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ABSTRACT

This thesis explores the uncertainties in several key aerosol- and cloud-related
fields. Although the three projects described here investigate different topics, they
are united by a common theme: how well do we understand the impacts of potential
changes in emissions?

The first two science chapters revolve around the COVID-19 pandemic and asso-
ciated changes in anthropogenic activity. Each of these chapters asks two questions.
First, did the emissions change in question lead to a statistically significant anomaly
in satellite observations of relevant fields? And second, how well do current models
reproduce the observed changes?

The first of the COVID-19 chapters explores the impact of reduced aviation on
cirrus cloud. Aviation-induced cirrus is the largest source of uncertainty in, and by

some estimates may be the largest component of, aviation’s net radiative forcing.



v

Despite a sustained global reduction in air traffic, with April 2020 flight numbers
less than 40% of their 2019 levels (FlightRadar24, 2020c), aviation-weighted cirrus
coverage was not significantly reduced in Spring 2020. A regression model based
on the contrail cirrus simulations of Bock and Burkhardt (2016a) did not exhibit
a statistically significant dependence of cirrus anomalies on aviation intensity, and
suggested that current models may overestimate the impacts of aviation on cirrus.
We apply these results to calculate the first observationally constrained estimate of
the radiative forcing of aviation-induced cirrus: (-3, 22) mW/m?, much lower than
but consistent with the current best estimate of 57 (17, 98) mW/m? (Lee 2021).
The second of the COVID-19 chapters explores the impact of reduced aerosol
emissions on aerosol optical depth (AOD). Of the regions considered, only India ex-
perienced statistically significant reductions in total or dust-subtracted AOD. Earth
system model simulations from the CovidMIP experiment over-predict the magnitude
of the Spring 2020 total and dust-subtracted AOD anomalies, but this bias can be
attributed in part to biases in the model inputs. Through a series of sensitivity tests
we demonstrate that, given sufficiently accurate inputs, Earth system models can
reproduce the observed total and dust-subtracted AOD anomalies to within obser-
vational uncertainty. These results provide confidence in the ability of Earth system
models to predict the large-scale aerosol responses to other emission scenarios as well.
The final science chapter of this thesis assesses the sensitivity of black carbon’s
(BC’s) simulated climate impacts to the choice of its refractive index, which deter-
mines the extent to which BC absorbs or scatters radiation. We compare ensembles
simulated with three values of the refractive index that are commonly used in the
climate modeling community. Increasing from low to high absorption can increase
simulated global-mean absorbing aerosol optical depth (AAOD) by 42% and effective
radiative forcing from BC-radiation interactions (BC ERFari) 47%. The AAOD in-
crease is comparable to that from recent updates to aerosol emission inventories, and
in BC source regions, a third as large as the difference in AAOD retrieved from differ-
ent satellites. The BC ERFari increase is comparable to the scale of the uncertainty
in recent literature assessments. Although model sensitivity to the choice of BC re-
fractive index is modulated by other parameterization choices, our results highlight
the importance of considering refractive index diversity in model intercomparison

projects.
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Chapter 1
Introduction

I started my PhD in April 2020, mere weeks after the World Health Organization
declared COVID-19 a global pandemic. This thesis is a product of that experience.
The projects described in these pages emerged in natural succession as the pandemic
shaped our communal behaviour, and they are linked by a common thread: the drive
to understand climate responses to current or future changes in human behaviour.

Understanding the climate responses to emission reductions could not be more ur-
gent. Put plainly: the climate is changing (Gulev et al., 2021), and we are responsible
(Eyring et al., 2021), and for a myriad of reasons ranging from ecosystem stability
(Caretta et al., 2022; Cooley et al., 2022; Parmesan et al., 2022) to human health
(Cissé et al., 2022; Reddington et al., 2023) to social justice (Brulle and Pellow, 2006;
Deivanayagam et al., 2023; Birkmann et al., 2022), it is critical that we reduce our
impact as rapidly as possible. In order to take effective action, we need to understand
both our present impacts on the climate and the likely effects of future changes.

In the early months of the COVID-19 pandemic, public health measures were
instituted to limit the spread of the virus. These measures, which included domestic
and international travel bans, restrictions on public and private gatherings, and in
some cases, stay-at-home orders that affected all but the most essential workers (Hale
et al., 2021), had the side effect of dramatically reducing emissions from many sectors
(Le Quéré et al., 2020; Forster et al., 2020). Collectively referred to as the COVID-19
lockdowns in this work, these changes provided an unprecedented window through
which to study human-climate interactions.

Chapters 2 and 3 of this thesis leverage the COVID-19 lockdowns to assess two
important but uncertain sources of anthropogenic forcing: aviation and aerosol emis-

sions. In both studies, the observed changes are first examined in their own right and



then used to evaluate model simulations. In doing so, we assess first our current im-
pacts on the climate and second our ability to projecct the impacts of potential future
changes. Chapter 4 then conducts a model sensitivity analysis to better understand
key uncertainties in the climate impacts of one aerosol species, black carbon.

Chapter 2 concerns aviation. The most uncertain, and by its central estimate
in a recent multimodel synthesis (Lee et al., 2021) perhaps the largest, component
of aviation’s effective radiative forcing is aviation-induced cirrus (AIC). Because of
its large radiative impact and short lifetime, AIC is a popular target for mitigation
strategies, for example through navigational avoidance in which flight paths are di-
verted away from regions where AIC is likely to persist (Kércher, 2018; Rosenow et al.,
2018; Grewe et al., 2017). However, the efficacy of this approach depends on contrail
cirrus having a substantially larger radiative forcing than other aviation sources such
as CO,, since rerouting typically results in a longer flight track and correspondingly
higher emissions. There is therefore a pressing need to constrain both the current
radiative forcing of AIC and the changes in natural cirrus that can occur when air
traffic is reduced. Because AIC is challenging both to observe and to simulate (Bock
and Burkhardt, 2016b; Burkhardt et al., 2010; Karcher et al., 2009; Karcher, 2018;
Myhre et al., 2009b), the most effective constraint on AIC is through observations
of cirrus fields during large-scale flight groundings (Travis et al., 2002; Hong et al.,
2008; Sandhu and Baldini, 2018). In Spring 2020, the COVID-19 lockdowns resulted
in an aviation reduction of unprecedented scale (FlightRadar24, 2020b). Chapter 2
first investigates whether remotely sensed observations of cirrus coverage during this
period exhibit a statistically significant reduction, and then assesses how well the
observed change (or lack thereof) compares with a regression model developed from
existing simulations of contrail cirrus (Bock and Burkhardt, 2016a). Based on these
findings, we compute the first observationally-derived estimate of the radiative forcing
of aviation-induced cirrus.

Chapter 3 concerns aerosols and their response to emission reductions. The Shared
Socioeconomic Pathways (SSPs; Riahi et al., 2017) and Representative Concentration
Pathways (RCPs; van Vuuren et al., 2011; Lamarque et al., 2011) all project declining
aerosol emissions over the coming decades, but the climate and air quality responses
to such changes remain uncertain (Szopa et al., 2021). Previous observational con-
straints on simulated changes have been based on slow (e.g. decadal) emission trends
(e.g. Ramachandran et al., 2022; Lund et al., 2023). COVID-19 provides an impor-

tant opportunity to investigate the impacts of a rapid emission reduction. There are



several advantages to studying abrupt perturbations: a short-but-strong signal may
be easier to disentangle from other sources of variability, and the study period is
short enough that instrument drift is unlikely to be a concern. Crucially for aerosol
model evaluation, existing simulations indicate that the presence and severity of un-
desirable climate responses to emission reductions may be proportional to the rate at
which emissions are reduced (Acosta Navarro et al., 2017; Hienola et al., 2018; Samset
et al., 2020; Shindell and Smith, 2019; Shindell et al., 2012; Sillmann et al., 2013).
Similar to Chapter 2, Chapter 3 first investigates whether remotely sensed observa-
tions of total aerosol optical depth (AOD) or dust-subtracted aerosol optical depth
(DSAOD) exhibit detectable responses to the Spring 2020 emission reductions, and
then assesses how well the observations compare with model simulations. The model
evaluation component of Chapter 3 begins with results from the COVID-19 Model
Intercomparison Project (CovidMIP; Jones et al., 2021), in which Earth system mod-
els simulated COVID-19-like reductions in aerosols and greenhouse gases. We then
conduct sensitivity tests in the Canadian Atmosphere Model (CanAMb5; Cole et al.,
2023) to disentangle the drivers of the DSAOD signal. The appendices to Chapter
3 describe our investigation into the impacts of sampling on observed and simulated
AOD. Through this analysis we demonstrate that, given sufficiently accurate model
inputs, the observed AOD and DSAOD signals can be reproduced by Earth system
models to within observational uncertainty.

Finally, Chapter 4 considers uncertainties in aerosol radiative forcing. Black car-
bon is the most strongly warming of the aerosols, with particularly important impacts
in the Arctic (AMAP, 2021; Sand et al., 2016; von Salzen et al., 2022). It also has seri-
ous negative health impacts (Song et al., 2022; Yang et al., 2021; Verma et al., 2021).
There is therefore clear motivation to reduce its emissions. Although its effective
radiative forcing is understood to be positive, the magnitude of this forcing remains
uncertain (AMAP, 2021; Bond et al., 2013; Szopa et al., 2021; Thornhill et al., 2021).
Chapter 4 isolates one source of uncertainty: the refractive index, which determines
the extent to which an aerosol absorbs and scatters radiation. The refractive index
is difficult to constrain in measurements and there is great diversity in the range of
values used in Earth system models (Bond and Bergstrom, 2006). We investigate how
much the simulated absorbing aerosol optical depth and effective radiative forcing due
to BC-radiation interactions can vary when the refractive index is varied across the
range of commonly-used values. For the first time, our results demonstrate that the

choice of refractive index used in models can have statistically significant impacts on



simulated fields commonly used to assess black carbon’s climate impacts, compara-
ble to the impacts of other known uncertainties, and that this parameter should be
considered whenever model simulations are compared.

The contents of Chapters 2 and 3 have been published as Digby et al. (2021) and
Digby et al. (2024) respectively, and at the time of writing, the contents of Chapter

4 had been submitted for consideration in Geophysical Research Letters.



Chapter 2

Aviation-Induced Cirrus during
COVID-19

Global aviation dropped precipitously during the COVID-19 pandemic, providing an
unprecedented opportunity to study aviation-induced cirrus (AIC). AIC is believed
to be responsible for over half of aviation-related radiative forcing, but until now,
its radiative impact has only been estimated from simulations. Here we show that
satellite observations of cirrus cloud do not exhibit a detectable global response to
the dramatic aviation reductions of spring 2020. These results indicate that previ-
ous model-based estimates may overestimate AIC. In addition, we find no significant
response of diurnal surface air temperature range to the 2020 aviation changes, re-
inforcing the findings of previous studies. Though aviation influences the climate
through multiple pathways, our analysis suggests that its warming effect from cirrus
changes may be smaller than previously estimated.

