UCI 

CTM detects an episode in the southeast that extends off the Atlantic coast, however, neither 

(Surface and CTM) capture the large episode detected by OMI. Over the next two days though, 

the episode continues to propagate in the surface and CTM, and the large structure initially 

observed by OMI on June 18th, is observed by the CTM and surface measurements on June 20th.  

This indicates that OMI measurements may have ‘led’ the other datasets in detecting the episode. 
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There is wide-spread agreement (shown in black) through the middle of this episode between 

these three datasets by June 20th (Fig. 7c-d). As the episode continues to evolve, OMI’s signal 

dampens, while the surface and CTM episode expands in extent (CTM+Surf overlap = brown), 

covering the area (and more) of the large episode originally detected by OMI.  

Sample AQX episode detection 

  

Figure 7. US Maps of a large AQX episode occurring on June 18th-27th, 2005. AQX events 

detected by each dataset is color-coded (i.e., OMI  = blue, Surf (surface observations) = red, 

UCI CTM = orange). OMI data quality flags (F) or missing retrievals are white. The absence 

of an event and flag is gray. Different combinations of overlap (i.e., OMI+CTM overlap in 

same grid cell = green) in the datasets yield different colors as shown in the color table. 
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To explore the behavior of this episode and why OMI seemingly ‘forecasted’ the episode, we 

examine the 3D structure using the UCI CTM. We identify AQX events for each gridcell and at 

each layer from 0-4 km from June 13th-17th, 2005.  Figure 8 shows the vertical extent of the 

episode from Figure 7, and the difference in magnitude between each extreme event and the 

mean (i.e., AQX minus the mean in that grid box; ppb). This highlights how much the event 

deviates from the mean, and the heights of AQX events, thus providing information about 

vertical extent and transport. In the 5 days (June 13th-17th, 2005) before the June 18th episode 

began there was another, seemingly independent, episode occurring in the lower-mid-

troposphere (~3-4 km). For multiple days the episode extends beyond 3 km and shows a strong 

signal at 4 km. The AQX events identified at this height (depicted as circles) show ‘hot spots’ 

above the Rocky Mountains and Northeast US on June 13th that dissipate in magnitude toward 

the surface. Despite persistent occurrences of AQX events here down the column, the magnitude 

is decreasing as the events move towards the surface, indicating top-down transport of enhanced 

O3. The smaller episode over the Northeast at ~3-4 km is persistent from June 13th -17th and 

merges with the large surface episode observed on the 18th. This high-altitude-extending episode 

was also partially captured by OMI on June 18th, indicating that the sensitivity of the 0-2 km 

OMI retrieval may actually reside much higher (i.e., ~2-4 km) in the atmosphere than intended. 

This would explain why the OMI AQX episode occurred ~2 days before the episode was 

detected by the UCI CTM and observations at the surface. These results show that AQX episodes 

can be linked at different heights, and the extent and magnitude of extremes can affect the 

vertical distribution and transport of O3, as shown in Figure 8.  
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Sample AQX episode vertical extent 

 

Figure 8. 3D maps of the June 18th 2005 AQX episode shown in figure 7, including the 5 

days preceding. Each circle represents an AQX event in the corresponding grid box (lat, lon, 

height). Color gradient corresponds to the difference in magnitude (ppb) between the AQX 

event and mean (AQX minus mean) for that grid box during the 2005-2006 period.  

 

6 Conclusions  

 

The UCI CTM has previously shown remarkable skill in detecting surface AQX events in the US 

and EU observed by their dense surface site networks.  This work attempts to expand AQX 
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detection globally by using satellite observations from OMI. In the techniques outlined here we 

explore AQX episodes during a time when emissions, air quality standards, and climate are 

changing.  Using model simulations as a bridge between surface observations and satellite 

measurements we expand air quality analysis globally.  First, we focus on the US and EU where 

all 3 datasets overlap.  In terms of skill, OMI is only able to capture 15% of events observed by 

the surface, significantly less than the CTM.  However, when we expand our analysis globally, 

we find that OMI is able to capture up to 60% of events in other regions (i.e., South America and 

Africa).  Unfortunately, detection using OMI is limited due to cloud dropout and vertical 

resolution, which reduces data availability and near-surface sensitivity.  Because of this, it is 

difficult for OMI to capture some of the large scale AQX episodes, but it still provides 

invaluable insight about the vertical extent of some.  

 

Despite the inconsistent skill, this work shows proof of concept in satellite detection of air 

quality. Satellites that are able to overcome some of the OMI data limitations may fair better in 

detecting AQX events. For example, the improved spatial resolution of TROPOMI will reduce 

missing data from cloud interference by up to 70% when compared to OMI (European Space 

Agency, 2017).  This would drastically improve detection in regions where significant data was 

filtered due to clouds (i.e., Northern EU).  Detection of AQX episodes will likely be further 

improved with the next-generation of geostationary air quality satellites; TEMPO, Sentinel-4, 

and GEMS (Kim et al., 2020; Kolm et al., 2017; Zoogman et al., 2017).  In addition to improved 

resolution, and inclusion of pre-cursors and co-pollutants, these instruments will collect hourly 

data which will allow for better analysis of air pollution event behavior. Characterization of 

AQX episodes at high temporal resolutions (i.e., hourly) is a critical capability and having this 

available for satellite datasets will allow others to study the behavior of large-scale air pollution 

to establish tools that can ultimately evaluate global datasets (i.e., global climate models, satellite 

measurements). 
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CHAPTER 3: How Atmospheric Chemistry and Transport Drive Surface Variability of 

N2O and CFC-11 

 

 

1. Introduction 

 

Nitrous oxide (N2O) is a long-lived greenhouse gas that directly affects climate and participates 

in stratospheric ozone depletion, further altering atmospheric composition and posing a threat to 

human health and society. Agricultural practices and fossil fuel combustion have played 

important roles in increasing the global burden of fixed nitrogen (Erisman et al., 2013), leading 

to a steady increase in atmospheric N2O abundance over the last 50 years (Hall et al., 2007; 

Thompson et al., 2014; Fowler et al., 2015; Tian et al., 2020).  The photochemical sink of N2O is 

almost entirely stratospheric and is manifested at the surface as a negative perturbation in N2O 

abundance (Mahlman et al., 1986; Hamilton & Fan, 2000; Nevison et al., 2004).  Uncertainty in 

this stratospheric influence confounds the scientific effort to derive the location and magnitude 

of surface emissions, and to identify anthropogenic sources from the variability in surface 

abundance (Nevison et al., 2004; Nevison et al., 2011; Thompson et al., 2014; Tian et al., 2018; 

Nevison et al., 2018).  These N2O source-inversion studies seeking to accurately derive 

emissions must be able to model and remove the stratospheric variability from the surface 

fluctuations (Corazza et al., 2010; Thompson et al., 2011; Ray et al., 2020).  The most extensive 

of such studies (Thompson et al., 2014a; 2014b) continues to admit "errors in stratosphere–

troposphere exchange (STE) represent an important source of model error."  Here we use a much 

wider range of stratospheric and surface measurements, along with models specific to the years 

of observation, and provide a more critical evaluation of the stratospheric influence on surface 

N2O.  

 

This work uses three independent chemistry transport models (CTMs) that calculate N2O 

stratospheric loss and compares them with the loss calculated directly from NASA’s Aura 

Microwave Limb Sounder (MLS) satellite observations using a photochemical box model as in 

Prather et al. (2015). We design new tracer simulations that allow us to follow the signal of 

stratospheric loss down to the surface.  We examine the National Oceanic and Atmospheric 
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Administration (NOAA) Earth System Research Laboratories (ESRL) surface N2O 

measurements for stratospheric-driven variability.  The observed latitude-by-month annual 

patterns could be caused by either emissions or the stratospheric sink; whereas the Quasi-

Biennial Oscillation (QBO) pattern seen in the measurements appears to be uniquely 

stratospheric (see IPCC AR5, WG1, Chapter 6, Figure 6.19; Ciais et al., 2013).  The QBO 

alternates phase about every 28 months (Baldwin et al., 2001) and increases (decreases) the N2O 

sink by enhancing (suppressing) tropical upwelling of N2O-rich air to the loss region in the 

tropical middle stratosphere (Strahan et al., 2015).  The QBO can also modulate the transport of 

N2O-depleted air to the surface.  This work identifies a distinct QBO signal originating from the 

stratosphere that appears in both observed and modeled surface N2O.  These results are a 20-year 

follow-on to the Hamilton and Fan (2000) original work that showed a QBO-forced signal in 

surface N2O, but lacked the satellite data, surface observations, and modern CTM capabilities to 

confirm it.  If we use the QBO signal as a metric to test a CTM’s stratosphere-troposphere 

exchange (STE), we can constrain the larger annual surface pattern that is also of stratospheric 

origin. 

 

CFCl3 (CFC-11), another ozone depleting substance, has a stratospheric photochemical loss 

region much lower at ~25 km altitude compared to the N2O loss region at ~32 km, and thus the 

phasing and amplitude of stratospherically depleted air at the surface could be different from that 

of N2O.  Given the recent fugitive emissions of CFC-11 (Montzka et al., 2018; Rigby et al., 

2019) we also included some CFC-11 simulations in parallel with N2O. Since there are no 

equivalent MLS-like observations for CFC-11 to integrate loss (and lifetimes), we rely solely on 

model results to investigate stratosphere-to-surface variability as in Ray et al. (2020).  

 

In section 2 we present the updated N2O lifetime based on the 2005-2018 MLS observations and 

three independent CTMs driven with meteorology of the same period. In spite of some biases in 

absolute magnitude, the models are able to capture most of the observed variability of 

stratospheric N2O loss throughout the period.  In section 3 we follow the stratospheric loss of 

N2O and CFC-11 down to the surface, focusing on the long-term annually smoothed statistics 

that separate surface variability tied to the QBO from seasonal cycles in transport and surface 

emissions. The three models each use a different meteorology to drive the atmospheric 
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circulation, but they all predict a clear QBO signal similar to that in the NOAA surface data. The 

larger annual cycle driven by seasonality of emissions and transport including stratospheric 

influence has previously been studied by Nevison et al., 2004.  Section 4 looks at the modeled 

annual cycle in surface N2O driven only by stratospheric loss.  The comparison with 

observations is limited here, as we did not model surface emissions, and we rely on comparisons 

with the more extensive study of the annual N2O cycle by Nevison et al. (2004).  We conclude in 

Section 5 with a discussion of how this work can provide an innovative model-measurement STE 

test.   

 

The overall goal of developing more accurate quantification of STE here is to derive a best 

estimate of the signal of stratospheric N2O-depleted air at the surface. With this knowledge, we 

can more accurately determine the signal of the emissions in the surface observations leading to 

more accurate emission estimates through inverse modeling. 

2. Observed and Modeled Stratospheric Loss 

2.1.  The MLS record of N2O loss 

 

Since mid-2004, the MLS instrument aboard the Earth Observing System Aura satellite has 

provided reliable measurements of trace gases throughout the stratosphere and upper 

troposphere. Employing the method established in Prather et al. (2015) (henceforth P2015), we 

adopt MLS profiles and expand the calculation of N2O loss from 2005-2010 to 2005-2018. This 

work uses coincident monthly mean profiles of N2O, O3, and temperature that are zonally 

averaged and available at every latitude in 5° bins (87.5°N-87.5°S), similar to the data record 

from Global OZone Chemistry And Related trace gas Data for the Stratosphere (GOZCARDS; 

Froidevaux et al., 2015), but on a finer latitude grid.  N2O loss in TgN/yr is calculated for each 

month-latitude cell using these three profiles.  In P2015 we used MLS observations from the 640 

GHz (N2O) channel, which failed in mid-2013 and have since been replaced by the 190 GHz 

channel. The profiles for temperature and O3 use the same measurement channels as in P2015 

but are derived from updated (version 4; V4) retrieval algorithms. After 2009, N2O values in the 

equatorial stratosphere show a drift of approximately -0.75 %/yr at the 68 hPa layer (see Livesey 
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et al., 2018; Froidevaux et al., 2019).  N2O loss is centered on the middle stratosphere (~10 hPa) 

and sensitivity tests show the effect of the drift at lower profiles on calculated N2O loss is small:  

+1% in N2O at 68 hPa increases total loss by +0.020%; and +1% at 46 hPa increases loss by 

+0.036%.  Thus a drift at 68 hPa of -6.75% from 2009-2018 would decrease the loss by 0.14 % 

(0.018 TgN/yr).  The drift at 46 hPa over the period is much smaller, -0.25%, and thus the effect 

on N2O loss is negligible (<0.002 TgN/yr).  In addition to the drift, there is an offset between the 

two N2O channels due to possible systemic errors in MLS:  N2O-190 is biased 5-10% high 

relative to N2O-640 at 68 hPa, and by <5% high at 46 hPa. Combining the maximum difference 

(10% and 5%) we calculate N2O loss is +0.38% (0.05 TgN/yr) greater for N2O-190.  At the time 

of this work, release of version 5 (V5) MLS products began.  Development of V5 sought to 

address the persistent bias between the two N2O channels, but this is taken into account in our 

analysis and does not affect our results (Livesey et al., 2020).  Overall, these errors are much 

smaller than the annual cycle or long-term variations, and their effect on the lifetime calculations 

is well below the uncertainty estimated for the lifetime (below).  

 

Following the P2015 methodology, we use an offline photochemical column model to calculate 

photolysis rates and O(1D) densities from the MLS profiles, providing the loss of N2O 

throughout the column.  Solar cycle variability in photolysis rates is not included in these 

calculations, but an estimate of photolysis changes is discussed in section 2.4.  N2O loss is 

calculated for each monthly profile and latitude bin from Aug 2004 through Dec 2018.  The 

seasonal pattern of N2O loss is matched very well by the CTMs (see P2015).  Here we focus on 

interannual variations using a 12-month running filter, and hence we present results centered on 

1 February 2005 through 1 July 2018. 

 

Over this period, the tropospheric mean abundance of N2O increased almost linearly from about 

319 ppb (nanomoles per mole) to 330 ppb, or equivalently from a burden of 1528 TgN to 1586 

TgN (using a scaling factor of 4.79 TgN/ppb (Volk et al., 1997; Prather et al., 2012)).  We want 

to analyze a stationary time series, and so we rescale both the burden and chemical loss each 

month with the same factor so that the burden corresponds to our reference value of 320 ppb.  
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With this scaling, the average N2O loss over the MLS period 2005-2018 is 12.9 (interannual 

min-max ± 0.3) TgN/yr, corresponding to a global mean loss frequency of about 0.84 %/yr. 

 

Figure 1 compares our rescaled N2O loss derived from past and current MLS products (different 

retrieval channels and version algorithms).  The mean difference between V3 (P2015; green) and 

V4 products for the old N2O (640 GHz; blue) channel is 2%, while the mean difference between 

V3 640 GHz (P2015; green) and the new updated V4 190 GHz channel (red) is much smaller 

during the overlapping period (2005-2010).  This disagreement is well within the MLS 

uncertainty range in N2O of 3-5% (one-sigma).  Interannual variability clearly shows a QBO 

signal and is nearly identical across the three records, except when the 640 GHz channel fails in 

the 2nd half of 2012.  In the tropical lower-stratosphere, the downward propagating zonal winds 

of the QBO alternate direction every ~28 months.  The shear produced by descending winds can 

enhance or suppress transport of N2O to the middle stratosphere where it is destroyed (~10 hPa), 

and thus generate a QBO signal in the loss of N2O. 
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MLS N2O loss 

 
Figure 1. Rescaled loss of N2O (TgN/yr, monthly values averaged over 12 months) 

calculated from Aura MLS measurements of N2O, O3, and temperature. The green 

line represents N2O loss calculated with the version 3 (V3) N2O product using the 

640 GHz channel (data used in Prather et al., 2015). The blue line represents N2O 

loss based on version 4 (V4), also at 640 GHz. The red line represents N2O loss 

based on V4 at 190 GHz (primary data used here). The right y-axis shows the loss 

frequency (%/yr) of the total fixed burden when scaled to 320 ppb or 1533 TgN.  The 

O3 profiles use the 240 GHz channel, and temperature uses 118 GHz (16-90 km) and 

239 GHz (9-16 km).  

 

2.2. Chemistry-Transport Modeling of N2O - Methods 

For models, we identified three CTMs that could simulate stratospheric loss of N2O using 

prescribed historical meteorology for the MLS period, see Table 1:  the Goddard Space Flight 

Center (GSFC) Global Modeling Initiative (GMI) CTM, the Laboratoire de Météorologie 

Dynamique, Zoom, Version 5 (LMDz5) CTM, and the University of California Irvine (UCI) 

CTM.  The CTMs are similar in resolution (1°-3° horizontal) with 40-70 atmospheric layers.  

GMI uses Modern-Era Retrospective analysis for Research and Applications-2 (MERRA-2) 

wind fields and full stratosphere-troposphere chemistry (Strahan et al., 2016); LMDz5 uses the 

European Centre for Medium-Range Weather Forecasts Re-Analysis-Interim (ECMWF ERA-

Interim) meteorology with prescribed fields for O(1D) and photolysis rates from a previous run 

(Remaud et al., 2018); and UCI uses ECMWF Integrated Forecast System (IFS) pieced forecasts 
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with a linearized stratospheric chemistry including O3, N2O, and CH4 (Hsu and Prather, 2010; 

Prather et al., 2017). 

 

Table 1.  Participating Models 

model name meteorology resolution years reference 

GSFC GMI 

CTM 

MERRA-2 1°; 72 layers 1980-

2018 

Strahan et al. (2016) 

LMDz5 CTM ERA Interim  1.25°x3.75°; 39 layers 1995-

2016 

Thompson et al. 

(2014) 

UCI CTM ECMWF IFS 

Cy38r1 

1.1°; 57 layers 1990-

2017 

Prather et al. (2017) 

 

We design a CTM simulation whereby any variability in N2O in the stratosphere down to the 

surface will be driven completely by stratospheric loss and atmospheric transport.  If emissions 

are used to maintain the observed N2O, then the surface variability will also be determined by the 

location and magnitude of those emissions, confounding the stratospheric signal.  Resetting 

lower-boundary N2O to observations does not get around this constraint since it is effectively a 

surface source.  To isolate the stratospheric N2O signal, the CTMs simulate an artificial tracer 

N2OX like that in Hamilton and Fan (2000).  N2OX is initialized as N2O at the beginning of the 

simulations, has the same stratospheric chemical loss frequency as N2O, has no sources or 

emissions, and thus decays at a semi-regular rate of about 0.8 %/yr (see Figure 1 for loss 

frequency and Supplementary Figure S1a for change in burden (TgN) of N2O vs. N2OX).  With 

the decaying N2OX tracer, the loss frequency (%/yr) values are calculated directly from the 

model loss divided by the model burden, averaging both the loss and burden over 12 months 

(i.e., 12-month running mean).  For comparison with absolute amounts such as mass loss 

frequency (TgN/yr) or surface fluctuations in ppb, we scale the model-derived chemical loss to a 

mean tropospheric abundance of 320 ppb (our reference standard established in section 2.1).  

 

The relative atmospheric distribution of N2O will be different between N2OX (driven only by a 

stratospheric sink) and real (observed) N2O (driven by surface emissions and a stratospheric 

sink).  N2OX is a pure decay mode tracer (lifetime is a true e-fold; see Prather (1998)), whereas 
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loss of N2O is kept at steady state due to emissions. This results in N2OX having a greater 

stratospheric abundance and greater stratospheric loss by about 2% when compared to a surface-

driven N2O with the same mean tropospheric abundance. For example, in the UCI model with a 

surface source maintaining a 320 ppb N2O abundance, the lifetime is 139 years; but for the no-

source decaying N2OX, it is 135 years.  As a bias offset, this difference is much less than the 

uncertainty in the MLS derived lifetime and also less than the model-to-model differences. As an 

added complication, the observed atmospheric N2O is not in steady state but is increasing at 

about 0.25 %/yr, and thus, for the same stratospheric abundance and loss, the tropospheric 

burden is larger than when run at steady state.  This effect is <1 % (i.e., a 4-year lag from 

troposphere to mid-stratosphere) and also well within the uncertainties here.   

 

Solar-cycle variations in ultraviolet (UV) flux along with ensuing photochemical changes in O3 

are included in GMI and (obviously) in the observations, but not in LMDz5 or UCI.  The change 

in N2O loss from solar minimum to maximum is buffered: increased UV flux at 190-240 nm will 

drive greater N2O loss, but also greater upper-stratospheric O3 columns that reduce N2O 

photolysis.  Overall, the O3 increases vary from 0 to 3%, and the UV flux changes near 200-210 

nm (peak N2O loss region) is estimated to be 2-6% (Hood, 2004; Gray et al., 2010; Ball et al., 

2019).  We judge the uncertainty in solar-cycle and solar-rotation effects for this study to be well 

within the MLS observational uncertainties (~ 2% level) or the model differences. 
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2.3. Chemistry-Transport Modeling of N2O Loss 

 

 

 

 

Modeled and observed loss 

(a) 

 
(b) 

 
Figure 2. (a) Absolute loss of N2O (TgN/yr; left axis) and global mean loss frequency (%/yr, 

right axis) for MLS observations (2005-2018, thick black line, GMI (1990-2018, green), 

LMDz5 (1995-2016, blue), UCI (1990-2017, red).  Absolute loss for the models with decaying 

tracer N2OX is scaled to a tropospheric mean of 320 ppb.  MLS loss frequency is based on 

NOAA’s tropospheric burden rescaled to 320 ppb. (b) Modeled loss (%/yr) of N2OX (solid 

lines; left y-axis) and F11X (dashed lines; right y-axis).  Results are shown for GMI (green, 

blue) and UCI (red, gold).  Note: F11X loss y-axis scale is twice that of N2OX loss.  
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Loss frequencies and lifetimes 

Table 2. Annual mean loss frequency (%/yr) and respective lifetime (yr) of N2O, N2OX, and 

F11X in each of the simulations for the MLS overlap period (2005-2018) and for the previous 

years of each simulation (years vary) 

 
1990-2004 2005-2018 

 
Loss (%/yr) Lifetime (yr) Loss (%/yr) Lifetime (yr) 

MLS N2O - - 0.84 119 

GMI N2OX 0.82 122 0.83 120 

LMDz5 N2OX 0.86 116 0.88 114 

UCI N2OX 0.77 130 0.74 135 

UCI N2O @ 320 

ppb 

0.75 133 0.72 139 

GMI F11X  1.79 56 1.77 57 

UCI F11X  1.58 63 1.58 63 

MLS N2O uses NOAA ESRL N2O burden for 2005-2018.  Aura MLS overlap period may end 

slightly prior to December 2018 depending on the CTM.  LMDz5 reports only for 1995-2016; 

and UCI, for 1990-2017.  GMI is the only model to report an earlier decade 1980-1990, which 

has reduced mean loss frequencies for N2OX (0.74 %/yr) and F11X (1.60 %/yr), similar to 

UCI; but the stratospheric transport in GMI for that period is discredited (Douglass et al., 

2017). 

 

The modeled N2OX mean loss frequencies (%/yr) are compared with MLS N2O in Figure 2a and 

summarized in Table 2.  For the MLS period (2005-2018), UCI mean loss frequency is about 

0.10 %/yr less than MLS, while LMDz5 is 0.04 %/yr greater, and GMI is a match.  In P2015, 

both GMI and UCI had similar offsets from MLS, but the new GMI model matches MLS.  The 

GMI chemistry has not changed much, but the P2015 GMI was run with MERRA Goddard Earth 

Observing System, Version 5 (GEOS-5) circulation, while the current GMI uses MERRA-2 
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circulation.  Based on P2015 (their Figure 3), these different loss rates are not caused by 

differences in photochemistry between the GMI simulations, but rather the circulation's ability to 

maintain high levels of N2O at 10 hPa in the tropics where most of the loss occurs.  It is 

interesting that LMDz5 and UCI have the largest difference, since both models are using 

ECMWF meteorology, but in different forms (ERA-Interim vs. IFS cycle38r1 forecasts).  If we 

drop all the model values by 0.02 %/yr to account for bias of N2OX loss versus a surface forced 

N2O (see example with UCI CTM; section 2.2. & Table 2), then MLS falls in between LMDz5 

and GMI with UCI still having the largest underestimate of loss rate at any given time.   

 

Comparing the QBO-like variability in N2O loss across the models with the MLS-derived loss, 

we find that all have about the same peak-to-peak amplitude, ±0.04 %/yr (Figure 2a).  Unusually, 

the UCI model, with the largest bias in total loss (see above), has the closest direct match to the 

MLS variations (correlation coefficient, cc = 0.86); while for GMI (cc = 0.45) and LMDz5 (cc = 

0.32), the variations occur at different times.  In 2013, GMI shows an extra peak loss (i.e., due to 

enhanced upwelling) that is not seen in the other models or observations, which may account for 

the lower correlation.  For the 15-year period before MLS (1990-2004), the models show a 

similar overall range of variability, but less temporal correlation between them than in the MLS 

period.  LMDz5 and UCI are reasonably consistent showing parallel variations over 1995-2005 

(cc = 0.64), but GMI (with LMDz5 cc = 0.33 and with UCI cc = 0.41) clearly diverges.   

 

For the pre-MLS period, the models show less agreement with one another than in the MLS 

period and also exhibit significant shifts in their loss frequencies.  N2OX loss in GMI starts at 

11.5 TgN/yr, rising to >13 TgN/yr over this pre-MLS period; whereas UCI loss also starts at 11.5 

TgN/yr, but returns to that value by 2004.  We conclude that large differences emerge from 1990 

to 2004 in the circulation of the tropical middle stratosphere between ECMWF (both ERA-

Interim and IFS Forecasts used in LMDz5 and UCI, respectively) and MERRA-2 (GMI), and 

that these differences are maintained consistently throughout the MLS period. These 

disagreements may stem from known transport problems in the MERRA-2 subtropical lower 

stratospheric circulation (Coy et al., 2016; Manney et al., 2017) that also affects upwelling rates 
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to the tropical middle stratosphere where N2O is destroyed. In addition, Douglass et al. (2017) 

showed that the MERRA-2 transport circulation had time-dependent biases prior to the Aura 

MLS period that caused poor agreement with simulated long-lived trace gases. Stauffer et al. 