The contents of this chapter appeared in Geophysical Research Letters as An
observational constraint on aviation-induced cirrus from the COVID-19-induced flight
disruption (Digby et al., 2021).



2.1 Introduction

Aviation is responsible for an estimated 3.5% of anthropogenic effective radiative
forcing (ERF) (Lee et al., 2021), a number which has been growing rapidly as air
traffic has increased over recent decades. Of this forcing, the largest — and most
uncertain — component is the contribution from contrail cirrus, which is estimated
to make up ~ 55% of the total aviation forcing and was calculated at 57 (17, 98)
mW /m? for 2018 in a recent multimodel synthesis (Lee et al., 2021).

Contrail cirrus consists of both linear contrails, which form behind aircraft, and
the artificial cirrus cloudiness formed when these linear contrails disperse. Because
aircraft emission plumes may be temporarily supersaturated with respect to ice (Min-
nis et al., 2004), contrails can form in conditions where natural cirrus cannot, and
therefore have the potential to substantially impact regional high-level cloudiness
(Burkhardt and Kércher, 2011; Sassen, 1997). High-level cloud is also affected by
the aerosols emitted by aircraft, which can serve as ice nuclei; the ice nucleation effi-
ciency of black carbon, in particular, remains uncertain (Karcher et al., 2007; Karcher
et al., 2021; Voigt et al., 2021). Finally, the formation of contrail cirrus can compete
with natural cirrus for water vapour, reducing the formation of the latter (Burkhardt
and Kércher, 2011). In this work we will refer to the combination of these effects
as aviation-induced cirrus (AIC). Like natural cirrus, the radiative impact of AIC is
dominated by its longwave effect, and is expected to decrease the diurnal surface air
temperature range (DTR) (Sassen, 1997; Travis and Changnon, 1997; Travis et al.,
2002).

Because of its large radiative impact and short lifetime, AIC is a popular target
for mitigation strategies aimed at reducing the climate impact of aviation (see, e.g.,
overview in Kércher, 2018). One such strategy is navigational avoidance, or the
diverting of flight paths away from regions where contrails are likely to form (Kércher,
2018; Rosenow et al., 2018; Grewe et al., 2017). However, the efficacy of this approach
hinges on contrail cirrus having a substantially larger radiative forcing than other
aviation sources such as COa, since rerouting will result in a longer flight track and
correspondingly higher emissions. There is therefore substantial interest from both
scientific and policy-making communities in a detailed understanding of the radiative
impact of AIC.

This radiative impact is extremely difficult to constrain. Once linear contrails

disperse into contrail cirrus, they become indistinguishable from natural cirrus, pre-



cluding observational studies over the majority of their evolution (IK&rcher, 2018;
Burkhardt et al., 2010). Possible influences of climate change or changes in other
sources of anthropogenic aerosols make it difficult to isolate the impacts of the long-
term increase in aviation. Simulating AIC requires a detailed representation of mi-
crophysics and particle characteristics (IKarcher, 2018; Kércher et al., 2009; Bock and
Burkhardt, 2016b), and radiative transfer calculations have proven to be sensitive to
models’ horizontal, vertical, and temporal resolution (Lee et al., 2021; Myhre et al.,
2009b), as well as the choice of radiative transfer scheme itself (Myhre et al., 2009b).
Indirect sources of AIC (the soot-cloud effect, impacts of AIC on natural cirrus)
are even more poorly constrained (Kércher, 2018; Burkhardt and Kércher, 2011; Lee
et al.; 2021). For a detailed discussion of the uncertainties in simulating AIC RF,
refer to Lee et al. (2021).

Given the immense challenge of simulating and observing AIC, large-scale flight
groundings provide our best probe of the relationships between aviation density, cirrus
cover, and DTR. The aviation reductions associated with the COVID-19 pandemic
have dwarfed previous flight groundings, which were too short and too geographically
limited to yield robust signals (Travis et al., 2002; Hong et al., 2008; Sandhu and
Baldini, 2018). In early April 2020, the total number of flights globally fell to <40%
of 2019 levels (FlightRadar24, 2020c), and by December 2020, had only recovered to
~75% (FlightRadar24, 2020b). In this work, we investigate whether these unprece-
dented reductions in global aviation have led to detectable changes in cirrus cover or
in DTR.

2.2 Data

2.2.1 Aviation data

Spatially resolved aviation data were purchased from the global flight tracking ser-
vice FlightRadar24 (FlightRadar24, 2020a). We obtained flight tracks for all recorded
flights on every second Friday from January through July of 2019 and 2020, corre-
sponding to 15 days in each year. Only 30 days’ data were purchased for reasons of
cost, but the days were selected days to centre around the period of greatest aviation
change. Our selection matched days of the week, rather than calendar dates, between
2019 and 2020 due to the weekly cycle in the number of flights.

We interpolate these flight tracks to a 1° x 1° spatial grid and 30-second temporal



grid, filtering by altitude (z > 18,000ft / 5,486m) to include only the flights most
likely to form contrails. The resulting flight density distribution is then scaled to
areal density (flights per square km). Aviation anomalies are expressed as differences
between mean daily aviation densities of particular months in 2020 and 2019. The
March-April-May (MAM) mean anomaly is shown in Figure 2.A.1a.

We additionally construct a 21-year aviation timeseries using publicly available
data from Airlines for America (A4A; Airlines for America, 2021). We quantify avia-
tion in terms of total kilometres flown, since this metric is the most physically relevant
for contrail formation; expressing aviation in terms of annual aircraft departures yields
similar results, shown in Figure 2.A.5. In both cases, data correspond to passenger
and cargo aircraft, and are only available through 2019.

Although data on total aircraft kilometres flown in 2020 are not readily available,
we utilize the facts that (a) there has been a roughly linear relationship between
total aircraft kilometres and assigned seat kilometres (AKSs) for the past decade
(Airlines for America, 2021), and (b) in 2020, ASKs fell 68.1% over 2019 levels (IATA
Pressroom, 2021). We thus obtain a value for aircraft kilometres in 2020 by scaling
the kilometres flown in 2019 by a factor of (1 — 0.681).

2.2.2 Cirrus data

Cirrus fractions are taken from the Moderate Resolution Imaging Spectroradiometer
(MODIS) instruments on the satellites Aqua and Terra (Platnick et al., 2017; King
et al., 2013). Aqua and Terra have equatorial overpasses at 1:30 am/pm and 10:30
am/pm local time, respectively.

We use the product Cirrus_ Fraction_ Infrared_ FMean from the monthly gridded
products MODO08 M3 (Terra) and MYDO08_ M3 (Aqua), which have 1° x 1° spatial
resolutions (King et al., 2013). Anomalies are expressed relative to a linear trend
fit to the available historical data, and are calculated individually for each grid cell.
Data are available for Terra from February 2000 and for Aqua from July 2002; Aqua’s
MAM and annual (ANN) means are computed for 2003 onwards.

The majority of our analysis utilizes the MODIS-mean cirrus fraction (i.e. the
Aqua-Terra mean, spanning 2003-2020), though we show results for the satellites
individually for completeness. MAM 2020 MODIS-mean anomalies are shown in
Figure 2.A.1b.



2.2.3 Temperature data

Temperature data are taken from two sources: European Centre for Medium-Range
Weather Forecasts (ECMWF') 5th Generation Reanalysis (ERAB) (Hersbach et al.,
2018), which has the advantage of homogeneous, gridded spatial coverage, and Global
Historical Climatology Network (GHCN) stations (Menne et al., 2012a,b), which
have the advantage of being instrumental station data but which have an extremely
heterogeneous distribution.

ERA5 values are calculated from the dataset ERAS hourly data on single lev-
els from 1979 to present, which provides 2m temperature minima and maxima on a
1° x 1° spatial grid. GHCN weather station data are computed from the GHCN-D
daily dataset. From this dataset we select only stations from the World Meteoro-
logical Organization (WMO) network which have more than 20 days’ records in a
given month, for every year from 2000-2020. These filters greatly reduce the num-
ber of available stations, but improve the reliability of the resulting anomalies. We
have repeated our analysis requiring only 15 years’ records; although this approxi-
mately doubles the number of available stations, our conclusions are unaffected, and
the change in spatial sampling with time introduces spurious signals which can be
misleading at first glance. We therefore maintain the more rigorous selection to avoid
confusion.

DTR anomalies are expressed relative to a linear trend fit to the 2000-2019 data,
and are calculated individually for each station or grid cell. MAM 2020 anomalies
derived from ERA5 and GHCN data are shown in Figs. 2.A.2c and 2.A.2d respec-
tively.

2.3 Results

Our analysis consists of two components: first, assessing the observed response of
cirrus cover and DTR to changes in aviation during 2020, relative to their typical
interannual variability; and second, comparing those observations to estimates of the
expected signal strength derived from the application of a statistical model to pre-
existing simulations of aviation-induced cirrus. In both stages we restrict our analysis
to the region between 75° N and 75° S, as the satellite cirrus products we use are
unreliable at higher latitudes (Hubanks et al., 2020). We emphasize that the results

presented here describe the net effect of aviation on cirrus cloud, which includes not
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only the formation of contrails but also any interactions between contrail cirrus and
natural cirrus, or between (contrail or natural) cirrus and the aerosols emitted by

aircraft.

2.3.1 Observed response

As shown in Figure 2.A.1a, the 2020 aviation density anomalies — which closely resem-
ble the typical aviation density distribution, not shown — are extremely regionalised.
Aviation-induced changes in cirrus cover or DTR would therefore not be expected
over large regions of the globe. To account for this we weight our observations by
the 2019 aviation density distribution, which focuses the analysis on regions where
aviation is important without selecting arbitrary regions for analysis. We weight by
the mean 2019 aviation density rather than by the change in aviation from 2019 to
2020 to avoid having a combination of positive and negative weights, as aviation levels
did increase in 2020 in a small number of grid cells. The details of this calculation
are described in Appendix 2.A.1.

Figure 2.1 shows the typical values and variability of aviation, cirrus fraction, and
DTR over 2000-2020. Air traffic is expressed in terms of annual kilometres flown,
and the anomalies in panel (d) are expressed as a percent change relative to a linear
trend fit to the 2000-2019 values. The centre and right-hand columns show aviation-
weighted, MAM-mean cirrus fraction and DTR respectively; MAM is the three-month
period containing the largest COVID-19-induced aviation reduction.

The centre column of Figure 2.1 plots cirrus measurements taken from the Aqua
and Terra satellites individually, and the average of the two. In all three timeseries,
the 2020 cirrus fraction anomalies are not statistically significant at the 5% level.
Interestingly, the two MODIS satellites observe opposite tendencies in their cirrus
data. These trends are discussed further in Appendix 2.A.2.