(2019) showed that changes in the observing system in 1998 led to significant improvements in 

the MERRA-2 stratospheric circulation. 

 

2.4. Decadal trends and variability in N2O Lifetime 

 

The lifetimes of the gases in Table 2 are simply the inverse of their global mean loss frequencies, 

shown for the MLS period (2005-2018, ending in 2016 for LMDz5 and 2017 for UCI) and for 

the pre-MLS period (1990-2004, beginning in 1995 for LMDz5).  The full MLS record of 12-

month averages runs from 1 February 2005 to 1 July 2018 and has a mean loss frequency of 0.84 

%/yr, corresponding to a lifetime of 119 years.  This lifetime is only slightly longer than the 117 

years (118 years when rescaled to 320 ppb) reported in P2015 for the period 2005-2010.  The 

three models show different decadal shifts in N2O lifetime over the extended period:  UCI has a 

clear long-term increase (i.e., decreasing N2O loss); LMDz5 has a small decrease; and GMI has 

almost no trend but oscillates widely (20% min-to-max amplitude) in the pre-MLS period.  GMI 

is the only model to report an earlier decade, which was proven to be unreliable prior to ~2000 

due to unrealistic transport of air-parcels in the middle stratosphere (Douglass et al., 2017).   

 

Many studies find long-term shifts in the annual Brewer-Dobson circulation (BDC) which 

transports tropospheric air to the stratosphere (Butchart, 2014). As climate change drives the 

acceleration of the BDC, one would expect increased loss of F11 and N2O.  Fu et al. (2019) finds 

changes to the BDC over the last four decades based on satellite observations and reanalysis 

data.  However, we do not see trends in N2O lifetime over the sustained climate change of the 

MLS period (2005-2018). Only GMI shows shifts in lifetime during the early years of the 

simulation (1980 ~ 2000), but these are discredited as noted above.   



44 

 

 

What changes in the chemistry could drive interannual or decadal shifts in lifetime?  N2O loss is 

driven primarily by the overhead O3 column that controls photolysis rates (90% of loss), and 

secondarily by local O3 that is the source of O(1D) oxidation (10% of loss).  For the MLS period, 

there is a positive trend in upper stratospheric O3 of 1-2% per decade above 30 km (see WMO, 

2018, Chapter 3, Figures 3-7 and 3-8; Braesicke et al., 2018).  This O3 increase shields N2O loss, 

increasing the lifetime, and it is naturally included in the loss rate derived from MLS 

observations.  Given an effective optical depth of about 1 for the O3 column above 30 km, we 

might expect N2O photolysis to respond with similar percentage reductions.  The MLS loss in 

Figure 2 shows much larger variability (10%) but is consistent with a 1-2% drop (~0.2 TgN/yr) 

in loss rate.  The LMDz5 and UCI models used parameterized N2O loss not including chlorine 

changes, but the GMI model used full chemistry that did.  A simple linear trend fit shows that 

MLS and UCI agree in overall trend, while LMDz5 and GMI are different, but we find little 

statistical significance in these differences given the short length of the record. 

 

Solar cycle variations in the UV-flux change N2O photolysis directly, in addition to changing O3.  

The solar-cycle driven O3 changes in the upper stratosphere are small over the MLS period, 

estimated to be +1% during the weak maximum of Cycle 24 in 2011-2015 (WMO 2018, Fig 3-

7).  This has a small impact, but UV-flux driven increase in N2O loss is estimated to be a 4-7% at 

full solar maximum (P2015's Table 2).  Since the recent Cycle 24 had less than half the 

amplitude of typical cycles, we estimate that N2O loss may have increased by about 0.3 TgN/yr.  

This solar cycle was not included in LMDz5 and UCI but was in GMI.  The MLS loss, calculated 

with the offline UCI photochemistry box model, also did not include this direct solar cycle effect 

although it would have included the ozone changes noted above (see P2015).  It is possible that 

the anomalous 2013 peak loss in GMI of magnitude 0.6 TgN/yr may be in part a solar cycle 

signal.  

 

2.5. Chemistry-Transport Modeling of CFC-11 - Methods 
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Using only GMI and UCI CTMs, we simulate a synthetic F11X tracer that has the loss frequency 

of CFCl3 and decays without sources (see Supplementary Fig. S1b). LMDz5 did not simulate 

F11X.  With no equivalent stratospheric observational counterpart, we cannot compare the 

modeled stratospheric loss with observations.  F11X responds to stratospheric circulation 

changes in the lower stratosphere with loss occurring in the tropics about 8 km below that of 

N2O.  Although N2O must be transported through the lower stratosphere into the middle 

stratosphere where it is destroyed, it is not particularly sensitive to the rate of tropical upwelling 

below 24 km because little N2O is lost there.  Thus, the covariance of F11X and N2OX losses 

identifies some coherence in tropical upwelling in the stratosphere from 20 to 40 km altitude.  In 

addition, F11X can indicate if the surface signal of chemically depleted stratospheric tracers 

depends on the loss region (e.g., ~24 km for F11X and ~32 km for N2OX).  

 

2.6. Chemistry-Transport Modeling of CFC-11 Loss and Lifetime 

 

UCI and GMI F11X mean loss frequencies (%/yr; Figure 2b) and lifetimes (Table 2) are 

compared with each other and N2OX.  The behavior of the N2OX and F11X losses are similar, 

but not identical: for GMI the cc of N2OX versus F11X is 0.38 for years 2001-2016; and for 

UCI, it is 0.37 (see Table S2).  For both models, the F11X mean loss frequency and amplitude is 

about twice that of N2OX.  This increased loss frequency puts the lifetime of UCI F11X during 

the MLS overlap period at 63 years, which is slightly longer than GMI’s at 57 years.  The timing 

of most F11X extrema matches well across the two models (cc = 0.47 for GMI versus UCI 

F11X), and is comparable with their N2OX counterparts, indicating transport variations in the 

lower stratosphere are similar between MERRA-2 and ECMWF-IFS.  The systematic difference 

in N2OX loss frequency between UCI and GMI carries over to F11X in proportion to the mean 

loss frequency.  Thus, the systematic UCI-GMI difference in annual mean tropical upwelling is 

consistent throughout the stratosphere.  The most obvious N2OX-F11X disagreement occurs in 

2010, with the F11X peak loss reached nearly a full year before the corresponding N2OX peak 

loss.  Interestingly, the timing of this F11X peak in GMI and UCI agree with the timing of the 

early portion of the broad MLS N2O peak loss (Figure 2a) during an anomalous QBO (see 

Section 3.3). Another notable N2OX-F11X mismatch occurs in 2013, but only for GMI.  In 
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addition to not being captured by the other models and the MLS observations, the anomalous 

peak loss of N2OX in GMI (see section 2.4) was also not accompanied by F11X peak loss.  

Since tropical transport directly affects the loss rates, the low correlation between N2OX and 

F11X in the two models indicates that upwelling changes phase with altitude.  When including 

pre-MLS years (1990-2005), there are no obvious decadal shifts in F11X loss rate, unlike N2OX.   

 

3. Surface Impacts of Stratospheric QBO 

 

3.1. Introduction and Methods 

 

The Brewer-Dobson overturning circulation transports air masses throughout the stratosphere 

(Butchart, 2014), bringing air containing tropospheric levels of N2O and CFCl3 upward in the 

tropics to their respective loss regions where they are photolyzed or destroyed by O(1D). Then, 

air that is photochemically depleted in these gases is transported down to the lower stratosphere 

outside the tropics where STE carries N2O- and CFCl3-depleted air into the troposphere and 

down to the surface.  The overturning circulation, including the stratosphere-to-troposphere flux, 

has a large seasonal cycle driven by solar heating, but also well-known interannual variability 

associated with dynamics like the tropical QBO and wintertime sudden stratospheric warmings.   

 

The surface signal in these model calculations should be uniquely stratospheric since we 

included no tropospheric chemistry or emissions for N2OX and F11X.  The N2O loss due to O1D 

in the troposphere, 1% of the budget (Prather and Hsu, 2010), is not included here.  Therefore, 

the observed surface QBO signal provides an unambiguous test of STE of N2O-depleted air on 

sub-decadal time scales.  We compare modeled N2OX with NOAA ESRL surface observations 

of N2O (Dlugokencky et al., 2019) over years 2001-2016.   

 

Surface N2O measurements from NOAA are taken from the cooperative global air sampling 

network collected by the Global Greenhouse Gas Reference Network for the Carbon Cycle and 
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Greenhouse Gases (CCGG) Group. These air-flask samples are collected weekly from a discrete 

and dense network of global background sites, air-sampling towers, small aircraft, and 

cooperative regional background sites (Dlugokencky et al., 2019).  The rate of change over a 12-

month period is calculated to remove seasonal trends and produce zonally-averaged annual 

growth rates of N2O (ppb/yr) for each month. 

     

For this QBO analysis we calculate the modeled interannual (year-to-year) rate of change for 

each month (e.g., the %/yr change in Jan 1991 = N2OXJan1991/N2OXJan 1990 – 1), while the 

observed change is based on the annual growth rate of N2O.  As expected, the long-term mean 

interannual rate of change for modeled N2OX matches the model’s loss frequency (Table 1, -

0.76 to -0.89 %/yr) and is opposite in sign to that for real N2O with its observed growth rate for 

this period of +0.25 %/yr.  In Supplementary Figure S2, we show the latitude-by-month 

interannual anomalies with the mean removed for the full period available.  The N2OX 

anomalies from the three models look remarkably like the observed N2O, although they may be 

more regular than the observations.  The observations will, of course, also include interannual 

variability in emissions that is not QBO-related, but to first order, it appears that the majority of 

interannual variability in observed N2O is QBO-driven as shown in Ray et al. (2020).  The 

interannual change (%/yr) can be converted to abundance (ppb/yr) through multiplying by 320 

ppb, and fluctuations are about ±0.7 ppb, equivalent to the annual growth rate.  The mean annual 

cycle has a slightly larger amplitude and is discussed in Section 4.   

 

For a clearer picture of the QBO signal at the surface, we create a composite of QBO cycles in 

surface N2O in ppb/yr by averaging at each latitude for each month starting 14 months prior and 

extending to 14 months after the QBO (Figure 3).  For this diagnostic, the mean interannual 

percent change is removed and we multiply models and observations by 320 ppb.  The 

synchronization point for each QBO cycle is chosen as the month when the zonal wind at 40 hPa 

shifts from westerly (negative) to easterly (positive) based on the Singapore sonde data 

(Newman, 2020).  If we extend these graphs beyond ±14 months, the coherent signal of the QBO 

is lost.  Since the NOAA ESRL data begins in 2001 and LMDz5 extends only to 2016, this work 
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is restricted to these years for consistency.  This period includes 7 QBO phase transitions 

(01/2002, 03/2004, 04/2006, 04/2008, 08/2010, 04/2013, 07/2015).  The QBO period centered on 

08/2010 is clearly anomalous:  there was a disruption to the stratospheric QBO, there was a 

strong La Niña, and the NOAA surface QBO composite was highly anomalous, unlike the 

models (see Supplementary Fig. S4).  Therefore, our composites use only the standard six QBO 

cycles and we address the anomalous 2010 QBO in Section 3.3.  

 

The Ray et al. (2020) study showed QBO impacts at the surface for CFC-11 and N2O, using a 

chemistry-climate model that was tied to the historical meteorology only by nudged winds in the 

tropical stratosphere.  Therefore, the lowermost stratospheric circulation, jet streams, and 

stratosphere-troposphere exchange, and tropospheric mixing were mostly driven by 

climatological sea-surface temperature boundary conditions, unlike the CTMs meteorologies 

used here that followed the synoptic weather conditions of the period.  Their paper focuses on 

CFC-11, and the published diagnostics for modeled N2O (global mean surface) cannot be readily 

incorporated in this analysis.   

 

3.2. QBO Impact  

 

Composites of the six standard QBOs for surface N2O/N2OX in Figure 3 show a distinct pattern 

and general agreement among the models and the NOAA ESRL observations, indicating that this 

QBO-composite is robust.  Variability caused by emissions tied to wildfires or El Niño-Southern 

Oscillation (ENSO) events would only degrade this NOAA composite.  All four datasets look 

similar in terms of timing and latitudinal patterns before and after the QBO phase transition, 

especially in the southern hemisphere (SH). The negative N2O anomaly occurs first in the NH in 

the ~2 months leading up to the phase change and extends into the southern hemisphere (SH) 0 

to 4 months afterwards.  This pattern cannot simply be the lagged interhemispheric transport of a 

NH signal because the SH amplitude is greater than or equal to that in the NH.  The surface 

variability for UCI (σ = 0.03 %/yr), GMI (σ = 0.03 %/yr), and NOAA observations (σ = 0.04 

%/yr) are all comparable, however LMDz5 variability is twice as large ( σ = 0.08 %/yr).  For 
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LMDz5 and GMI the amplitudes in each hemisphere are similar, but for UCI and NOAA the 

amplitude is much greater in the SH than in the NH.  This larger SH amplitude of QBO-

modulated signal was expected for the UCI CTM as it is also seen in stratosphere-to-troposphere 

ozone flux (Hsu and Prather, 2009). UCI performs the best among the CTMs at capturing the 

observed pattern overall (correlation coefficient, cc, of UCI vs. NOAA is 0.80).  All the models 

do well in the SH: cc is 0.93 for LMDz5, 0.89 for UCI, 0.70 for GMI. In the NH, the models are 

distinctly worse: 0.54 for LMDz5, 0.51 for GMI, and 0.32 for UCI.  The models tend to agree 

with each other in the NH QBO composite (except for LMDz5 having twice the amplitude), and 

thus the disagreement with the observations may be caused by the predominantly NH emissions 

and their annual cycle disrupting the QBO composite. These results are part of the Taylor 

statistics (standard deviation, root-mean-square error, and correlation coefficients) for the models 

versus observations (NOAA) given in Supplementary Table S1.  In terms of phasing between the 

hemispheres, GMI has the best NH-SH phase shift, keeping opposite signs in the hemispheres, 

while LMDz5 and UCI (both using ECMWF products) have much less phase shift between 

hemispheres.  The observed NH-SH difference in amplitude is only matched by UCI, indicating 

that LMDz5’s meteorological fields have distinctly different STE fluxes, at least in the NH over 

a QBO cycle.   

 

With GMI and UCI also running tracer F11X, we assemble similar diagnostics for surface F11X 

and find surprising results (see Supplementary Fig. S3 and Table S2).  The surface patterns for 

F11X match those of their N2OX counterparts nearly exactly but with twice the amplitude.  The 

cc values of F11X vs. N2OX within each model range from 0.96 to 1.00 for the annual, QBO 

composite, or the 2010 anomalous QBO at the surface.  This is surprising since the stratospheric 

losses have cc values of 0.37 to 0.38.  The implication is that the large QBO signal in the 

chemical creation of N2O-depleted (or F11-depleted) air in the tropical stratosphere is not 

transmitted to the surface.  Rather, it is the QBO-related changes in dynamics of the mid-latitude 

lowermost stratosphere that causes the surface signal.  The large QBO signal in tropical N2O loss 

is mixed and forgotten by the time it reaches the lowermost stratosphere.   
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QBO surface impacts 

 

Figure 3. Surface N2O change (ppb/yr) composites centered on the QBO phase transition 

at 40 hPa based on a rescaled tropospheric abundance of 320 ppb.  Composites show the 

mean QBO surface impact throughout the overlap period (years 2001-2016*; six standard 

QBO cycles) for each respective dataset. Simulations (top panel and bottom left) are of 

N2OX (zero emissions), while the NOAA ESRL observations (bottom right) are of surface 

N2O (with emissions). Warmer colors indicate positive change changes with respect to a 

tropospheric mean abundance of 320 ppb (i.e., driven by lower loss frequencies, resulting 

in greater abundances of N2OX) while cooler colors coincide with increases in loss rates 

(see figure 2). *Note: the 2010/11 anomalous QBO centered on August 2010 has been 

removed from these composites and is shown separately in Figure S4. 

 

3.3. Anomalous QBOs and ENSO-related emissions 

 

Not all QBOs are alike and the composite smooths over these differences.  During the 2005-2018 

MLS period there were two notably anomalous QBOs. In 2010/11 the QBO pattern was 

disrupted with a weakening, but not reversal of the zonal westerly winds, followed by a 

strengthening (Coy et al., 2017; Newman, 2020). This pattern appears as a deep and persistent 
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westerly phase that results in prolonged, enhanced tropical upwelling in the mid-stratosphere 

(Newman et al., 2016; Osprey et al., 2016).  A stronger disruption occurred in 2015/16, causing a 

QBO phase reversal where the westerlies changed to descending easterlies.  Following the 

2015/16 disruption, there was a long westerly phase until mid-2018.  A primary consequence of 

the QBO cycle is to alter upwelling of trace gases to loss regions in the stratosphere, and 

anomalous QBOs should be manifested in the stratospheric loss of N2O and F11 (Tg/yr).  In 

Figure 1, we find a fairly regular (~28 month) signal in the MLS-derived loss, but in 2010/11 the 

peak loss from enhanced upwelling during the westerly phase is sustained for more than a year.  

None of the CTMs are able to capture this sustained peak loss: GMI and UCI N2OX simulations 

show peak loss near the end of this period; while the LMDz5 N2OX simulations have peak loss 

near the beginning (Figure 2).  For this 2010/11 anomaly, the modeled F11X peak loss (GMI and 

UCI only) occurs about 1 year prior to the N2OX peak loss, which then coincides with minimum 

F11X loss. Because F11 is destroyed much lower in the stratosphere than N2O, this pattern 

indicates that the enhanced tropical upwelling in the two regions is disconnected and starts in the 

lower stratosphere.  There are other periods when the F11X and N2OX losses are uncorrelated, 

but the 2010/11 period is unique in that both models show the same pattern.  In sharp contrast, 

the 2015/16 QBO anomaly in MLS N2O loss is well matched in both GMI and UCI simulations, 

and further, the F11X losses parallel those of N2O.  The sustained westerlies during 2016/18 

produce a broad peak of N2O loss that is well matched by GMI and UCI.  The UCI simulation 

ended during this anomaly but appears to capture the first half of the peak loss. GMI was able to 

capture this anomaly in its entirety, but unfortunately, the LMDz5 simulation ended before the 

anomaly began.  

 

The next question is how these anomalous QBOs are manifested as anomalies in surface 

abundance (ppb/yr).  For this, we compare the anomalous 2010/11 QBO centered at the 08/2010 

QBO phase change (Supplementary Fig. S4), with the composites of six standard QBO cycles 

(Figure 3).  The NOAA surface pattern of this 2010 anomaly is surprisingly different from its 

composite with a large positive N2O anomaly in the SH from about -9 to +4 months (relative to 

the QBO phase change), which extends into a weaker NH positive anomaly centered about 0 to 

+9 months (see Figure S4).  This anomaly is also captured by the separate NOAA Halocarbon 
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and other Atmospheric Trace Species group (HATS; not shown here) using a separate surface 

observing network, and thus this pattern is most likely a robust global signal.  In sharp contrast, 

the modeled patterns mostly match their standard-QBO composites despite minor differences 

(i.e., reversal from negative to positive in the SH for GMI).   

 

Thus, for more than a year, N2O showed a sustained growth of 0.25 ppb/yr above the long-term 

average (about 0.8 ppb/yr over the period analyzed here).  This growth was not caused by a 

reduction in stratospheric influx of N2O-depleted air that we modeled.  The simplest explanation 

is that starting in late 2009, there was an enhanced N2O source of about 1 TgN that accumulated 

in the SH and then mixed into the NH with the typical interhemispheric exchange time of about 1 

year. This source could be from the equatorial Pacific Ocean because the inter-tropical 

convergence zone is north of the equator and the emissions would accumulate in the SH.  

 

The 2010/11 anomalous QBO was accompanied by the cool phase (La Niña) of ENSO, while the 

2015/16 anomalous QBO was accompanied by a strong warm phase (El Niño).  Studies have 

shown that El Niño events, which suppress tropical upwelling in the Eastern Pacific, lead to a 

reduction in oceanic N2O emissions; while the opposite is true for La Niña events (e.g., Cline et 

al., 1987; Butler et al., 1989; Ji et al., 2019).  Nevison et al. (2007) and Thompson et al. (2019) 

show that the ENSO index is negatively correlated with N2O abundance and growth rates.  This 

supports our simplistic proposal above that an equatorial source of ~1 TgN during the 2010 La 

Niña can explain the observed anomaly.   

 

We have a unique capability here in that we have three independent CTMs generating N2O 

surface patterns that include all the chemistry and transport, but without emissions.  The 

dynamical link between the QBO and ENSO is unclear (Coy et al., 2017) and poorly reproduced 

in models (Serva et al., 2020).  Nevertheless, we expect our CTM simulations based on 

reanalysis meteorological fields should include a semblance of the chemistry and transport 

variability – QBO and ENSO related – that affects surface N2O. Thus, we remove the modeled 
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chemistry-transport-driven surface variability from the observed signal (i.e., NOAA observations 

minus models from Figure S2) to search for an emissions signal tied to ENSO.  Since the 

obvious QBO amplitude of this signal is different across the models (Figure 3), we rescale the 

models’ surface variability to match the root-mean-square deviation from the mean of the 

observed QBO signal (Figure 3) before calculating the residuals. The NOAA-minus-model 

residuals are then correlated with the Niño 3.4 index (calculated from the monthly Extended 

Reconstructed Sea Surface Temperature, Version 5 by NOAA’s Climate Prediction Center) at 

each latitude.  Figure 4 shows that this presumably emissions-driven anomaly is negatively 

correlated with the Niño 3.4 index (opposite in sign to the 2010 La Niña anomalies as expected) 

with a lag of -2 to +4 months in the SH and occurring more weakly and 10 months later in the 

NH.  All three models give the same basic pattern for ENSO-driven emissions. 
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ENSO N2O/N2O residuals 

 
Figure 4. Correlation coefficients between surface N2O residuals (NOAA N2O minus modeled 

N2OX from Figure S2) and Niño 3.4 index at each latitude for years 2001-2016. The offset 

represents the lag between residuals and the Niño 3.4 index (i.e., -12 offset = N2O residualJan2000 

versus the Niño IndexJan2001). Before the residuals were calculated, the modeled surface 

variability was rescaled to match the RMS of the observed QBO signal in Figure 3.     

 

 

 4. Annual Surface Climatology  

 

Nevison et al. (2004, Figure 1) noted that the annual cycle of N2O at three remote sites was 

caused as much by the stratospheric influx of N2O-depleted air as tropospheric transport of 

emissions.  Thompson et al. (2014a, Figure 8) compared the annual cycle of N2O at seven remote 

sites in an 8-model intercomparison project that included surface emissions and model-calculated 

STE.  Here, we construct a latitude-by-month annual cycle composite (in ppb) for each time 

series (observed N2O, modeled N2OX and F11X) using a global rescaling factor so that the 
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annual mean value is 320 ppb.  These annual cycles, averaged over the years 2001-2016, are 

shown for all latitudes in Supplementary Figure S5.  The annual cycle in modeled F11X parallels 

that of N2OX (cc = 0.98 for GMI and 1.00 for UCI) but with twice the amplitude because of the 

shorter lifetime.  While the modeled N2OX annual cycle is driven only by STE of N2O-depleted 

air, the observed annual cycle of N2O includes the signal of surface emissions and N-S transport 

of these emissions.  In Figure 5, we compare the annual cycle in the NH and SH mid-latitudes 

(30°-90°) from observations and models.  Our observed cycles, as expected, are similar to the 

mid- and high-latitude stations in Nevison et al. (2004) and Thompson et al. (2014a), with the 

notable exception of Trinidad Head, which does not match other NH stations.  

 

First, it appears that the STE flux – both annual and QBO-related - creates only small N-S 

gradients, ranging from +0.3 ppb (UCI) to -0.2 ppb (LMDz5), and thus the observed gradient 

(+1.3 ppb) is driven predominantly by NH emissions.  Second, the modeled NH annual 

amplitude looks much like the observations:  the models peak to peak amplitude ranges from 

0.51 to 0.75 with a June-August minimum; while the observed amplitude is ~0.50 ppb with an 

August-September minimum.  Thus, the observed NH seasonality can be driven for the most part 

by the STE flux and not by seasonality of emissions or interhemispheric exchange.  Third, for the 

SH, the amplitude is reduced and there is a range of phases between the models.  It is interesting 

to note that the amplitude of the QBO in the mid-latitudes (box-whiskers on the annual cycles in 

Figure 5) can be as large or larger than the annual cycle and confounds a simple separation of the 

STE flux into annual and interannual cycles from observations.   

 

With the model experiments conducted here, it is difficult to assess how STE flux competes with 

SH sources or interhemispheric exchange. We see agreement across the models in SH STE using 

QBO composites, but the annual cycles are discordant.  Thompson et al. (2014a) recorded 

widespread disagreement of N2O seasonality in the SH among six different models.  We find 

here that the annual STE cycle in the SH is substantially different among three standard 

meteorological models (MERRA-2, ERA-Interim, ECMWF-IFS), while in the NH it is 

essentially the same.   
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Nevison et al. (2004) showed the annual minimum of F11 occurred 1 month before that of N2O 

in the SH (Cape Grim) due to the influence of N2O sources. Since our model simulations do not 

have emissions or interhemispheric gradients driven by emissions, we find that the variations in 

F11 and N2O are almost perfectly correlated (see discussion above and Table S2).  A more 

detailed study of QBO- or STE-related diagnostics with these models or similar CTMs running 

with assimilated or forecast meteorology is needed, with a focus on the SH. Such a study should 

include correlated trace species (CF2Cl2 as in Nevison et al., 2004, Thompson et al. 2014a, and 

probably also O3) and also isotopic studies that may be able to separate STE fluxes from oceanic 

emissions (Chris A. McLinden et al., 2003).  Since different N2O isotopes have different sources 

and stratospheric chemistry, inclusion of them in a future study will provide unique information 

about their transport (Nevison et al., 2005; Park et al., 2012). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

N2O/N2OX annual cycle 
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Figure 5. The annual cycle of surface N2O/N2OX for the northern hemisphere (30° N - 

90° N; solid red line) and the southern hemisphere (30° S - 90° S; dashed blue line). 