In the right-hand column of Figure 2.1, orange and yellow lines correspond to
DTR measurements taken from ERADH reanalysis and GHCN weather stations, re-
spectively. The discrepancy between their measurements is due to a combination of
the heterogeneous spatial sampling of the GHCN stations, and a ~ 2°C offset between
the two datasets when sampled over the same locations (Figure 2.A.2). Despite these
discrepancies, the two datasets yield the same result: aviation-weighted DTR showed
no response to the COVID-19-induced aviation reductions.

The month-by-month evolution of aviation, cirrus fraction, and DTR anomalies
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Figure 2.1: Evolution of air traffic, cirrus fraction, and DTR over 2000-2020. Left
(panels a, d): annual-mean aviation intensity, expressed in billions of kilometres flown.
Centre, right (panels b/e, ¢/f): MAM-mean, aviation-weighted values and detrended
anomalies of cirrus fraction and DTR respectively. In all panels, solid lines show the
linear trend fits, shaded regions indicate +10, and black outlines identify anomalies
which are statistically significant at the 5% level relative to the other years in the
timeseries. The differences between DTR values calculated from ERA5 and GHCN
data in panel (c¢) can be ascribed to the heterogeneous spatial distribution of GHCN
stations, combined with a ~ 2°C offset between the two datasets (Figure 2.A.2).
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Figure 2.2: Monthly-mean anomalies of aviation, aviation-weighted cirrus fraction,
and aviation- weighted DTR through 2020. Aviation anomalies (panel a) are ex-
pressed as a percent change over 2019 values of high-altitude aviation density and
commercial flight departures (dark and light lines, respectively). The anomalies in
panels (b) and (c¢) are expressed as an absolute change relative to a linear trend fit
to the 2000-2019 values. Trends are calculated separately for each grid cell in each
month. Black circles in panel (b) indicate months in 2020 where anomalies are statis-
tically significant at the 5% level relative to their values through the reference period;
significance tests were not conducted for aviation, as the anomalies are computed rel-
ative to 2019 only, and none of the DTR measurements in panel (c) were statistically
significant.
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through 2020 is examined in Figure 2.2. Aviation anomalies were largest in April 2020.
Although cirrus fraction and DTR anomalies showed sizeable excursions around this
time, these anomalies are not exceptional when compared to other excursions which
occurred later in the year when the aviation signal was much smaller. Moreover, the
low cirrus fraction and high DTR observed in April 2020 were driven by anomalies
in Europe, which had an exceptionally clear spring with record-breaking levels of
solar irradiance (Madge, 2020; van Heerwaarden et al., 2021). It has been elsewhere
demonstrated that this event was not due to the reduced contrails and aerosols of the
COVID-19 pandemic, but to meteorological conditions (van Heerwaarden et al., 2021;
Schumann et al., 2021). Finally, joint distributions of individual grid cell anomalies

(Figure 2.A.3) do not suggest dependence on aviation changes.

2.3.2 Comparison with simulated response

We next investigate whether existing simulations of AIC would predict a detectable
cirrus response to the 2020 aviation reduction, and whether the observed changes are
consistent with the magnitude of that simulated response.

We start with a simulated global distribution of contrail cirrus coverage for the
year 2006, taken from (Bock and Burkhardt, 2016a, hereafter BB16). These simu-
lations were produced using the contrail cirrus parametrization ECHAM5-CCmod,
developed for the climate model ECHAMS5 (Bock and Burkhardt, 2016b). Following
their example we restrict our consideration to the subset of contrail cirrus with opti-
cal depths 7 > 0.05, which has been shown to be the best threshold for comparison
with satellite observations over the United States (Kércher et al., 2009; Bock and
Burkhardt, 2016a).

Only a subset of this contrail cirrus would contribute to an increase in total cirrus
cover. To account for overlap with naturally occurring cirrus, we scale the BB16
contrail cirrus map by the fraction of contrail cirrus contributing to an increase in
total cloud cover, shown in their Figure 6b. Since this scale factor corresponds to
overlap with all cloud types, and we are interested only in overlap with cirrus, it will
tend to underestimate the simulated aviation-induced change in cirrus. We discuss
the sensitivity of our results to this choice of scaling in Appendix 2.A.3.

We then build a multiple linear regression model for cirrus anomalies as follows.
Let x(t) be the annual mean cirrus anomaly field; x®) be the fixed simulated contrail

cirrus field for 2006, scaled to account for overlap; and a(t) be the aviation intensity



14

normalized such that a(2006) = 1. We can then write,

x(t) = hg + cox®a(t) + het + w(t) (2.1)

where w(t) is the field of meteorological noise and hg, ¢,, and hy are fixed. If the
simulated cirrus response to aviation was perfectly modelled we would expect ¢, = 1.

We can simplify this expression by taking the dot product of both sides with x(®),
and then dividing by the squared norm of x®:

X(s) . X(t) X(s) . ho X(s) . ht X(S) . W(t)
0 x0 — 0 x@ Tt et T e e (2.2)
which can be written
B(t) = co + cqa(t) + et + e(t) (2.3)

The term ¢t (from the field hy) is included to account for the possibility of an un-
specified linear trend due to the effects of climate change or changes in anthropogenic
aerosols from non-aviation sources (Kércher, 2017). Since we include a linear trend
in our regression, we do not detrend the observed cirrus anomalies here, in contrast
to the previous analyses; anomalies are simply expressed relative to the mean cirrus
distribution for 2000-2019.

This model relies on two fundamental assumptions: first, that contrail cirrus pro-
duction scales linearly with aviation, and second, that the spatial pattern of aviation-
induced cirrus has not changed over time.

The first assumption is consistent with the findings of Bickel et al. (2020), who
investigate the scaling of RF and ERF from contrail cirrus with changes in aviation
density. Although they report a nonlinear response due to saturation effects at high
aviation densities, in the range of densities considered here, departures from linearity
appear to be small.

The second assumption is of greater potential concern. Aviation growth has not
been spatially uniform: over the period of analysis, the proportional increase of avi-
ation in East Asia and India has been much larger than that in Europe or North
America. To test the sensitivity of our results to this simplifying assumption, we
conduct our analysis both for the entire globe (restricted, as above, to the range 75°
S to 75° N) and for a subregion containing North America, the North Atlantic, and
Europe (NAm-Eur; 130° W to 45° E, 20° N to 65° N).
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The results of these analyses are shown in Figure 2.3. We fit Eqn. 2.3 separately
for cirrus measured by Aqua, Terra, and the average of the two. We quantify aviation
in terms of total kilometres flown, since this metric is the most physically relevant
for contrail formation. For completeness, we repeat the analysis using the annual
number of flights; these results are shown in Figure 2.A.5, and the values of ¢, for all
combinations of dataset and domain are summarized in Table 2.A.1.

Our results indicate that, in all cases but one, the response of cirrus to changes
in aviation is not statistically detectable (c, is consistent with zero), and is consid-
erably smaller than would be predicted from simulated contrail cirrus levels given
our assumptions (¢, < 1). When ¢, is calculated for the Global domain using cirrus
measurements from Aqua only, its result is neither consistent with zero nor with one,
indicating a response which is statistically detectable but nevertheless smaller than
that predicted from our model.

Our bootstrapped confidence intervals describe the expected range of meteorolog-
ical variability. Had the intervals we calculate here been centred on one (i.e., had the
model and assumptions described above perfectly represented the response of cirrus
coverage to changes in aviation over time), none of them would intersect zero. Thus
we can conclude that these models predict a detectable signal which does not appear
in satellite observations (except, again, for in the Aqua-based calculation of a Global
Ca)-

Our regression model also indicates the presence of a small, and statistically in-
significant, negative linear trend in 3(t) for all of the above cases. The MODIS-average
predictions are ¢, = —0.01 (—0.03, 0.08) and ¢; = —0.01 (—0.03, 0.02) for the Global
and NAm-Eur domains respectively. We have investigated the effects of autocorre-
lation on the estimation of ¢, and ¢;, and find a negligible impact on the resulting

confidence intervals.

2.4 Discussion and conclusions

We have investigated the response of cirrus cover and diurnal surface air tempera-
ture range (DTR) to the rapid decrease in aviation that occurred in response to the
COVID-19 pandemic. Neither cirrus nor DTR exhibit a response to these aviation
changes which is outside the range of natural variability. Comparison with previ-
ous model simulations of aviation-induced cirrus indicates that our observations are

consistent with a response which is significantly smaller than that simulated.
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Figure 2.3: Lines (left panel) show the time series of 5 (the normalized dot product
of observed cirrus anomalies on the simulated contrail cirrus pattern from Bock and
Burkhardt (2016a), Eqn. 2.2-2.3). Solid lines indicate global quantities, and dashed
lines correspond to the NAm-Eur subregion. Points (right panel) show the regression
coefficients ¢, from Eqn. 2.3, with error bars spanning the bootstrapped 5-95% con-
fidence intervals. In both panels, light blue and light green quantities correspond to
results obtained using cirrus measurements from Aqua and Terra respectively; darker
teal quantities are derived using the MODIS mean. The numerical values of ¢, are
summarized in Table 2.A.1.
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The absence of a detectable D'TR response strongly suggests that apparent changes
in DTR identified after previous much shorter and more geographically-limited flight
disruptions (Travis et al., 2002; Hong et al., 2008; Sandhu and Baldini, 2018) are
unlikely to have been driven by changes in aviation.

We have assumed in our analysis that other (non-aviation) changes during COVID-
19, such as decreases in aerosol emissions at ground level, had a negligible effect on
cirrus cover. Our results could also be sensitive to the method by which we account
for overlap between natural cirrus and AIC. Sensitivity analyses addressing both of
these issues are described in the appendix. They do not affect our conclusions.

Our observations have identified linear trends in cirrus coverage over the past 20
years, in both aviation-weighted (Figure 2.1) and unweighted (Appendix 2.A.2) global
means. These trends, which differ in sign between Aqua and Terra, are interesting
in their own right and deserving of a separate, dedicated analysis beyond that which

we present in the appendix.

2.4.1 Comparison with other COVID-19 studies

Our observational non-detection of a cirrus response is broadly consistent with the
results of Gettelman et al. (2021), who found the impacts of COVID-19 on high
cloud to be smaller than the internal variability. However, their analysis considered
annual mean quantities, and we would not expect to see a contrail cirrus response
when averaged over such a long time period given the recovery of aviation levels
throughout the year. Their results are therefore not directly comparable to ours.

Schumann et al. (2021) reported that changes in cirrus optical thickness and out-
going longwave radiation over Europe in spring and summer 2020, relative to 2019,
were dominated by meteorology, but that the agreement between cirrus optical thick-
nesses in their model and observations increased slightly when the model incorporated
contrails. Although their results are suggestive of a small aviation-induced cirrus
response over Europe in 2020, their simulated response may be weaker than the ob-
served response (their Figure S1), which is opposite to our global result. Overall,
their findings suggest a low signal-to-noise ratio, consistent with our results.