Simulations (top panel and bottom left) are of N2OX (zero emissions), while the NOAA 

ESRL observations (bottom right) are of surface N2O (with emissions).  The 12-month 

running average of the global abundance for each dataset was rescaled to 320 ppb. From 

there each month was averaged for the years 2001-2016 (i.e., all Januarys averaged, etc.).  

Vertical box-whiskers show the interannual peak-to-peak amplitude of the QBO in each 

hemisphere taken from Figure 3.  

 

5.  Conclusions 

This work expands the MLS N2O lifetime record from 2005-2010 to 2005-2018, providing more 

than a decade of observations with which to test models.  Despite small biases in total loss rates, 

we show that three chemistry-transport models using different meteorological fields can simulate 

the observed stratospheric variability of N2O induced by the QBO.  With this capability we 

follow the stratospheric signals down to the surface across all latitudes.  By comparing CFCl3 

(F11) and N2O simulations we find that the surface variability is driven almost entirely by 
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dynamical variations in cross tropopause fluxes of air rather than by propagation of the 

variability in stratospheric loss.    

 

At the surface, we are able to quantify the QBO fingerprint in N2O, showing that, for the most 

part, the three models match the observed interannual variations in N2O in both hemispheres 

despite the presence of emissions.  The annual cycle in stratospheric influx (hard to validate with 

observations) is modeled to be only slightly larger than the QBO pattern.  In the NH, the models 

without emissions can match much of the observations.  In the SH, the models have a much 

weaker annual cycle and differ in phasing when compared to the observations, indicating 

possible influence of seasonal transport and SH sources.  Thus, we have confidence based on 

three similar results, that the NH annual cycle in N2O due to stratospheric influence is well 

determined in phase and amplitude.  In addition, we have confidence that the north-south 

gradient in N2O caused by the stratosphere is at most ±0.3 ppb, is much less than the observed 

interhemispheric gradient of ~1 ppb, which thus must be driven by emissions being larger in the 

NH than in the SH.  Our results support this well-known feature of the N2O budget derived from 

previous studies (Nevison et al., 2018; Thompson et al., 2019; Tian et al., 2020).    

 

We investigate disruptions to the QBO, their impacts on N2O loss, and the models’ ability to 

capture these impacts.  The models have trouble capturing the surface impact of anomalous 

QBOs which coincide with strong, but opposite ENSO events (La Niña (2010/11) versus El Niño 

(2015/16)), which further confounds the problem.  Using the three CTMs in this study, we are 

able to remove the interannual variability at the surface driven by stratospheric chemistry and 

tracer transport, thus we produce clear signal of the anomalous emissions from the 2010 La Niña.  

These results highlight the capability of the QBO signal as a diagnostic metric with which to 

investigate model circulation and transport mechanisms on interannual time scales. 

 

Another consequence of this study is the extremely tight correlation of the interannual surface 

variations in F11 with those of N2O found in both models.  With this relationship, it is possible to 
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use the observed interannual N2O variations to remove the stratospheric influence on F11 and 

deduce its changing emissions.  Interannual variations in N2O emissions will certainly disrupt 

this tight relationship, but based on the 2001-2016 record, these appear to be no larger than 

stratosphere-driven changes.  This result indicates an improved constraint on F11 emissions is 

possible.   
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CHAPTER 4: From the middle stratosphere to the surface, using nitrous oxide to constrain 

the stratosphere-troposphere exchange of ozone 

 

1. Introduction & Background 

 

The influx of stratospheric ozone (O3) into the troposphere affects its distribution, variability, 

lifetime, and thus its role in driving climate change and surface air pollution.  The net 

stratosphere-to-troposphere exchange (STE) flux of O3 has a regular seasonal cycle in each 

hemisphere that is an important part of the tropospheric O3 budget (Stohl et al., 2003).  Such 

fluxes are not directly observable, and we rely on observational estimates using trace-gas ratios 

in the stratosphere (C. A. McLinden et al., 2000; Murphy & Fahey, 1994) or dynamical 

calculations using measured/modeled winds and O3 abundances (Gettleman et al., 1997; M. A. 

Olsen et al., 2004; Yang et al., 2016).  The uncertainty in these estimates does not effectively 

constrain the wide range of the models being used to project future ozone (Young et al., 2013, 

2018).  Here we present the case for using the observed variations in nitrous oxide (N2O) from 

the middle stratosphere through to the surface in order to constrain the STE flux of O3.  A similar 

case has been made for the radionuclide 7Be (H. Liu et al., 2016), but N2O has a wealth of 

model-observation metrics on hemispheric, seasonal, and interannual scales that constrains its 

STE flux very well.   

  

Ozone-rich stratospheric air has been photochemically aged and is depleted in trace gases such as 

N2O and chlorofluorocarbons (CFCs).  For these trace gases, the overall circulation from 

tropospheric sources to stratospheric destruction and back is part of the lifecycle that maintains 

their global abundance (Holton, 1990).  For N2O and CFCs, this cycle of (i) loss in the middle to 

upper stratosphere, (ii) transport to the lowermost stratosphere (Holton et al., 1995), and then (iii) 

influx into the troposphere produces surface variations not related to surface emissions 

(Hamilton & Fan, 2000; Hirsch et al., 2006; Montzka et al., 2018; C. D. Nevison et al., 2004; 

Ray et al., 2020; Ruiz et al., 2021).  In this work we relate our modeled STE fluxes to variations 

at the surface and throughout the stratosphere, linking the fluxes of N2O to O3 through 

stratospheric measurements.  Our goal is to develop a set of model metrics founded on 
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observations that are related to the STE O3 flux and can be used with an ensemble of models to 

determine a better, constrained estimate for the flux, including seasonal, interannual, and 

hemispheric patterns.  This approach is similar to efforts involving the ozone depletion recovery 

time (Strahan et al., 2011) and climate projections (Liang et al., 2020; Tokarska et al., 2020).  

  

In a previous work (Ruiz et al., 2021), we showed that historical simulations with 

three chemistry transport models (CTMs) were able to match the interannual surface variations 

observed in N2O.  These were clearly driven by the stratospheric quasi-biennial oscillation 

(QBO) which appears to be the major interannual signal in stratospheric circulation and 

STE (Baldwin et al., 2001; Kinnersley & Tung, 1999; M. A. Olsen et al., 2019).  In this work, we 

calculate the monthly latitudinal STE fluxes of O3, N2O, and CFCl3 (F11) and establish a 

coherent picture relating fluxes to observed abundances.  In section 2, we examine the annual 

and interannual cycles as well as geographic patterns of modeled STE flux.  In section 3, we 

relate the surface variability of N2O to its STE flux.  We find some evidence to support our 

model result that the STE flux of depleted-N2O air is greater in the southern hemisphere than in 

the northern, thus altering the asymmetry in surface emissions in the source inversions (Nevison 

et al., 2007; Thompson et al., 2014).  In section 4, we examine the lowermost stratosphere to 

understand the large north-south asymmetry found in O3 STE versus N2O or F11 STE, and find a 

clear signal of the Antarctic ozone hole in STE.  In section 5, we summarize the sequence of 

model metrics, primarily using O3 and N2O, that that will usefully narrow the range in the 

tropospheric O3 budget terms like STE, for the multi-model intercomparison projects used in 

tropospheric chemistry and climate assessments. 

 

2. Annual and interannual cycles of modeled STE flux 

 

The modeled STE fluxes here are calculated with the UCI CTM driven by 3-hour forecast fields 

from the ECMWF Integrated Forecast System (IFS; Cy38r1 T159L60), as are the calculations in 

R2021.  The CTM uses the IFS native 160x320 Gauss grid (~1.1°) with 60 layers, about 35 in 

the troposphere.  The stratospheric chemistry uses the linearized model Linoz v3 and includes 
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O3, N2O, NOy, CH4 , and F11 as transported trace gases (Hsu & Prather, 2010; Prather et al., 

2015; Ruiz et al., 2021).  There is no tropospheric chemistry, but rather a boundary-layer e-fold 

to a specified abundance, or a surface boundary reset to an abundance.  The STE flux is 

calculated using the e90 definition of tropospheric grid cells (Prather et al., 2011) and the change 

in tropospheric tracer mass from before to after each tracer transport step (Hsu et al., 2005; Hsu 

and Prather, 2009).  This method is extremely robust for O3 and self-consistent with a CTM's 

tracer transport (Hsu & Prather, 2014; Tang et al., 2013).  

 

2.1. Model STE and tracer methods 

 

R2021 modeled the surface signal of stratospheric loss with the decaying tracers, N2OX and 

F11X (e.g., Hamilton and Fan, 2000; Hirsch et al., 2006). These X-tracers have the identical 

stratospheric chemical loss frequencies as N2O and CFCl3, respectively, but no surface sources 

and are therefore affected only by the stratospheric sink and atmospheric transport.  The multi-

decade (F11X) to century (N2OX) decays are easily rescaled on a month-by-month basis (using 

a 12-month smoothing filter) to give stationary results and a tropospheric mean abundance of 

320 ppb.  We treat F11X like N2OX with the same initial conditions and molecular weight (i.e., 

Tg ≡ TgN with 2 N's per molecule).  These rescaled tracers we designate simply as N2O and 

F11.  Our F11-derived STE fluxes are thus unrealistically large compared to current CFCl3 

fluxes, but they can be easily compared with our N2OX results.   

 

Unfortunately, calculating the STE flux of N2OX and F11X using the Hsu method was 

numerically noisy because their gradients across the tropopause are minimal, unlike O3.  We thus 

created complementary tracers cN2OX and cF11X.  For each kg of the X-tracer (i.e., N2OX) 

destroyed by photochemistry, 1 kg of its complementary tracer (cN2OX) is created. Air parcels 

that are depleted in N2OX (F11X) are therefore rich in cN2OX (cF11X).  After crossing the 

tropopause, cN2OX and cF11X are removed through rapid uptake in the boundary layer, thus 

creating sharp gradients at the tropopause.  As a check, we compared the boundary layer sink of 

the c-tracers with their e90-derived STE flux and find that their sums are identical.  The c-tracers 
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and their STE fluxes are rescaled as their corresponding X-tracers to give them a stationary 

tropospheric abundance of 320 ppb, we designate these scaled tracers simply a cN2O and cF11.  

The inclusion of these new c-tracers provides the missing link in R2021 by directly connecting 

the stratospheric loss signals to STE flux and subsequent surface variability.   

 

2.2 Mean STE fluxes 

 

The STE fluxes calculated at every time step for each latitude-longitude grid column are 

integrated in time and longitude to give latitude-by-month resolved fluxes for years 1990-2017.  

Equivalent effective stratospheric chlorine levels are high enough to drive an Antarctic ozone 

hole, which is observed throughout this period.  Thus, the ozone-hole chemistry in Linoz v3 is 

activated for all years, and the amount of O3 depleted depends on the Antarctic meteorology of 

that year.  Annual-mean STE fluxes are calculated from the full 28-year (336 month) time series, 

and monthly-mean fluxes are calculated from the 28 values for each month.   

 

The 28-year mean of global O3 STE is 390±16 Tg/yr (positive flux means stratosphere to 

troposphere, the ± values are the standard deviation of the 28 annual means), that of cN2O is 

11.5±0.7 Tg/yr, and that of cF11 is 23.5±1.5 Tg/yr.  These fluxes for cN2O and cF11 match the 

total long-term troposphere-to-stratosphere flux of N2O and F11 as derived from their 

stratospheric losses.  The cF11 budget is about twice as large as cN2O, because F11 is 

photolyzed rapidly in the lower-middle stratosphere (~24 km) instead of the upper stratosphere 

like N2O.  The seasonal mean pattern of STE fluxes are shown in Figure 1.  The large majority 

of STE flux enters the troposphere at 25°-45° latitude in each hemisphere, but there is a 

broadening of the northern flux to 65°N in Jun-Jul.  The importance of this region about the sub-

tropical jet for STE is supported by satellite data where stratospheric folding events (high O3 in 

the upper troposphere) are found at the bends of the jet (Tang and Prather 2010, Atmos. Chem. 

Phys., 10, 9681–9688, 2010).  
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Given the small STE fluxes in the core tropics, the northern hemisphere (NH) and southern 

hemisphere (SH) fluxes are distinct.  The annual mean of NH O3 STE is 208±11 Tg/yr (± 

standard deviation over the 28 years) and is slightly larger than the SH mean of 182±11 Tg/yr.  