Finally, (Quaas et al., 2021, hereafter Q21) investigate MAM-mean changes in the
Northern Hemisphere midlatitudes. They report that cirrus coverage was approxi-
mately unchanged in low-aviation regions, but decreased ~5% and 9% in the regions

with the second-highest and highest 20% of air traffic respectively. It is worth noting
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that these anomalies were not outside the range of the preceding 10 years’ variability,
except perhaps for the highest-traffic region where 2020 cirrus levels appear compa-
rable to or slightly lower than the next lowest recorded value (that from 2012). This
magnitude of response is consistent with our Figure 2.1.

Our study primarily differs from Q21 in our methods of accounting for the high
natural variability of cirrus coverage. Q21 compare measured cirrus levels in 2020 to
those in different years with similar circulation conditions; in essence, they attempt
to predict cirrus occurrence using the 500 hPa geopotential height. Because of the
limited sample available in the observational record and the imperfect link between
500 hPa height and cirrus, the residual changes in cirrus that they measure would still
include an unknown contribution from internal variability, which is extremely difficult
to characterise. To avoid this issue and ensure that the uncertainties calculated in
our comparison of the simulated and modelled responses are as robust as possible, we
therefore adopt the complementary approach of investigating whether observations
exhibit a response which is outside the range of natural variability, comparing this
response to climate simulations, and using bootstrapping to estimate the uncertainty

due to meteorological variability.

2.4.2 TImplications for radiative forcing

A detailed assessment of the climate impacts of AIC, or of its reduction during
COVID-19, is outside the scope of this work. We have looked exclusively at changes
in cirrus extent; ERF depends also on the cirrus’ optical thickness (Kércher, 2018;
Burkhardt and Kércher, 2011) and on what surface the cirrus overlays (Yang et al.,
2010). Optical thickness is in turn a function of ice crystal properties (shape, size,
and number) and of ambient conditions (e.g. temperature, humidity, wind shear)
(Kércher et al., 2009; Yang et al., 2010; Bock and Burkhardt, 2016a; Kércher et al.,
2021). The net effect of these properties may not be independent of cirrus coverage.
However, we can make some simple inferences.

First, it is reasonable to expect that if our observations indicate a smaller response
of cirrus coverage to aviation than is modelled by BB16, the resultant ERF will also
be smaller.

Second, we can extend our comparison from BB16 to the current literature best
estimate using the detailed multimodel synthesis of (Lee et al., 2021, hereafter 1.21).

Their assessment of the radiative forcing from contrail cirrus drew on results from 5
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global models, with corrections applied to account for differences in methodology in-
cluding aviation inventory, temporal resolution, and radiative transfer scheme. Once
these differences had been accounted for, the contrail cirrus ERF determined by BB16
was the smallest of those considered. Our observations are therefore consistent with
an AIC ERF which is not only smaller than that computed by BB16, but is smaller
than was found by any of the studies considered in L21.

Finally, we can use the results of BB16 and L21 to derive a back-of-the-envelope
estimate for the AIC ERF implied by our observations. We emphasize that this
estimate is a highly simplified approach to a very nuanced problem, and our results
should not be treated as truly quantitative. A detailed description of the calculation,
and of the necessary approximations involved, is provided in Appendix 2.A.4. With
these approximations we find an AIC ERF of 8 (=3, 22) mWm™2 for 2018, well below
the 1.21 best estimate of 57 (17, 98) mWm 2. Reassuringly, however, the uncertainty
ranges of these two estimates do overlap.

Our results suggest that the navigational avoidance of potential contrail-forming
regions is not yet a viable solution. If the ERF of AIC is indeed lower than previously
believed, then the necessary increase of fossil fuel consumption caused by rerouting

may result in a net increase in aviation’s climate impact.

2.4.3 Conclusions

In conclusion, we find that observations of cirrus and DTR during COVID-19 do not
exhibit a detectable response to the rapid reduction in air traffic, whereas models
suggest that a cirrus response should have been detectable despite the large natural
variability of natural cirrus. Together our results imply that, although aviation influ-
ences climate through multiple processes, the cirrus-mediated effect of aviation may

be smaller than previously estimated.
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Figure 2.A.1: Global distribution of mean (a) aviation density [flights/km?], (b)
MODIS cirrus fraction, (¢) ERA5 DTR [°C], and (d) GHCN DTR [°C] anomalies,
averaged over March-May 2020. Aviation density anomalies are calculated with re-
spect to the 2019 density distribution, and cirrus and DTR anomalies with respect
to a linear trend fit to the 2000-2019 data. Cirrus in panel (b) is the average of
measurements taken from the satellites Aqua and Terra.

2.A Appendix to Chapter 2

2.A.1 Calculation of aviation-weighted means

The aviation-weighted mean p,,; of a global quantity z is calculated as

Havi = Z(l’zl)z)/ Zpi (2.A.1)

where p; is the mean January-June 2019 aviation density in grid cell ¢, and the sum is
over all 1° x 1° grid cells. We weight by the mean 2019 aviation density rather than
by the change in aviation from 2019 to 2020 to avoid having a combination of positive
and negative weights, as aviation levels did increase in 2020 in a small number of grid
cells.

The global distributions of MAM 2020 anomalies in aviation density, MODIS
cirrus fraction, and DTR from ERA5 and GHCN are shown in Figure 2.A.1. Aviation
density anomalies are calculated relative to 2019 and cirrus and DTR anomalies are
relative to a linear trend fit to the 2000-2019 data.
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2.A.2 Further analysis of observational data products
Comparing DTR measurements from ERA5 and GHCN

Our analysis utilizes DTR measurements from two sources: ERAD reanalysis, which
has the advantage of homogeneous, gridded spatial coverage, and GHCN weather
stations, which have the advantage of being instrumental station data but which
have an extremely heterogeneous distribution. Figure 2.1c shows an apparent ~3.5
degree discrepancy between the aviation-weighted MAM DTR values from these two
stations, with GHCN recording systematically larger temperature ranges. In Fig-
ure 2.1f, which shows the detrended anomalies of these two quantities, GHCN shows
generally the same behaviour as ERAb5 but with larger excursions.

There are two sources of discrepancy between the datasets. First, as seen in Fig-
ure 2.A.1, our GHCN stations are largely confined to the United States, Europe, and
Australia. This distribution is due in part to our requirement for all stations to have
WMO IDs and to have a full 21 years’ record. Weighting by the 2019 aviation distri-
bution (which is very similar to the distribution of anomalies in Figure 2.1a) enhances
the signal in the United States, Europe, and China, and suppresses it elsewhere; be-
cause our GHCN data lacks stations in China, the ERA5 and GHCN results will be
sampling different regions.

We account for these spatial differences in Figure 2.A.2, which compares GHCN
station data to values from the corresponding 1x1° ERA5 grid cells. Panels (a) and
(b) plot colocated GHCN and ERAJ5 values against one another for MAM 2020; panels
(c) and (d) show the aviation-weighted MAM values of GHCN stations and colocated
ERAS5 grid cells over 2000-2020.

From this figure it is evident that spatial differences account for a portion, but not
all, of the difference between GHCN and ERA5 DTR values. There remains a ~1.9°C
offset between the two. This offset may be due to the spatial averaging inherent in a

1x1° grid cell as compared to an individual station.

Trends in annual-mean cirrus coverage

The two MODIS satellites observe opposite tendencies in their cirrus data (Fig-
ure 2.1b): in Aqua, the aviation-weighted MAM cirrus fraction increases 0.81%/decade,
whereas Terra observes a decrease of -0.72%/decade; the MODIS-mean trend is
0.16%/decade. Percentages here are a measure of cirrus fraction (i.e. the MODIS-

mean trend is a linear increase of 0.0016/decade); we have expressed our trends as
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Figure 2.A.2: Comparison of DTR measurements taken from GHCN weather stations
and from colocated ERAD reanalysis grid cells. Panels (a) and (b) plot the MAM 2020
DTR values and anomalies, respectively, from GHCN and ERA5 against one another.
Dotted black lines show a 1:1 relationship to guide the eye, and red lines show the
results of an ordinary least squares fit to the data. In panel (a), the dotted grey
line shows a 1:1 fit shifted downwards by 1.9°C. Panels (c¢) and (d) plot timeseries of
aviation-weighted MAM GHCN and colocated ERAS values and anomalies over 2000-
2020. Dotted lines in panel (c) indicate the timeseries means. When the different
spatial sampling of the two datasets is accounted for, they exhibit similar behaviour
with an offset of ~1.9°C.
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percent per decade for comparison with literature estimates. The trends calculated
for Aqua and Terra individually are both statistically significant at the 5% level, but
the MODIS-mean trend is not statistically significant.

For comparison with literature estimates we also calculate the non-aviation-weighted,
75°S to 75°N mean trends in annual-mean cirrus fraction. Trends for Aqua and Terra
are 0.10%/decade and -0.35%/decade respectively, and the MODIS-mean trend is
-0.13%/decade; of these three, only the Terra trend is statistically significant at the
5% level. The MODIS-mean trend is not equal to the mean of the individual satel-
lites” trends because they are fit over different domains (Terra over 2000-2019, Aqua
and the average over 2003-2019); when all trends are fit to the 2003-2019 data, the
MODIS-mean trend is equal to the mean of the two satellites’ trends as expected.

There are few recent studies on trends in global cirrus cover against which these
estimates can be compared. Zerefos et al. (2003) and Stordal et al. (2005) analyzed
[SCCP cirrus observations for 1984-1998 and 1984-1999 respectively; both found that
cirrus in high-aviation regions increased by a few percent per decade whereas cirrus in
neighbouring low-aviation regions had statistically insignificant but typically negative
trends. More recently, Quaas et al. (2021) reported a ~2-3%/decade increase in MAM
cirrus coverage over 2011-2019 in high-aviation regions but no statistically significant
changes in neighbouring low-aviation regions.

The above sources broadly agree on not statistically significant but predominantly
negative cirrus trends in low-aviation regions, which is consistent with our results.
However, our aviation-weighted trends are substantially lower than those reported
elsewhere. Of most relevance is the comparison with Quaas et al. (2021), whose data
and timeframe are most similar to our own. However, we note that their trend was
fit to the shorter period, and that 2011 and 2012 both had anomalously low aviation-
weighted cirrus values; when we fit our aviation-weighted MAM cirrus values over
this restricted time period we obtain a MODIS-mean trend of 1.45%/decade.

2.A.3 Sensitivity tests
Joint distributions of global anomalies

Because even aviation-weighted spatial averages may mask potential local responses,
we plot in Figure 2.A.3 the joint distributions of MAM aviation density, cirrus frac-
tion, and DTR across individual grid cells. Here cirrus fractions are the MODIS

average and DTR is taken from ERA5. Panels (a) and (b) appear to suggest a rela-
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tionship between aviation density and each of cirrus fraction and DTR for the largest
negative aviation density anomalies. There is in particular the appearance of a re-
lationship between the largest reductions in aviation density and increases in cirrus
fraction. We investigate this tail more closely in panel (d), which plots the timeseries
of cirrus anomalies for grid cells which had aviation density anomalies below -0.05
flights/km? (blue) and -0.10 flights/km? (orange). The 2020 cirrus excursion for these
high-anomaly cells is not substantially larger than that seen in previous years, par-
ticularly when positive excursions are also considered. Although the 2020 excursion
appears statistically significant at the 5% level using a 2-sided Student’s t-test, so do
the excursions in 2000 and 2010 (the latter only being significant for the moderate
threshold). We emphasize that the high-anomaly tail is primarily located in Europe,
which had an unusually clear spring with record-breaking irradiance levels that have
been attributed to causes other than the COVID-19 pandemic van Heerwaarden et al.
(2021).