This NH:SH ratio of 53:47 is typically found in other studies (Yang et al., 2016; Gettelman et al., 

1997; Hsu and Prather, 2009).  In contrast, for cN2O and cF11, the NH flux (5.1±0.4 Tg/yr and 

10.6±0.8 Tg/yr, respectively) is smaller than the SH flux (6.4±0.5 Tg/yr and 12.9±1.0 Tg/yr, 

respectively), giving a NH:SH ratio of about 45:55.  The established view on STE is that the flux 

is wave-driven and under downward-sideways control, and thus the NH flux is much greater than 

the SH flux (see Table 1 of Holton et al., 1995; Appenzeller et al., 1996).  Our unexpected results 

require further analysis including evidence for hemispheric asymmetry in observations which is 

shown in section 4 along with other model metrics.  
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Zonal STE annual cycle 

 

 

 
Figure 1. The seasonal (latitude by month) cycle of STE flux (Tg/yr) for (a) O3, (b) 

cN2O, and (c) cF11.  Each month is averaged for years 1990-2017 (e.g., the 28 Januarys 

are averaged).  The colorbar units are % of global, annual mean STE in each bin (1 month 

by ~1.1° latitude). 
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2.3 Seasonal cycle of STE 

 

The seasonal cycles of STE fluxes summed over global, NH, and SH are shown in Figure 2.  The 

scales are given as the annual rate (as if the monthly rate were maintained for the year), and each 

species has a different axis.  The right y-axes are kept at a N2O:F11 ratio of 1:2.  Despite large 

differences in the stratospheric chemistry across all three species, the seasonal cycle of STE is 

highly correlated (>0.98, except for SH O3), indicating that all three enter the troposphere from a 

seasonally near-uniform mixture of O3:N2O:F11 in the lowermost stratosphere.   

 

Global STE peaks in June and reaches a minimum in November, but that merely reflects the 

dominance of the NH seasonal cycle and hides the distinct patterns in each hemisphere.  The two 

hemispheres have dramatically different seasonal amplitudes and somewhat opposite phases.   

NH peak STE for all 3 species occurs in the late boreal spring (May-Jun), while that in the SH 

occurs at the start of austral spring (Sep-Oct).  In the NH O3 STE peaks a month before the c-

tracers, and in the SH the whole annual cycle is shifted a month earlier.  The NH STE seasonal 

amplitude is very large for all species (~ 4:1 peak-to-peak) with exchange almost ceasing in the 

fall.  In contrast, the SH STE is more uniform year-round with seasonal amplitudes of 1.5:1 for 

cN2O and cF11, and 2.2:1 for O3.  Other models with similar NH and SH O3 fluxes show 

different seasonal amplitudes and phasing (see Fig. 6 of Tang et al., 2021), which will affect 

tropospheric O3 abundances.  It is important to develop observational metrics that test the 

seasonality of the lowermost stratosphere related to STE fluxes, and to establish monthly STE 

fluxes as a standard model diagnostic.     

 

An interesting result here is the very tight correlation of the monthly cN2O and cF11 STE while 

the O3 STE is sometimes shifted.  Loss of N2O and F11 occurs at very different altitudes in the 

tropical stratosphere (~32 km and ~24 km, respectively), but both have similar seasonality in 

loss, driven mostly by the intensity of sunlight along the Earth's orbit (N2O loss peaks in Feb and 

reaches a minimum in Jul, see Fig. 4 from Prather et al., 2015).  Photochemical losses of N2O 

and F11 drop quickly for air descending from the altitudes of peak loss in the tropics and hence 
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the relative cN2O and cF11 STE fluxes are locked in.  O3, however, continues to 

photochemically evolve from 24 km to 16 km (upper boundary of the lowermost stratosphere), 

through net photochemical loss that depends on sunlight and is thus seasonal.  There may be 

observational evidence for the patterns modeled here in the correlation of these three tracers in 

the lower (16-20 km) and lowermost (12-16 km) extratropical stratosphere (see section 4). 

 

Global and hemispheric STE annual cycle 

  

Figure 2. The annual cycle of monthly STE (Tg/yr) of O3 (black lines), cN2O (orange lines), 

and cF11 (blue lines). (a) Global STE fluxes, and (b) hemispheric STE fluxes (NH, solid lines; 

SH, dashed lines).  Each month is averaged for years 1990-2017 (e.g., the 28 Januarys are 

averaged). Note the different y-axes for each tracer in each panel.   

 

 

2.4 Interannual variability of STE  

 

Interannual variability (IAV) of N2O loss and its lifetime is associated primarily with the QBO 

(most recently, R2021).  When the QBO is in its easterly (westerly) phase the entire overturning 

circulation is enhanced (suppressed) (Baldwin et al., 2001).  This results in more (less) air rich in 

N2O and F11 being transported from the troposphere to the lower or middle stratosphere, thereby 

increasing (decreasing) the N2O and F11 sinks (Prather et al., 2015; Strahan et al., 2015). From 

the tropical stratosphere, the overturning circulation transports air depleted in N2O and F11 into 

the lowermost extratropical stratosphere, where it enters the troposphere.  R2021 showed that the 

observed surface variability of N2O from this circulation can be modeled and has a clear QBO 

signal, but one that is not strongly correlated with QBO signal in stratospheric loss.   
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We generate the IAV of STE fluxes for O3, cN2O, and cF11 in Figure 3 with panels for global, 

NH, and SH.  Values are 12-month running means, and so the first modeled point at 1990.5 is the 

sum of STE for Jan through Dec of 1990.  In Figures 3bc, we show the seasonal amplitude with 

double-headed arrows on the left (O3) and right (cN2O and cF11).  In a surprising result, the 

large NH-SH differences in seasonal amplitude are not reflected in the IAV where NH and SH 

amplitudes are similar for all three tracers.  The QBO modulation of the lowermost stratosphere 

and STE appears to be unrelated to the seasonal cycle in STE. 

 

Global STE for all three tracers is shows QBO-like cycling throughout the 1990-2017 time 

series:  cN2O and cF11 are well correlated (~0.9), but O3 is less so (<0.7).  The hemispheric 

breakdown provides key information regarding O3.  In the NH the STE IAV is similar across all 

three tracers with high correlation coefficients (0.82 for O3-cN2O, 0.83 for O3-cF11, and 0.94 for 

cN2O-cF11).  Conversely in the SH, O3 STE diverges from the c-tracer fluxes, showing 

opposite-sign peaks in 2003 and 2016.  The corresponding SH correlations are (0.38, 0.65. 0.85).  

The loss of correlation between cN2O and cF11 is unusual:  cN2O drifts downward relative to 

cF11, particularly after 2007; nevertheless, the fine structure after 2007 is well matched in both 

tracers.   

 

In the SH, the massive loss of O3 within the Antarctic vortex, when mixed with the extra-polar 

lowermost stratosphere will systematically shift the O3 STE to lower values, with lesser impact 

on the cN2O and cF11 STE.  The IAV of the Antarctic winter vortex in terms of the amount of 

O3 that is deplete (World Meteorlogical Organization (WMO), 2018, figure 4-4) appears to drive 

the decorrelation of the SH STE fluxes and is analyzed in section 4.  

 

In the NH, the high variability of the Arctic winter stratosphere can modulate the total O3 STE 

flux (e.g., (Hsu & Prather, 2009) but appears to maintain the same relative ratio with the cN2O 

and cF11 fluxes. The model results here indicate that there is no differential IAV chemical signal 



69 

 

in these NH, and that the lowermost stratosphere is still combining the same chemical mixtures 

of air masses from year to year.  We know there is a large IAV in the Arctic winter activation of 

halogen-driven O3 depletion (Manney et al., 2020), but the magnitude is still much smaller than 

in the Antarctic, and it may not reach into the lowermost stratosphere (<380K potential 

temperature).  This model accurately simulates Antarctic O3 loss (section 4), but we have not 

evaluated it for Arctic loss, and the Arctic conditions operate closer to the thresholds initiating 

loss where Linoz v3 chemistry may be inadequate.  The same meteorology and transport model 

with full stratospheric chemistry is able to simulate Arctic O3 loss (Oslo's CTM2: Isaksen et al., 

2012), and thus it will be possible to re-evaluate the NH IAV with such models or with 

lowermost stratosphere tracer measurements.   
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Interannual STE 

 

 

 
Figure 3.  (a) Global STE (Tg/yr), calculated at e90 tropopause, of O3 (black line; left y-axis), 

cN2O (orange line; orange right y-axis), and cF11 (blue line; blue right y-axis) for years 1990-

2017.  Values are 12-month running means, and so the first point at 1990.5 is the sum of STE 

for Jan through Dec of 1990.  (b) NH STE.  (c) SH STE.  The scales for cN2O and cF11 are 

kept in a 1:2 ratio.  The asterisks and vertical double-headed arrows (b & c) depict the 

seasonal mean and amplitude for each species in each hemisphere. 
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2.5. From stratospheric loss to STE  

 

What is unusual about the very tight correlation of cN2O and cF11 STE fluxes is that the 

photochemical loss of N2O and F11 occurs at very different altitudes in the tropical stratosphere, 

which are not in phase with respect to the QBO as shown in R2021 (their Fig. 2).  The separate 

phasing of cN2O and cF11 production is lost, presumably by diffusive tracer transport, by the 

time they reach the extratropical lowermost stratosphere.  The overall synchronization of the 

STE fluxes implies that the absolute STE flux is driven primarily by variations in venting of the 

lowermost stratosphere as expected (Appenzeller et al., 1996; Holton et al., 1995) rather than by 

variations in the chemistry of the middle stratosphere.    

 

This disconnect between the chemical signals generated by the prominent QBO signature of 

wind reversals and upwelling in the tropical stratosphere and the STE fluxes is also clear in the 

magnitude of the loss versus STE.  For N2O, the IAV of cN2O production has a range of ±0.5 

Tg/yr, whether from Microwave Limb Sounder (MLS) observations or the model; whereas the 

IAV of cN2O STE flux is ±1.1 Tg/yr.  The same is true in relative terms for cF11.  Thus, the 

modulation of the lowermost stratosphere by the QBO, which is clearly a part of the overall 

changes in stratospheric circulation related to the QBO (Tung & Yang, 1994; Kinnersley and 

Tung, 1999), is the dominant source of IAV for these three greenhouse gases.   

 

2.6. The QBO signal of STE 

 

To examine the QBO cycle in STE flux, we build a composite pattern (see R2021, Fig. 3 of N2O 

surface variations), by synchronizing the STE IAV in Figure 2 with the QBO cycle.  The sync 

point (offset = 0 months) is taken from one of the standard definitions of the QBO phase change, 

i.e., the shift in sign of the 40-hPa tropical zonal wind from easterly to westerly (Newman, 

2020).  The 1990-2017 model period has 12 QBO cycles, but we restrict our analysis here to 

years 2001-2016 to overlap with the observed surface N2O data.  This period includes seven 
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QBO phase transitions (01/2002, 03/2004, 04/2006, 04/2008, 08/2010, 04/2013, 07/2015), but 

the QBO centered on 08/2010 is highly anomalous (Coy et al., 2017; P. Newman et al., 2016; 

Osprey et al., 2016), and we remove it from our comparison.  The resulting QBO composites for 

NH and SH in Figure 4 span 28 months.   

 

In the NH, the QBO modulation of all three tracers is similar: STE flux begins to increase at an 

offset of -8 months and continues to increase slowly for a year, peaking at offset = +4; thereafter 

it decreases more rapidly in about ½ year (offset = +10).  The rise-and-fall cycle takes about 18 

months.  In the SH, the pattern for cN2O and cF11 is more sinusoidal and is shifted later by ~3 

months.  The SH amplitude of the c-tracers is slightly larger relative to the hemispheric mean 

flux than in the NH, and thus the SH QBO signal is larger than the NH by about 40%.  Thus, 

over the QBO cycle centered on the sync point, more depleted N2O and F11 is entering the SH 

than in the NH.  For O3, the SH modulation of STE is irregular and reduced compared with the 

NH.  Our hypothesis here, consistent with the annual cycle of STE (Figure 1), is that the breakup 

of the Antarctic ozone hole has a major impact on STE, particularly that of O3, and that its signal 

has large IAV that does not synchronize with the other source of IAV, the QBO.  Surprisingly, 

the large wintertime IAV in the NH Arctic, in the form of sudden stratospheric warmings, does 

not seem to have a major role in STE fluxes as noted above.  This model may miss some of the 

Arctic O3 depletion, but it accurately simulates the warmings, which must have a small impact 

on STE because they do not disrupt the clear QBO signal in the c-tracers.  
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QBO impact on STE 

 
Figure 4.  QBO composites of the STE of O3 (black lines; left y-axes), cN2OX (orange lines; 

orange right y-axes), and cF11X (blue lines; blue right y-axes) for the (a) NH (0°-90°N; solid 

lines) and (b) SH (0°-90°S; dashed lines).  These composites are averages centered on the 

QBO phase transition at 40 hPa throughout the period of surface observations (years 2001-

2016, excluding the 08/2010 observed anomaly, for a total of 6 QBOs). Note: the y-axes limits 

are different for each panel, but the interval scale is consistent for each tracer. 