Sensitivity to other changes during COVID-19

We use models from the CovidMIP project Jones et al. (2021) to test our assump-
tion that the effects of reducing aviation can be isolated from concurrent reductions
in surface emissions of greenhouse gases and aerosols. CovidMIP is a model in-
tercomparison project which simulates the emission reductions associated with the
COVID-19 pandemic (scenario ssp245-covid) relative to a baseline scenario without
these changes (ssp245). CovidMIP models do not explicitly simulate aviation, so
any changes in their high cloud under ssp245-covid relative to ssp245 must be due to
changes in surface emissions.

We select for analysis a subset of CovidMIP models (CanESM5, MIROC, MPI-M,
and MRI) which have cloud data available from 2015 onwards. For each model, we
calculate a baseline high-cloud fraction using the period 2015-2019 under ssp245. We
then compare 2020 high cloud anomalies relative to this baseline in each of ssp245
and ssp245-covid.

High cloud fractions are calculated by taking the maximum cloud fraction at model
levels with p <400 hPa. The determination of this threshold, and measurement of
the maximum cloud fraction above it, are computed independently for each cell.

The results of this analysis are shown in Figure 2.A.4. The absence of significant

difference between the two scenarios provides evidence that changes in surface emis-
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Figure 2.A.3: Histogram estimates of joint distributions of gridded (a) global aviation
and cirrus anomalies, (b) global aviation and ERA5 DTR anomalies, and (c) global
cirrus and DTR anomalies. All anomalies are for March-April-May 2020, and cirrus
is the Aqua-Terra average. Panel (d) shows the timeseries of cirrus anomalies in
cells with Apgyizoo < —0.05 flights/km? (blue) and < —0.10 flights/km? (orange),
with the aviation-weighted global mean shown in black for reference. Circles indicate
anomalies that are statistically significant at the 95% level. Cirrus measurements
prior to 2003 are from Terra only; those from 2003-2020 are the Aqua-Terra average.
Note that although the 2020 excursion is statistically significant under this test, so
are the 2000 and 2010 excursions. We also emphasize that the substantial majority of
this high-anomaly tail comes from Europe, which experienced record-breaking solar
irradiance for reasons unrelated to the pandemic van Heerwaarden et al. (2021).
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Figure 2.A.4: Difference between ensemble-mean high cloud changes in ssp245-covid
(which simulates emission reductions associated with the COVID-19 pandemic) and
ssp245 (baseline scenario). For each scenario we calculate an ensemble- mean anomaly
in 2020 relative to the preceding 5 years. The difference between these anomalies
shows the impact of emission reductions on high cloud cover. As there is little or no
difference between the scenarios, we can conclude that changes in surface emissions
during COVID-19 did not impact high-altitude cloud, and that any changes in ob-
served cirrus are due to changes in aviation only. Shaded regions indicate the 16-84th
percentile ranges across the model ensembles, and the numbers next to each model
name in the legend indicate the ensemble sizes.

sions during COVID-19 did not impact high-altitude cloud, and that any changes in
observed cirrus are due to changes in aviation only. Although there may be mecha-
nisms of cirrus response to surface aerosols that are not represented in these models,
they remain our best available tool for constraining non-aviation-related high cloud

changes.

Sensitivity to assumptions of cirrus overlap

Our comparison between observed and simulated cirrus responses to changes in avi-
ation will depend on the amount of simulated contrail cirrus which is assumed to
contribute to an increase in cirrus cover. As described in Sec. 3.2, we have accounted
for overlap with natural cirrus using the fraction of contrail cirrus which contributes
to an increase in total cloud cover, taken from BB16’s Fig. 6b. This value will by
definition be less than or equal to the fraction of contrail cirrus contributing to an
increase in cirrus cloud cover, since the latter also allows for contrail cirrus which
overlays low cloud. Using a low estimate for the 2006 simulated contrail cirrus results
in a conservative estimate for the discrepancy between observed and simulated cirrus

changes, and inflates the estimated value of c,.
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As a sensitivity test, we replace the above scale factor by (1 — ¢), where ¢ is
the 2000-2020 mean total cirrus fraction in each grid cell. This factor describes the
typical fraction of each grid cell which is cirrus-free, such that the addition of contrail
cirrus would increase total cirrus cover. However, contrail cirrus is more likely to
form in regions which already contain natural cirrus than in regions which do not,
since natural and contrail cirrus require similar synoptic conditions for formation.
The factor (1 — ¢) is therefore an overestimate for the amount of detectable contrail
cirrus in each grid cell, and will artificially suppress our estimate of ¢,. Using MODIS-
mean cirrus, our results are ¢, = 0.12(—0.06, 0.35) and ¢, = 0.18 (—0.12, 0.47) for
the Global and NAm-Eur domains respectively. Compared to our reference values of
¢, = 0.21(—0.09, 0.61) and ¢, = 0.30 (—0.19, 0.79), it is clear that the choice of scale

factor does not materially change our conclusions.

2.A.4 Deriving a quantitative estimate for the ERF from AIC

A detailed assessment of the radiative impact of AIC is beyond the scope of this
paper, but we present a first estimate here based on several simplifying assumptions.

Our work looks exclusively at changes in cirrus extent. ERF depends also on the
cirrus’ optical thickness Kércher (2018); Burkhardt and Kércher (2011) and on what
surface the cirrus overlays Yang et al. (2010). Optical thickness is in turn a function
of ice crystal properties (shape, size, and number) and of ambient conditions (e.g.
temperature, humidity, wind shear) Kéarcher et al. (2009); Yang et al. (2010); Bock
and Burkhardt (2016a); Kércher et al. (2021). The net effect of these properties may
not be independent of cirrus coverage.

If we assumed that the ERF from AIC was linearly dependent on AIC coverage,

then our observations would imply

ERF 2006, 7>0.05,0bs = Ca X ERF2006,7>0.05, BB16 (2.A.2)

where ERF06, >0.05,0bs 15 the observational estimate for the 2006 ERF contribu-
tion from AIC with optical depths 7 > 0.05 and ERF2006,7>0.05, BB16 1S the estimate
of this quantity predicted by BB16.

However, we are interested in an ERF estimate for all AIC, not only that with
7 > 0.05, and for a year more recent than 2006. Furthermore, to enable robust
comparison with other literature sources we will need to account for biases introduced

by choices of input and methodology as described in L21.
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The first condition is readily addressed by making the assumption that all AIC,
regardless of optical depth, obeys the same scaling between aviation intensity and
coverage. Our calculated value of ¢, would therefore apply to the total population of

AIC, allowing us to write

ERF2006,0bs = €a X ERFa006, BB16 (2.A.3)

To facilitate comparison with the current literature best estimate, and to scale

our results to a 2018 ERF, we can simply calculate

ERFQOIS,obs = C4 X ERF2018,BB16* (2A4)

where ERFg018 Bpi16+ 1s the value of ERI for 2018 obtained in L21 by first calibrating
the BB16 RF for 2006 to a standardized set of assumptions and inputs, then convert-
ing it from an RF to an ERF, and finally scaling the result to account for the increase
in air traffic from 2006 to 2018. This process is described in detail in the appen-
dices and supplementary material of L21; the value of ERFg918 ppig+ = 37 mWm™2 is
available in the supplement.

With these simplifying assumptions our MODIS-mean, global-domain observa-
tions therefore imply an effective radiative forcing from AIC of 8 (-3, 22) mWm ™2
for the year 2018, which is substantially lower than the L.21 multimodel best estimate
of 57(17, 98) mWm 2. Reassuringly, however, the uncertainty ranges of these two
estimates do overlap. We emphasize that this is a highly simplified approximation of

a highly nuanced calculation, which warrants a more detailed analysis.

2.A.5 Tabulation of regression results

This section contains Figure 2.A.5 showing an equivalent analysis to that presented in
Figure 2.3 but calculated using the annual number of flights instead of total kilometres
flown to represent aviation intensity, and Table 2.A.1 summarizing the regression
coefficient ¢, for all combinations of spatial domain, cirrus dataset, and aviation

dataset.
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Figure 2.A.5: As Figure 2.3, but with aviation characterized by the annual number
of flights instead of total kilometres flown. This quantity is less physically relevant
for AIC formation but more easily compared with available data on month-by-month
aviation changes through 2020 (Figure 2.2). Compared with our remain results, the
confidence intervals on ¢, are larger in all cases, and some now intersect 1 (i.e., results
are consistent with the simulated magnitude of response). The numerical values of
¢, for all combinations of aviation dataset, cirrus dataset, and spatial domain are
summarized in Table 2.A.1. Flight numbers for 2019-2020 are taken from publicly
available FlightRadar24 data on commercial aviation FlightRadar24 (2021). Those
for 2000-2018 are taken from A4A and scaled by the ratio of the two datasets in 2019
to account for the subset of commercial aviation not included in A4A records.

Table 2.A.1: Regression coefficient ¢, for all combinations of spatial domain (Global
or NAm-Eur), cirrus dataset (observations from Aqua, Terra, or their average), and
aviation dataset (flight kms as shown in Figure 2.3, or flight numbers as shown in
Figure 2.A.5). Uncertainty ranges indicate bootstrapped 5-95% confidence intervals.

Domain Satellite Cq, flight kms Cq, flight numbers
Aqua  0.36 (0.05,0.75)  0.55 (0.03, 1.21)
Global ~ Terra  0.03 (-0.37, 0.43) 0.08 (-0.73, 0.59)
Average 0.21 (-0.09, 0.61)  0.29 (-0.21, 0.96)
Aqua 0.4 (-0.06, 0.93) 0.65 (-0.18, 1.47)
NAm-Eur Terra 0.10 (-0.44, 0.62) -0.02 (-0.89, 0.82)
Average 0.30 (-0.19, 0.79)  0.40 (-0.41, 1.23)
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Chapter 3

Aerosol Emissions during COVID-19

The Spring 2020 COVID-19 lockdowns led to a rapid reduction in aerosol and aerosol
precursor emissions. These emission reductions provide a unique opportunity for
model evaluation, and to assess the potential efficacy of future emission control mea-
sures. We investigate changes in observed regional aerosol optical depth (AOD) during
the COVID-19 lockdowns, and use these observed anomalies to evaluate Earth sys-
tem model simulations forced with COVID-19-like reductions in aerosols and green-
house gases. Most anthropogenic source regions do not exhibit statistically significant
changes in satellite retrievals of total or dust-subtracted AOD, despite the dramatic
economic and lifestyle changes associated with the pandemic. Of the regions consid-
ered, only India exhibits an AOD anomaly that exceeds internal variability. Earth
system models reproduce the observed responses reasonably well over India but ini-
tially appear to overestimate the magnitude of response in East China and when
averaging over the Northern Hemisphere (0°N-70°N) as a whole. We conduct a series
of sensitivity tests to systematically assess the contributions of internal variability,
model input uncertainty, and observational sampling to the aerosol signal, and demon-
strate that the discrepancies between observed and simulated AOD can be partially
resolved through the use of an updated emissions inventory. The discrepancies can
also be explained in part by characteristics of the observational datasets. Overall our
results suggest that current Earth system models have potential to accurately capture
the effects of future emission reductions.

The contents of this chapter appeared in Atmospheric Chemistry and Physics as
How well do Earth system models reproduce the observed aerosol response to rapid
emission reductions? A COVID-19 case study (Digby et al., 2024).
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3.1 Introduction

The emergence and rapid spread of COVID-19 in early 2020 had profound impacts
on both individual behaviour and the large-scale economy. Following the detection
of the first cases in Wuhan, China in December 2019 (World Health Organization,
2020a), and its categorization as a global pandemic in March 2020 (World Health
Organization, 2020b), countries around the world began to implement a range of
public health measures to limit the virus’ spread. In many regions these included
restrictions on public and private gatherings, domestic or international travel bans,
curfews, and in some cases, stay-at-home orders.

One consequence of these dramatic economic and lifestyle changes was a rapid
reduction in the emissions of aerosols and their precursors. This reduction has been
widely reported on, with the majority of studies falling into one of two categories.

The first, more extensive category consists of studies investigating changes in local
(predominantly urban) air quality during the pandemic. As summarized by Gkatzelis
et al. (2021), more than 200 papers on air quality changes were published in the
first 7 months of 2020 alone. These papers reported substantial reductions in major
pollutants including NO,, NO,,, O3, SOs, and particulate matter in cities around the
globe. The spread in estimates varied dramatically within and between geographic
regions. The intra-regional spread can be attributed in part to city- or nation-scale
heterogeneity and in part to methodological differences between studies. Notably,
Gkatzelis et al. (2021) found that approximately two thirds of these works did not
account for interannual or in some cases even seasonal variability in aerosol levels;
the importance of accounting for meteorological changes is emphasized in several
recent works (Deroubaix et al., 2021; Diamond and Wood, 2020; Goldberg et al.,
2020; Ordonez et al., 2020). There have, however, been many rigorous studies of air
quality changes (Chang et al., 2020; Jia et al., 2021; Ordéniez et al., 2020; Siciliano
et al., 2020; Venter et al., 2020; Al-Abadleh et al., 2021; Liu et al., 2021; Sokhi et al.,
2021; Wyche et al., 2021; Zhou et al., 2022; Kong et al., 2023).

The second category of COVID-19-based aerosol studies consists of model simu-
lations of regional or global climate responses to this reduction in emissions. These
studies, which include both idealized and proxy-based emission reduction scenarios
for 2020, have reported weak to negligible climate responses, with top of atmosphere
radiation changes comparable to interannual variability and changes in temperature

or precipitation unlikely to be detectable in observations (Fasullo et al., 2021; Fiedler
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et al., 2021; Forster et al., 2020; Fyfe et al., 2021; Gettelman et al., 2021; Jones
et al., 2021; Weber et al., 2020). These studies generally report reductions in zon-
ally averaged aerosol optical depth (AOD) at ~30°N in March 2020, and small or
non-detectable changes in global aerosol optical depth. The magnitudes of these
reductions are model-dependent and in some cases only detectable in the ensemble
mean.

Few studies have bridged these categories, comparing the observed and simulated
responses to the COVID-19 aerosol emission reductions. Among those studies that
have incorporated both observations and simulations, the simulations have generally
been used to help explain the observed changes by predicting control conditions in
the absence of a COVID-19 perturbation (Goldberg et al., 2020; Griffin et al., 2020;
Le et al., 2020; Hammer et al., 2021; Huang et al., 2021; Mashayekhi et al., 2021;
Li et al., 2022). No studies have yet leveraged the observed aerosol response to the
COVID-19 lockdowns for model evaluation purposes.

Reliable model simulations of the direct and indirect responses to a reduction in
aerosol emissions are crucial for policy development. The Shared Socioeconomic Path-
ways (SSPs; Riahi et al., 2017) and Representative Concentration Pathways (RCPs;
van Vuuren et al., 2011; Lamarque et al., 2011) all include a reduction in aerosol
emissions over the coming decades. Because aerosols are often co-emitted with green-
house gases (GHGs), some of these reductions will be the result of targeted air quality
legislation and some will be a side effect of climate policies. Depending on the sec-
tors targeted by these policy measures, and the resulting cocktail of aerosol species
that are affected, such reductions may lead to climate co-benefits or climate penal-
ties (von Salzen et al., 2022). These uncertainties are compounded by the fact that
aerosol-climate interactions remain one of the largest sources of uncertainty in future
climate projections (Szopa et al., 2021). Predictions of future air quality changes
are also highly uncertain (Szopa et al., 2021). The opportunity for model evaluation
afforded by the COVID-19 pandemic is thus invaluable. In particular, the COVID-19
pandemic demonstrates the impacts of a rapid emission reduction, whereas previous
observational constraints have been based on slower (e.g. decadal) emission trends
(e.g. Ramachandran et al., 2022; Lund et al., 2023). There are both practical and
scientific motivations for studying a rapid emission reduction. On the practical front,
a short-but-strong signal is easier to disentangle from other sources of variability;
we have continuous satellite observations that cover the entire study period; and the

period is short enough the instrument drift is unlikely to be a concern. Scientifically,
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model simulations indicate that the presence and severity of potential climate penal-
ties, including changes in mean and extreme temperatures and precipitation, may be
proportional to the rate at which emissions are reduced (Acosta Navarro et al., 2017;
Hienola et al., 2018; Samset et al., 2020; Shindell and Smith, 2019; Shindell et al.,
2012; Sillmann et al., 2013). Although we do not investigate the climate response
to COVID-19 in this work, understanding the aerosol response itself is an important
first step.

Both the air quality and climate impacts of a reduction in emissions depend on
the response of atmospheric aerosol concentrations to emission changes, which is
in general a complex and nonlinear dependence (Szopa et al., 2021; Kroll et al.,
2020). The climate effect further depends on the resulting changes in scattering and
absorption, which can be quantified in terms of aerosol optical depth. In this work we
consider changes in AOD, rather than concentration, since it is more readily available
from both model simulations and remotely sensed observations.

The models used in this work are taken from the COVID-19 Model Intercom-
parison Project (CovidMIP; Jones et al., 2021), which was developed to investigate
the effects of a COVID-19-like reduction in aerosols and greenhouse gases. Although
Jones et al. (2021) present an initial analysis of changes in aerosol optical depth, their
primary foci were the radiative and climatic responses to the COVID-19 perturbation,
and the drivers of the simulated aerosol changes were not investigated. Our analysis
provides the first detailed investigation of aerosol changes in the CovidMIP models,
as well as the first comparison between observed and CovidMIP-simulated changes.

In order to disentangle the signal of COVID-19 from other sources of AOD vari-
ability and model-observation discrepancy, we first derive a basic analytic framework
consisting of three assessment metrics, and then systematically assess the influence
of potential confounding factors on our results. This assessment is done by either
correcting for these factors directly or conducting sensitivity tests to quantify their
impacts on our metrics. The factors we assess are discussed in Section 3.2. Our
datasets are described in Section 3.3 and the metrics by which we assess them are
described in Section 3.4. Section 3.5.1 presents the results of our basic analysis, and
Section 3.5.2 describes our sensitivity tests. The implications of these results are

discussed in Section 3.6.
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3.2 Components of the AOD signal

Disentangling the signal of COVID-19 emission reductions from other sources of vari-
ability in an observed AOD field is a complex and nuanced task. Conducting robust
comparisons between observed and simulated responses is yet more involved. We be-
gin by highlighting the major considerations that need to be addressed in an analysis
of this type: sources of AOD variability; factors that contribute to discrepancies be-
tween simulated and observed AOD fields, no matter the quality of the atmospheric

model or satellite retrieval; and finally, the impacts of observational uncertainty.

3.2.1 AOD variability

Aerosol optical depth is determined by natural and anthropogenic emissions, the
chemical production of secondary aerosol species in the atmosphere, transport, and
microphysical processes. All of these processes are affected to various degrees by
meteorological conditions. Collectively, physical and chemical processes determine
not only the distribution of atmospheric aerosols, but the optical depth that results
from this aerosol burden.

Because these processes are highly interdependent, we simplify matters by group-
ing the drivers of AOD variability into three categories: variability in anthropogenic
emissions, natural emissions, and meteorological conditions. Anthropogenic emis-
sions vary over different timescales, including diurnal (e.g. weekday/weekend cycles
of traffic emissions), seasonal (e.g. with changing heating/cooling requirements) and
annual to decadal (e.g. due to socioeconomic changes and direct legislation). Natural
emissions also differ substantially from one year to the next: mineral dust and sea
salt emissions are strongly influenced by surface wind stress, and biomass burning
emissions vary with storm activity (wildfire ignition by lightning) and aridity (soil
moisture content, fuel availability). Once aerosols are in the atmosphere, their trans-
port is affected by atmospheric circulation, and their removal by precipitation and
dry deposition depends on hydrometeorological conditions, atmospheric stability, and
winds.

The above processes determine aerosol burden. The AOD that results from this
burden depends on the intrinsic characteristics of the aerosol (e.g. refractive index and
particle morphology, which can change in response to variations in emission source,
and whether components are internally or externally mixed) and on the ambient

conditions (e.g. via hygroscopic growth). Because these microphysical characteristics
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ultimately depend on the changes in emission and meteorological processes listed
above, we will consider them under the umbrella of those categories.

The observed AOD anomaly from Spring 2020 will combine these different fac-
tors, with the reduction in anthropogenic emissions due to COVID-19 making up an
unknown fraction of the total. Our analysis must therefore account for these different
sources of variability when assessing both the observed and simulated AOD signals.
In the following sections, we describe first the differences that would be expected
even if both models and observations were perfectly accurate, and then the impacts

of observational uncertainty.

3.2.2 Differences between observed and simulated AOD in the

absence of model error or observational uncertainty

Even given a hypothetical model that perfectly simulated atmospheric aerosol pro-
cesses, and perfectly accurate satellite retrievals, differences would still arise between
the observed and simulated AOD fields. These differences can be grouped into three
main categories. First, a freely running model would produce a different realization
of meteorological conditions than occurred in the real world, and so aerosols would
be subject to different emission, transport, and depositional processes. Second, any
errors in the model inputs (e.g. in the size of perturbation applied to represent
COVID-19) would translate into biased simulations. Finally, the simulated and ob-
served AODs would be recorded with different spatiotemporal sampling. Before any
differences between the observed and simulated responses to COVID-19 can be at-
tributed to model biases, then, these factors must be accounted for. (We discuss the
role of observational uncertainty separately, in Section 3.2.3.)