 

 

3. Surface variability of N2O related to STE flux 

 

Surface variability of N2O is driven by surface emissions, stratospheric loss, and atmospheric 

transport that mixes the first two signals.  R2021 explored the variability originating only from 

stratospheric chemistry using the decaying tracer N2OX and we use surf-N2O to denote the 

surface abundances of N2OX when corrected to steady state.  R2021 showed that three 

independent chemistry-transport models produced annual and QBO patterns in surface N2O 
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simply from stratospheric loss.  In this paper we link surf-N2O to the STE cN2O flux, which is 

linked above to the STE O3 flux.   

 

The observed surface N2O (denoted obs-N2O and taken from the NOAA network (Dlugokencky 

et al, 2019)) shows a slowly increasing abundance (~0.9 ppb/yr) with a clear signal of annual and 

interannual variability at some latitudes (see R2021).  We calculate annual and QBO-composite 

obs-N2O after de-trending and restrict analysis in this section to model years 2001-2016 to be 

consistent with the surface data.  The latitude-by-month pattern of obs-N2O includes the impact 

of both stratospheric loss (~13.5 Tg/yr) and surface emissions (~17 TgN/yr), with the 

preponderance of emissions being in the NH (Tian et al., 2020).  Total emissions are not 

expected to have large IAV but may have a seasonal cycle.  The seasonal variation of surface 

N2O can also be driven by seasonality in the interhemispheric mixing of the NH-SH gradient (~1 

ppb).   

 

3.1 Annual cycle 

 

Figure 5 replots the hemispheric mean annual cycles of cN2O STE flux alongside the annual 

cycles of surf-N2O and obs-N2O.  As noted above, the STE in each hemisphere is almost in 

opposite phase, as is the modeled surf-N2O (taken from Fig. 5 of R2021).  The NH:SH 

amplitude ratio is about 2.4:1 for both STE and surf-N2O.  The lag from peak STE flux of cN2O 

(negative N2O) to minimum surf-N2O is about 3 months.  Such a 90° phase shift is expected for 

the seasonal variation of a long-lived tracer relative to a seasonal source or sink.  The time lag 

between the signal at the tropopause and at the surface, the tropospheric turnover time, should be 

no more than a month.  Surprisingly, the cN2O STE seasonal amplitude is much larger in the NH 

(±3.4 Tg/y) than in the SH (±1.3 Tg/y), although the SH mean (6.5 Tg/y) is larger than the NH 

(5.2 Tg/yr).  Essentially, there is more variability of air depleted in N2O entering the NH, but air 

entering the SH has a larger overall deficit.  Thus in our model, the stratosphere creates a NH-SH 

gradient of +0.3 ppb at the surface, which is a significant fraction of the observed N-S difference 
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of +1.3 ppb (R2021).  This important result needs to be verified with other models or analyses 

because it constrains the NH-SH location of sources.   

 

In the NH, as noted in R2021, the two surface abundances, surf-N2O and obs-N2O, have the 

same amplitude and phase, implying that, if the model is correct, the emissions-driven surface 

signal has no seasonality.  In the SH, the surf-N2O signal is much smaller in parallel with the 

small seasonal amplitude in cN2O STE, but it is out of phase with the obs-N2O.  This result 

implies that the SH has some highly seasonal sources, or simply that the forcing of SH surf-N2O 

by the seasonal cycle of cN2O is weak.  Indeed, this is what we might expect from Figure 3:  In 

the NH the seasonal amplitude in N2O overwhelms the IAV amplitude and is driving the obs-

N2O; but in the SH, both amplitudes are comparable.  Given the quasi nature of the QBO, it 

would interfere with the seasonal cycle and likely change its phase (as found for other models in 

R2021).  

 

In the NH, the annual cycle of O3 and cN2O STE are clearly linked.  If we accept that the obs-

N2O NH seasonal cycle is simply driven by the STE flux, then how will tropospheric O3 respond 

seasonally?  A mole-fraction scaling of the STE fluxes gives an O3:N2O ratio of ~25, and thus 

scaling the surf-N2O amplitude gives a large O3 surface seasonality of ~18 ppb.  However, the 

residence time of a tropospheric O3 perturbation is ~1 month, and thus the peak surface 

abundance will lag the peak STE flux by only about a month and not by 3 months as for N2O.  

O3 will equilibrate with the flux on monthly timescales and not accumulate.  Thus, our estimate 

is that NH 30°-90° surface ozone might increase about 5 ppb, peaking in June, due to the STE 

flux.  In the SH, seasonal patterns are weaker and not well defined, and thus no obvious STE O3 

signal is expected. 
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STE vs surface N2O on annual cycle 

 
Figure 5. The annual cycle of O3 and cN2O STE (black and orange lines; left y-axes), and the 

surf-N2O and obs-N2O (red and blue knotted lines; right y-axes) taken from R2021 (see their 

figure 5) for the (a) NH and (b) SH. cN2O, surf-N2O, and obs-N2O has been rescaled to 

reflect that of a tropospheric abundance of 320 ppb. The hemispheric domains for STE is 

defined as 0°-90° while the surf-N2O and obs-N2O is from 30°-90° N/S. Note: the left y-axes 

limits are different between the tracers, but the interval scale is the same.  
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3.2. QBO cycle 

 

The QBO composite of hemispheric mean cN2O STE flux from Figure 4 is compared with the 

composite of surface abundances (surf-N2O and obs-N2O) in Figure 6.  The peak in cN2O flux is 

broad and flat, but centers on +2 months for the NH and +4 months for the SH.  Unlike the 

annual cycle, the QBO cycle in STE flux is almost in phase in both hemispheres, with the NH 

preceding the SH.  This phasing of the QBO cycle in surface N2O was seen with the three 

models in R2021.  In both hemispheres, the modeled surf-N2O peaks before the rise in cN2O 

and then decreases through most of the period with elevated cN2O flux as expected.  The 

amplitude of the QBO STE flux is smaller in the NH than SH by about half, and the amplitude of 

surf-N2O is likewise smaller.  The ratio the amplitudes of surf-N2O to cN2O STE flux is similar 

in both hemispheres (~ 0.4 ppb per Tg/yr), which is encouraging.  This ratio is larger than the 

corresponding one from the annual cycles (~ 0.1 ppb per Tg/yr) because the length of the QBO 

cycle leads to longer accumulation of N2O-depleted air from the cN2O flux.  

 

In the SH, where the QBO cycle in cN2O flux has a large amplitude, the modeled surf-N2O 

matches obs-N2O in amplitude and phase as reported in R2021.  In the NH, the comparison of 

surf-N2O with obs-N2O is not so good:  obs-N2O has a much smaller amplitude and a different 

phase.  This QBO cycle pattern is similar, but reversed, to that of the annual cycle and can be 

understood in the same way.  The NH QBO cycle has relatively small amplitude and thus the 

interference with the large-amplitude annual cycle adds noise, obscuring the QBO cycle.  In the 

SH it is the opposite, with its weak annual cycle, the SH QBO cycle is clear.  The modeled cN2O 

fluxes enable us to understand the large-scale variability of the observations.   

 

Thus, for both annual and QBO fluctuations, when the variation in STE flux is dominated by 

either cycle, the surface variations are clearly seen and modeled for that cycle.  This further 

supports the findings in R2021 and other studies, that hemispheric surface N2O variability is 

driven by stratospheric loss on annual (NH) and QBO (SH) cycles, and it is clearly tied to the 
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STE flux.  Given the connection between O3 and cN2O STE, this relational metric can be used to 

constrain the O3 STE for a model ensemble.   

 

STE vs surface N2O during QBOs 

  
Figure 6.  (a) NH and (b) SH QBO composites of cN2O STE flux (Tg/yr; orange lines, left 

axis, Fig. 4), and surf-N2O and obs-N2O (ppb; red and blue knotted lines, right axes, see Fig. 3 

of R2021).  Results are shown for years 2001-2016 (6 QBO phase transitions), see Fig. 4.  The 

surf-N2O data is from UCI CTM, and obs-N2O are taken from NOAA ESRL, see text. 

 

4. Lowermost stratosphere 

4.1. The O3:N2O slopes and STE fluxes 

 

If we accept that matching the observed annual and QBO cycles in surface N2O constrains the 

modeled STE cN2O flux, then how can we use that to also constrain the modeled STE O3 flux?  

All evidence, theoretical, observational, and modeled, shows that the STE flux is simultaneous 

for all species (e.g., Figure S1) and in proportion to their relative abundances in the lowermost 

stratosphere (Plumb & Ko, 1992). We can test this hypothesis in our model framework by 



79 

 

comparing the relative STE fluxes for O3, cN2O and cF11 with the modeled tracer-tracer slopes 

in the lowermost stratosphere.  These slopes can then be tested using SCISAT-1 ACE-FTS 

(Scientific Satellite-1 Atmospheric Chemistry Experiment-Fourier Transform Spectrometer) 

measurements of O3 and N2O in the lowermost stratosphere to establish the ratio of the two STE 

fluxes.   

 

Figure 7ab shows the N2O-O3 slope in each hemisphere taken from the ACE climatology dataset 

and the UCI CTM.  The current ACE dataset (version 3.5) has been curated from measurements 

made by ACE-FTS from February 2004 to February 2013 (Koo et al., 2017).  The SCISAT orbit 

results in irregular season-latitude coverage, and thus we average the lowermost stratosphere 

data over a wide range of latitudes centered on the peak STE flux (20°-60° in both hemispheres).  

For both ACE data and the CTM we keep to the lowermost stratosphere (200-100 hPa) and 

average over the 4-month peak of STE flux, Feb-May in the NH and Sep-Dec in the SH (see 

Figure +1). 

 

Based on the long-term mean STE fluxes in the model, we would expect an O3:N2O slope of 

about -24 (ppb/ppb) in the NH and -17 in the SH.  The slopes fitted to our modeled grid-cell 

values of O3 and N2O in the lowermost stratosphere are similar but smaller:  -21.2 (NH) and -

15.5 (SH).  The ACE data are more scattered but show similar slopes of -19.4 (NH) and -15.3 

(SH).  Thus, the NH-SH asymmetry in O3 versus N2O STE fluxes is clearly reflected in the 

tracer-tracer slopes, both modeled and observed.   

 

In the modeled SH (Figure 7b), one can see strings of points that are samples along neighboring 

cells and reflect a linear mixing line between two different end points, one of which has 

experienced extensive O3 depletion (i.e., the Antarctic O3 hole).  We know that there is some 

chemical loss of O3 in the NH lowermost polar stratosphere during very cold winters (Isaksen et 

al., 2012; Manney et al., 2011), but it is not extensive enough to systematically affect the O3:N2O 
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slope over the mid-latitude lowermost stratosphere in either the ACE observations or the CTM 

simulations.  

 

Modeled and observed tracer-tracer slopes 

 
 

Figure 7.  O3 versus N2O (x-axis) scatter plots from (a) SCISAT ACE-FTS and (b) the UCI 

CTM.  ACE-FTS data is from monthly climatologies for the period Feb 2004 to Feb 2013 

restricted to 200-100 hPa, latitudes about 20°-60°, and months Feb-May (NH, red) or Sep-Dec 

(SH, blue).  The linear-fit lines (ppb/ppb, values in legend) are restricted to larger N2O values 

(>280 ppb) to more accurately represent the STE fluxes, see Olsen et al. (2001).  

 

 

4.2. IAV of the Antarctic ozone hole and the SH STE O3 flux  

 

The Antarctic ozone hole appears to be the source of the NH-SH asymmetry in the STE fluxes of 

O3 versus N2O.  The chemical depletion of O3 inside the vortex creates an air mass with lower 

O3:N2O ratios than found in the mid-latitude lowermost stratosphere.  When the vortex breaks 

up, nominally in late November, this O3-depleted air mixes with the rest of the lowermost 

stratosphere and reduces the SH STE O3 flux.   

 

We have additional information on the SH O3 STE flux from the year-to-year variations in the 

size of the ozone hole.  The best measure of the scale of Antarctic ozone depletion is the October 
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mean ozone column (DU) averaged from the pole to 63°S equivalent latitude (see Figure 4-5 of 

WMO (2018)).  When we compare the CTM with the observations (Figure 8), we find 

remarkable verisimilitude in the model:  the rms difference is 9 DU out of a standard deviation of 

29 DU and the correlation coefficient is 0.96.  Thus, we have confidence that we are simulating 

the correct IAV of the ozone hole.  Next, we plot the modeled O3 STE flux (summed over the 12 

months following the peak ozone hole, Nov-Oct) and find a fairly linear relationship.  If we 

estimate the STE O3 flux before the O3 hole, when the mean October O3 column was about 307 

DU, then our O3 flux is 209 Tg/yr (see Figure 7, red marker), eliminating the hemispheric 

asymmetry in O3 STE flux.   