We address AOD differences stemming from the differences in the observed and
simulated realizations of the climate system in two ways. First, we compare AOD
anomalies during COVID-19 to the scale of internal variability, both by looking at
observed interannual variability over the reference period and by running ensembles
of simulations to sample the models’ internal variability. If an AOD anomaly is well
outside of typical interannual variability, then it is likely to have been caused by more
than just meteorological conditions. Equivalently, if the observed AOD change is well
outside of typical interannual variability but the simulated AOD change is not, or
vice versa, then the difference between these two responses is unlikely to be caused

by differences in the simulated and observed meteorological conditions. Second, we
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can run simulations nudged to meteorological fields taken from reanalyses to constrain
the simulated meteorological realization to be close to observations.

AOD differences arising from biases in the model input can be assessed by running
simulations where the input emission inventories are varied. In this work we assess
the sensitivity of our results to uncertainties in both the reference and COVID-19-
perturbed aerosol emissions in one model, and discuss the extension of these results
to the other models in our sample.

AOD differences can also arise from discrepancies between the spatial and tem-
poral sampling of the different datasets. A simulated monthly-mean AOD value is
the mean over all times of day and night, in all weather conditions. A satellite’s
monthly-mean AOD retrieval is the mean of AOD values collected at the satellite’s
particular overpass time, in clear-sky conditions (if it is a passive sensor), and at
times when the retrieval was successful and not prevented by a myriad of potential
limitations such as sun glint or complex terrain. We conduct a detailed assessment
of these sampling differences (Appendix 3.A.1) and demonstrate that in our data,
the discrepancies caused by sampling differences are much smaller than those due to

systematic biases between observed data products.

3.2.3 Observational uncertainty

The three categories of difference discussed in Section 3.2.2 would occur even if both
the model and satellite were perfect. However, satellite retrievals are characterized by
both systematic and random measurement errors (Povey and Grainger, 2015; Sayer
et al., 2020).

Estimation of retrieval biases and uncertainties is further complicated when con-
sidering quantities averaged in space and time. The degree to which individual re-
trieval errors are reduced by averaging depends on the relative contributions of ran-
dom and systematic components, which will vary both spatially and temporally (e.g.
Povey and Grainger, 2015; Young et al., 2018). Even if the uncertainty was due en-
tirely to random error, the effects of averaging would not be straightforward, since
there is no reason to expect that the retrievals would be independent or identically
distributed. Further complication arises when considering dust-subtracted aerosol
optical depths, since the task of discriminating between aerosol species is separate
from the determination of total AOD (Omar et al., 2009; Gkikas et al., 2021; Song

et al., 2021), and it is not obvious how the respective uncertainties would be propa-
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gated even if they could be individually constrained. Given these limitations, spatial
averages of remotely-sensed AOD are generally published without quantitative un-
certainty estimates.

Considering the above complications, we do not provide uncertainty estimates for
individual observational measurements. Instead we use the spread between observa-
tional products as an overall estimate of the uncertainty in the true AOD. As Ap-
pendix 3.A.1 demonstrates, this spread is due primarily to systematic biases between
products and not to differences in their spatiotemporal sampling. As Appendix 3.A.1
further demonstrates, however, agreement between datasets is substantially improved

when data are expressed as anomalies rather than absolute values.

3.3 Datasets

3.3.1 Model simulations

The COVID-19 Model Intercomparison Project (CovidMIP; Jones et al., 2021) was
developed to investigate the effects of a COVID-19-like reduction in aerosols and
greenhouse gases. It includes contributions from twelve Earth system models, all of
which had previously participated in the 6th Phase of the Coupled Model Intercom-
parison Project (CMIP6; Eyring et al., 2016).

The CovidMIP scenarios, detailed in (Forster et al., 2020), include the control
scenario, a “two-year blip” experiment, and three long-term recovery scenarios. The
two-year blip, which is the focus of this work, estimates aerosol and greenhouse gas
emission reductions from mobility data (Forster et al., 2020; Le Quéré et al., 2020)
for the period of Jan-June 2020; 66% of the June restrictions are then assumed to
persist until the end of 2021, after which emissions recover linearly to the baseline.
We limit our analysis to Jan-June 2020, for which the simulated emissions changes
are based on observational proxies rather than projections. Further details on the
calculation of these reductions, and an assessment of the sensitivity of our results to
uncertainties in their estimation, are presented in Section 3.5.2.

The control scenario used in CovidMIP is SSP2-4.5 (Riahi et al., 2017), a middle-
of-the-road scenario developed for the Scenario Model Intercomparison Project (Sce-
narioMIP, O’Neill et al., 2016) as part of CMIP6. The implications of this choice
of reference are explored in Section 3.5.2. Throughout this work, SSP2-4.5 is styl-

ized ssp245 when we are referring to a model simulation experiment, and written
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Table 3.3.1: CovidMIP models used in this chapter (in alphabetical order). “Pub-
lished 0d550dust?” column indicates whether mineral dust optical depths were
available on ESGF for each model.

Model Realizations Published 0d550dust? References
ACCESS-ESM1.5 30 1no Ziehn et al. (2020)
CanESM5.0 50 yes Swart et al. (2019)
MIROC-ES2L 30 yes Hajima et al. (2020)
MRI-ESM2.0 10 yes Yukimoto et al. (2019)
NorESM2-LM 10 yes Seland et al. (2020)
UKESM1-0-LL 16 1no Sellar et al. (2019)

as SSP2-4.5 when we are discussing the scenario more generally. The COVID-19-
perturbed experiment is referred to as ssp245-covid. We additionally use the terms
reference, control, and perturbed to refer to the 2015-2019 ssp245, 2020 ssp245, and
2020 ssp245-covid simulations respectively.

We use only those CovidMIP models for which aerosol concentrations were not
prescribed, and for which data were available on the Earth System Grid Federa-
tion (ESGF; https://esgf-node.llnl.gov/search/cmip6/). For the control ex-
periment ssp245, this requirement applies to the reference period (2015-2019) as
well as to the 2020 experiment period. In addition, much of our analysis utilizes
dust-subtracted optical depth, which is calculated by subtracting the aerosol optical
depth due to dust (CMIP variable name 0d550dust) from the total AOD at 550nm
(od550aer); however, 0od550dust is not published for all models. In total, four Covid-
MIP models met the data availability requirements for both total and dust aerosol
optical depths, and an additional two models met the above criteria for total aerosol
optical depth only. These six models, summarized in Table 3.3.1, sample the range of
global AOD anomalies and climatic responses simulated by the full CovidMIP suite
(Jones et al., 2021).

The most obvious outlier among these models is CanESMb5.0, which exhibits an
exceptionally large ensemble spread in AOD. This variability is caused by the produc-
tion of spurious tropospheric dust storms, which have been attributed to errors in the
tuning of mineral dust tracer parameters (Sigmond et al., 2023). Fortunately, only
the dust tracers were affected, and the dust-subtracted AOD is consistent with that
simulated by other CMIP6 models. This issue has since been corrected and will not
be present in CanESM5.1. For the purposes of this analysis, CanESM5.0 is excluded


https://esgf-node.llnl.gov/search/cmip6/
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from some analyses of total AOD.

Throughout this analysis, model results are described in terms of an ensemble
median and 5th-to-95th percentile range. When results are presented as spatially
averaged timeseries, the percentile range is calculated across the ensemble of spatially-

averaged values.

3.3.2 Remotely sensed observations

This work incorporates remotely sensed observations of both total and mineral dust
aerosol optical depths. The datasets used in our analysis are summarized in Ta-
ble 3.3.2 and described in Sections 3.3.2 and 3.3.2 respectively.



Dataset Name AOD DSAOD Instrument Satellite Type Conditions EOT References and Notes

MODIS-Aqua X MODIS Aqua passive cloud-free  1:30pm  (King et al., 2013; Platnick
et al., 2017)

MODIS-Aqua-MIDAS - MODIS Aqua passive cloud-free  1:30pm  AOD from MODIS-Aqua;
DOD from MIDAS (see Sec-
tion 3.3.2; Gkikas et al., 2021)

MISR b'e MISR Terra passive cloud-free  10:30am (Diner et al., 1998)

CALIOP-AllSky-Night X CALIOP CALIPSO active  all-sky 1:30am* (Winker et al.,  2009)
(CALIPSO  official  prod-
uct)

ACROS-C X CALIOP CALIPSO active  cloud-free  1:30am* (Song et al., 2021; Yu et al.,

2015) (Developed by ACROS
group)

Table 3.3.2: Observational datasets used in this chapter. Columns “AOD” and “DSAOD” indicate whether this dataset
is used in our analyses of total and dust-subtracted optical depths respectively. “EOT:” Equatorial overpass time (local

time). *: orbit changed in Sept 2018.

0¥
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Satellite observations of total AOD are taken from the Moderate Resolution Imag-
ing Spectroradiometer (MODIS; King et al., 2013; Platnick et al., 2017), Multi-angle
Spectral Radiometer (MISR; Diner et al., 1998), and the Cloud-Aerosol Lidar with
Orthogonal Polarization (CALIOP; Winker et al., 2009). Level 3 gridded, monthly
mean products are used from all three instruments. We additionally include an AOD
estimate derived from CALIOP data by the Aerosol, Cloud, Radiation - Observation
and Simulation (ACROS) group at the University of Maryland, Baltimore County
(ACROS-C; Song et al., 2021), described further in Section 3.3.2.

There are two MODIS instruments, mounted on the Aqua and Terra satellites.
We use MODIS Aqua data in our main analysis, due to an identified high bias in the
MODIS Terra calibration (Levy et al., 2018), but compare with MODIS Terra data in
Appendix 3.A.1. The MISR instrument is mounted on Terra, and observes a smaller
swath within the footprint of MODIS-Terra. As passive sensors, both MODIS and
MISR observe only during the day and in cloud-free conditions. In contrast, CALIOP
— onboard the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation
(CALIPSO) platform — is an active lidar sensor and so can take measurements during
the day or night. Because the absence of a solar background means that CALIOP’s
AOD has lower uncertainties at night (Young et al., 2018), we use the all-sky nighttime
product in our main analysis. This product is compared with the cloud-free daytime
product in Appendix 3.A.1 to help quantify the effects of sampling differences between
different datasets. Terra and Aqua have daytime equatorial overpass times of 10:30am
and 1:30pm respectively. CALIPSO initially orbited in the same satellite constellation
as Aqua, but in September 2018, moved to a lower orbit to maintain coincident
measurements with CloudSat (ASDC, 2018).