 

We looked for any relationship between ozone hole IAV and the STE fluxes of cN2O or cF11 

and found mostly a scatter plot with no clear relationship.  Given the analysis above, we expect 

that much of the scatter is related to QBO cycles.   

 

O3 hole strength vs O3 STE 

 
Figure 8.  Interannual variability of the observed Antarctic ozone hole from 1990 to 2017 

(blue dots; left y-axis) versus the CTM modeled ozone hole (x-axis); plus the CTM modeled 

SH STE O3 flux (black dots; right y-axis) versus the modeled ozone hole (x-axis).  The ozone 

hole is measured by the total ozone column (DU) averaged daily over October poleward of 

63°S in equivalent latitude (see Figure 4.5 of WMO 2018).  The SH STE O3 flux (Tg/yr) is 

centered on May 1 of the following year (i.e., the 12 months following the nominal breakup of 

the ozone hole).  The black line is a simple regression fit of the modeled STE to the modeled 

ozone hole (black dots), and the red dot is our estimate of pre-ozone-hole SH STE O3 flux 

based on the observed 1979-82 O3 column. 
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4.3 Other model-measurement metrics related to STE 

 

What else might affect O3 STE? Stratospheric column O3 (DU) varies on annual and QBO 

timescales (Qi Tang et al., 2021). These changes in O3 overhead can have a direct influence on 

O3 transport to the troposphere, but the link requires further analysis. Tang et al. (2021) showed 

the UCI CTM is able to capture the observed annual cycle of stratospheric O3 column (extracted 

from total column using Ziemke method; Ziemke et al., 2019).  QBO modulation of stratospheric 

column O3 has not been fully investigated but its magnitude, like that of the annual cycle, is 

comparable to the magnitude of O3 STE and is clearly somehow connected (Figure 9). 

 

Stratospheric O3 residuals 

 
 

Figure 9. Stratospheric O3 column residuals taken from MLS (a, c) and UCI CTM (b, 

d) for their mean annual cycle (a, b) and mean QBO cycle (c, d) during years 2005-

2017. Residuals are defined at each latitude with a mean of zero DU.  
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5. Conclusions 

 

This work examines how closely O3 STE is linked to STE fluxes of other trace gases. By 

including our complementary N2O and F11 tracers, we can follow stratospheric loss of these 

gases along with stratospheric O3 across the tropopause. The magnitudes of the fluxes are 

proportional to their abundances in the lower stratosphere as expected (Plumb & Ko, 1992), and 

their variability is highly correlated with one another, indicating that they are entering the 

troposphere simultaneously.  Even during QBOs, which have their own distinct pattern of STE 

fluxes, we find that the link between O3, N2O and F11 STE, remains consistent. We further 

constrain the N2O transport pathway by linking STE of depleted-N2O air with surface 

fluctuations of N2O abundance. The surface response in modeled N2O matches well with the 

observed surface variability in the NH, indicating surface variability is driven largely by STE 

flux.  

 

A major surprise from our model is that the STE flux of O3 is predominantly NH biased 

currently because of the Antarctic ozone hole.  Prior to 1980, and after 2060, it would/will be 

symmetric between the hemispheres.  Our model calculates slightly greater STE fluxes for trace 

gases like N2O or F11 in the SH, which is counter to prevailing theory that the wave-driven 

fluxes force relatively greater STE in the NH.  This difference cannot be directly tested with 

observations of trace gases, but a range of N2O hemispheric observations are well modeled and 

support this premise.  More extensive work with multi-model ensembles that include both 

chemical and dynamical diagnostics in the stratosphere would be needed to overturn the 

established theory.  Our work reemphasizes the importance of trace-gas correlations in the 

lowermost stratosphere as a key observational metric for climate models that may be able to 

constrain total STE fluxes.  The tracer slopes may go beyond just relative STE fluxes because we 

have other measurements from the upper stratosphere to the surface that constrain, for example, 

the absolute flux of N2O better than we first did using just the modeled lifetime (Murphy & 

Fahey, 1994; McLinden et al., 2000).  
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In Table 1, we propose a set of observation-based model metrics that relate to STE fluxes and 

will help the community build more robust models to better derive the STE flux of O3. 
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Proposed metrics for future studies 

Table 1.  Metrics from Measurements or Constrained Values for CCMs related to 

Stratosphere-Troposphere Exchange 

Name Metric Measured values Model requirements Example figure 

N2O loss Annual and QBO 

cycles of global 

mean stratospheric 

N2O loss  

Monthly N2O loss 

calculated from 

MLS profiles 

(2005-present) 

Stratospheric 

chemistry for N2O as 

tracer; a QBO cycle; 

monthly mean 

diagnostics 

Fig. 4 (P2015); 

Fig. 2 (R2021); 

Fig. 3 (R2022) 

STE 

slopes 

Matching O3:N2O 

slopes in 

lowermost 

stratosphere 

ACE FTS profiles 

(2004-2013) 

Stratospheric O3 and 

N2O calculation, 

possibly also CFCs; 

monthly snapshots  

Fig. 7 (R2022) 

Strat O3 

column 

Annual and QBO 

composite cycles 

of stratospheric O3 

column 

Monthly zonal 

mean 

stratospheric O3 

column from 

Z2019 analysis 

(2005-present) 

Stratospheric O3 

chemistry; a QBO 

cycle; monthly mean 

diagnostics; separate 

strat & trop O3 

columns 

Fig. 9 (R2022) 

N2O loss 

at surface 

Annual and QBO 

composite cycles 

of surface N2O 

solely from 

stratospheric loss 

NOAA surface 

N2O observations 

Stratospheric N2O 

chemistry; N2OX as 

a tracer; monthly 

mean diagnostics 

Fig. 3 (R2021); 

Fig. 5 (R2022) 

  Constrained 

(modeled) values 

  

STE flux 

of O3 

- Monthly, latitude 

or hemispheric 

resolved, net O3 

flux  

Run O3strat as a 

tracer; diagnose 

monthly flux into 

troposphere, at 

tropopause or through 

trop- loss of O3strat  

Fig. 1 & 2 

(R2022) 

STE flux 

of N2O 

depleted 

air (also 

CFC-11)  

- Monthly, latitude 

or hemispheric 

resolved, STE 

flux of N2O 

(CFC-11)  

Run cN2O (cF11) as 

a tracer; diagnose 

monthly flux into 

troposphere  

Fig. 1 & 2 

(R2022); 

SH O3 

hole and 

flux  

- Change in SH O3 

STE flux with 

size of ozone 

hole; observed 

IAV of O3 hole 

IAV of ozone hole; 

daily total O3 column 

(lat, long); monthly 

SH O3 STE flux  

Fig 7 (R2022) 

Notes:  Constrained values are key, model-only, derived quantities that can be diagnosed from 

CCMs or CTMs.  Reference shorthand:  P2015 = Prather et al., 2015; R2021 = Ruiz et al., 

2021; R2022 = this paper; Z2019 = Ziemke et al., 2019 
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APPENDIX A: Supplemental Figures for Chapter 2 

 

 
 

Figure S1. Surface O3 corresponding to the 90th percentile for surface observations (left 

column), OMI measurements (middle column) and the UCI CTM (right column) in the US 

(top row) and EU (bottom row).  Surface observations and CTM are based on MDA8 O3, 

while OMI is during the overpass time (~1:30 pm LT). 
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Figure S2. Variance maps of O3 (ppb2) from surface-site observations (column 1), NASA’s 

OMI satellite instrument (column 2), and UCI CTM hindcasts (column 3) during spring (a-c), 

summer (d-f), fall (g-i), and winter (j-l) for years 2005-2006. OMI and UCI CTM maps use a 

0-2 km column-averaged product. Surface observations and UCI CTM hindcasts utilize 

MDA8 measurements, while OMI is restricted to its overpass time (~1:30 pm LT). 
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Figure S3. UCI CTM skill in capturing AQX events observed by surface monitoring networks 

in the US (top) and EU (bottom). AQX events here are defined by the 90th percentile. 

 

 
Figure S4. Percentage of missing data due to cloud flags, 800 hPa filtering, and missing 

retrieval (due to OMI zoom mode) for years 2005-2006.  
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APPENDIX B: Supplemental Figures and tables for Chapter  

 

 

 

(a) 

 
(b) 

 
Figure S1.  Total burden of (a) N2O and N2OX in TgN-N2O and (b) F11/F11X in Tg 

F11 for each dataset. Black is NOAA HATS observations (4.79 Tg N of N2O/ppb and 

22.33 Tg F11 of F11/ppb; Volk et al., 1997, Prather et al., 2012). All other lines depict 

the different CTM simulations. X-tracers are simulations of N2O and F11 in the 

absence of surface emissions and shown in solid lines, while N2O and F11 with 

emissions are shown as dashed lines. In panel (a), the UCI N2OX, N2O, and F11X* are 

rescaled to an initial burden of 1520 TgN-N2O.  The initial value of UCI F11X in panel 

(b) is rescaled to match the burden of GMI F11X on Jan 1990 to highlight the slightly 

smaller decay rate.   
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Figure S2.  Surface N2O, N2OX and F11X interannual rate of change (%/yr). The top 

panels and middle-left show the decaying tracer N2OX; the middle-right panel is the 

NOAA ESRL surface N2O, and the bottom panels show the decaying tracer F11X. Each 

plot is normalized by subtracting its mean rate of change during the overlap period 

(years 2001-2016), The global mean rate of change and standard deviation are shown in 

the top caption of each panel.  Note, the scale of the F11X colorbar is twice the 

magnitude of the N2O/N2OX colorbar. 
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Supplementary Figure S3.  Surface F11X change (ppb/yr) composites centered on the 

QBO phase transition at 40 hPa, see Figure 3.  F11 is typically measured in mole 

fraction parts per trillion (ppt), but to directly compare with the N2OX composites and 

highlight the larger magnitude, we rescale surface F11X to a mean tropospheric 

abundance of 320 ppb.  Note, the scale of the F11X colorbar is twice that of the 

N2O/N2OX composites in Figure 3.    
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Supplementary Figure S4. Surface change (ppb/yr) during the anomalous 2010/11 

QBO phase transition (08/2010 = 0 months).  The top panels and middle left are from 

modeled N2OX (GMI, LMDz5, UCI) scaled to a mean tropospheric N2O abundance of 

320 ppb. The middle right panel is from NOAA ESRL observations, also scaled to 320 

ppb.  The bottom panels are of modeled F11X (GMI and UCI only) rescaled to N2OX 

at 320 ppb. Note, the scale of the F11X colorbar is twice that of N2O/N2OX. 
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Figure S5. This figure complements Figure 4 and shows the annual cycle of 

N2O/N2OX/F11X at all latitudes in each dataset. N2OX simulations are in the two top 

panels and middle left, while the NOAA ESRL observations are in the middle right, 

and F11X simulations are shown in the bottom two panels. Just as in supplementary 

Figures S3 and S4, all datasets, including F11X, are rescaled to N2OX at 320 ppb for 

direct comparison.  Note, the scale of the F11X colorbar is twice that of N2O/N2OX. 
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Table S1.  Taylor statistics (Standard deviation, root-mean square error, correlation 

coefficient) for each of the composites of the six standard QBOs and their domains (northern 

and hemispheres; Figures 3 and S3) compared with NOAA N2O observations. 

Dataset/Domain/Tracer Std. dev. RMSE w/ NOAA Correlation w/ NOAA 

NOAA N2O 0.038 - - 

NOAA NH N2O 0.016 - - 

NOAA SH N2O 0.052 - - 

GMI N2OX 0.026 0.032 0.58 

GMI NH N2OX 0.026 0.023 0.51 

GMI SH N2OX 0.025 0.038 0.70 

LMDz5 N2OX 0.075 0.054 0.73 

LMDz5 NH N2OX 0.078 0.071 0.54 

LMDz5 SH N2OX 0.073 0.031 0.93 

UCI N2OX 0.035 0.023 0.80 

UCI NH N2OX 0.023 0.023 0.32 

UCI SH N2OX 0.044 0.023 0.89 

GMI F11X 0.045 0.039 0.56 

GMI NH F11X 0.049 0.044 0.49 

GMI SH F11X 0.038 0.034 0.76 

UCI F11X 0.058 0.035 0.82 

UCI NH F11X 0.041 0.038 0.40 

UCI SH F11X 0.071 0.031 0.92 
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Table S2. Correlation coefficients for N2OX versus F11X in 

GMI and UCI. Footnotes reference the corresponding Figure for 

each value.  

N2OX versus F11X Correlation Coefficients 

 
GMI UCI 

Stratospheric loss*,1 0.38 0.37 

Surface variability*,2 0.92 0.95 

Surface mean QBO 

impact3 

0.98 0.99 

Surface 2010/11 QBO 

impact4 

0.96 0.97 

Surface annual cycle5 0.98 1.00 

* Correlations coefficients are for years 2001-2016 to match 

the overlap with the surface observations. 
1 Figure 2b  
2 Figure S2 
3 Figures 3 and S3 
4 Figure S4 
5 Figure S5 
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