AOD retrieved from MODIS is generally biased high relative to ground-based
AERONET measurements (Wei et al., 2020; Levy et al., 2018), while AOD from
MISR and CALIOP is generally biased low (Kahn et al., 2009; Schuster et al., 2012);
AERONET is widely considered the gold standard for the evaluation of satellite AOD
retrievals, despite limitations in its spatial representativity (Schutgens et al., 2020),
because AERONET uncertainties are substantially lower than those from satellites.
MODIS is also generally biased high, and MISR and CALIOP biased low, when
comparing with other remotely sensed and reanalysis datasets that are available for
shorter periods of time (Vogel et al., 2022). As demonstrated in Appendix 3.A.1,
the spread in AOD estimates retrieved from these three datasets is dominated by

systematic biases and not by sampling differences. Thus the spread between these
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datasets, which spans the range of AOD available from ground- and space-based

instruments, provides a reasonable estimate of current observational uncertainty.

Dust optical depth

Much of this analysis considers dust-subtracted aerosol optical depths. Neither MODIS
nor MISR produce a dust-specific product. However, other research groups have com-
bined MODIS retrievals with auxiliary data to derive estimates of dust optical depth.
In this work we use the ModIs Dust AeroSol (MIDAS; Gkikas et al., 2021) product,
which combines total AOD from MODIS Aqua with an estimate of the dust-to-total
ratio from the MERRA-2 reanalysis, to estimate the dust optical depth from MODIS
Aqua. MIDAS also publishes a total optical depth estimate, which applies additional
filters to the MODIS dataset. Our results are insensitive to the choice of MIDAS or
MODIS total aerosol optical depth; we use MODIS Aqua in the analysis presented
here.

CALIOP determines the composition of aerosol layers using a combination of
retrieval information (depolarization ratio, integrated attenuated backscatter, layer
height) and information about the underlying surface (Omar et al., 2009; Kim et al.,
2018). The aerosol subtyping algorithm identifies seven tropospheric aerosol types,
including dust, polluted dust, and dusty marine. However, these are separate clas-
sifications (e.g. “dust” refers only to clean dust, whereas “polluted dust” refers to
dust mixed with urban pollution or biomass burning smoke) and there is no estimate
of the total dust optical depth (Omar et al., 2009). We present results using the
“dust” product (AOD_Mean_Dust) but acknowledge that it does not capture the
entire contribution of dust to AOD, particularly in heavily polluted regions.

The ACROS-C dataset is included in our analysis to provide a secondary estimate
of dust optical depth from CALIOP retrievals. ACROS-C uses the lidar depolarization
ratio to distinguish dust by shape (Yu et al., 2015; Song et al., 2021). The ACROS
group also publishes a MODIS-based dust optical depth product, but this dataset is

not available for 2020 so is excluded from our analysis.

3.4 Methods: quantifying the impacts of COVID-19

In the Introduction, we presented two motivating questions for this work: First,

do observations exhibit a detectable response to the COVID-19 emissions reductions?
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And second, how well do current models reproduce this response? Here we present the
quantitative metrics by which these questions are addressed. Throughout, anomalies
are calculated relative to the 2015-2019 March-April-May (MAM) mean.

For the models, we consider a COVID-19 response to be “statistically significant”
if there is a statistically significant difference between the control and COVID-19-
perturbed ensemble means in 2020, based on a two-sided Students t-test. Because
the only difference between the control and perturbed ensembles is the absence or
presence of a COVID-19 perturbation, we can compare the ensembles directly and
avoid the challenge of disentangling year-to-year changes in the underlying anthro-
pogenic emissions from internal variability between realizations. Note, however, that
this test is sensitive to ensemble size and that a larger ensemble will be more likely
to yield a significant response.

Defining detectability for the observations is more challenging, because there is
no “control observation” from which to estimate the AOD that would have been
measured in 2020 had COVID-19 not occurred. It would not be sufficient to use
the mean and variance calculated from the reference period as a control: using the
mean would neglect the impacts of underlying trends in the emissions, and a five-year
reference period is too short to provide a robust estimate of the variance. Instead we
borrow an approach from the field of detection and attribution (Eyring et al., 2021)
and compare the ensemble of observed anomalies to a multimodel control ensemble
(MMEc) constructed by randomly drawing an equal number of control simulation
anomalies from each model. This comparison relies upon two assumptions: that the
models realistically simulate internal variability, and that they capture any underlying
trends in AOD over the reference period. These assumptions determine the spread
and best estimate, respectively, predicted by the MMEc.

We assess the first of these assumptions by comparing observed and simulated vari-
ability over the reference period in our regions of interest. We calculate the variance
of the region-mean AOD field over the reference period for each simulated ensemble
member, the MMEc, and the observational datasets, and compare the spread in these
estimates of variance. Although individual models may over- or underestimate the
interannual variability in some regions, we cannot reject the null hypothesis that the
MMEc and observations have the same interannual variability, based on a two-sided
Welch’s t-test. The only exception is for India, where the MMEc overestimates the
variability in total and dust-subtracted aerosol optical depth; as a result, estimates

of observational detectability will be conservative (i.e., anomalies are less likely to
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be found to be statistically significant). In a similar analysis of the variability over
a longer baseline (2007-2019), using a subset of models for which these data were
available, the total-AOD variability of the MMEc is consistent with that of the ob-
servations in all four regions.

Having determined that it is reasonable to treat the simulations and observations
as having similar internal variability, we derive a statistical test with which to compare

observed and simulated AOD anomalies. We use a modified Welch’s t-test of the form

X, - X 2 3
=L 72 where sz = SR} (3.4.1)
SA ny N

where s? and s3 are unbiased estimators of the variance in the simulations and
observations respectively. As outlined above we assume that the observations and
simulations have the same variance due to internal variability, s7, which we calculate
from the simulated ensemble spread in the year under consideration. The observations
additionally have a contribution to their variance due to observational uncertainty,
s2, calculated from the spread in observational estimates in that year. The total
variance in the observations is then s3 = s2 + s7. We use this t-test to determine
whether the observed anomaly is statistically significant, through comparison with
the MMEc, and to determine whether the individual models’ simulated anomalies are
consistent with the observed anomaly, by comparison with the control and perturbed
experiments in turn. We present results for t-tests performed on region-mean values;
using spatially-resolved comparisons adds little information and does not change our
results.

The second assumption, that the models capture any trends in AOD over the
reference period, may break down in some geographic regions. However, although
some regions have nonstationary anthropogenic emissions over the 2015-2019 reference
period, we do not detrend our datasets. With only a five-year baseline, the observed
timeseries is heavily influenced by interannual variability which masks underlying
trends in anthropogenic emission changes. With a longer baseline, the assumption
of a linear trend would be unfounded; China, for example, had steadily-increasing
anthropogenic aerosol emissions until their implementation of the Action Plan on
the Prevention and Control of Air Pollution in 2013, since which emissions have been
rapidly declining (Zheng et al., 2018). Given these limitations we work with anomalies
calculated relative to the 2015-2019 mean but discuss the impacts of underlying trends

on our results throughout.
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3.5 Results

3.5.1 Comparison between observations and CovidMIP mod-

els

We begin with an assessment of the changes in total and dust-subtracted AOD during
the COVID-19 lockdown periods. Four regions are selected for analysis: the North-
ern Hemisphere (restricted to 0-70°N), and three major anthropogenic aerosol source
regions, namely East China (100-122°E, 20-40°N), India (70-90°E, 5-30°N), and Eu-
rope (10°W-35°E, 35-70°N). East China and India were defined following Wang et al.
(2021), with the India domain extended south to include all of Sri Lanka, and the Eu-
ropean domain was selected to maximize (minimize) the land (ocean) enclosed. The
Northern Hemisphere domain was restricted to 0-70°N to enable comparison with
observations. The boundaries of these regions are illustrated in Figure 3.A.7.

The timing of the strictest lockdowns, as defined by the Oxford Stringency Index
(Hale et al., 2021), varies between these regions but occurs for all between March and
May of 2020. To aid in inter-region comparisons, and to increase the signal-to-noise
ratio over what would be obtained from analyses of single months, we evaluate the

MAM-mean anomaly in all four regions.

Response of total AOD to the COVID-19 emission reductions

The observed and simulated total AOD anomalies over 2015-2020 are summarized in
Figure 3.5.1. Of the four regions assessed, only India exhibits a statistically significant
observed response to the COVID-19 lockdowns. In East China and Europe, the
observed anomalies are clearly within the range of interannual variability over the
reference period. In the Northern Hemisphere, two of the four observational products
suggest anomalously low AOD compared to the preceding 5 years, although this
excursion is less clearly anomalous when considering the apparent negative trend in
AOD; the other two data sources do not show particularly large anomalies.
Simulated results vary from model to model. In the Northern Hemisphere, two
of the six models exhibit statistically significant differences between the control and
perturbed anomalies, but in most cases, both the control and perturbed ensembles
are consistent with the observed anomalies in this region. In East China, four of the
six models exhibit a statistically significant COVID-19-perturbed anomaly, which in

general appears to be over-estimated: in these models, there is a statistically sig-
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Figure 3.5.1: MAM-mean AOD anomalies in CovidMIP models (colour, ensemble
sizes noted in parentheses) and in remotely-sensed observations (black), in the North-
ern Hemisphere and in 3 major source regions. The left-hand portion of each panel
shows timeseries of AOD anomalies over 2015-2020, with datasets denoted as per
the upper legend. For the simulations, lines and shaded envelopes indicate ensemble
medians and 5th to 95th percentile ranges respectively. The right-hand portion of
each panel plots the 2020 AOD values: two points for each model, corresponding
to the control and COVID-19-perturbed simulations (square and diamond markers
respectively, with error bars showing the 5-95% ensemble range), and one point for
each observational data product (black outlines, no error bars). These points are
formatted according to the results of our statistical comparisons, as summarized in
the lower legend. In this legend, the blue-coloured and star-shaped markers represent
simulated and observed datasets respectively, each of which is plotted with a differ-
ent colour/marker as indicated in the upper legend. Model simulations that exhibit a
statistically significant COVID-19 response (i.e., separation between control and per-
turbed ensembles) are plotted with filled symbols, and those that do not are plotted
with open symbols. Black dots indicate simulated anomalies that are not significantly
different from the ensemble of observed anomalies. The single, black-outlined square
with error bars, plotted between the simulated and observed anomalies, shows the
MMEc against which observations are compared. If there is statistically significant
separation between the MMEc and observations (i.e., a detectable observed response),
then both the MMEc and observations’ markers have a solid fill. Note that the 4 pan-
els have different vertical scales. Note also that because of the spuriously large AOD
spread in CanESM5.0, only the ensemble median is shown in the timeseries; the 2020
ensemble ranges extend beyond the limits of the figure.
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Figure 3.5.2: As Figure 3.5.1, but with the dust contribution removed from the optical
depth. The ensemble spread is shown for CanESM5.0 here, unlike in Figure 3.5.1,
since subtracting off the dust component removes the spuriously high AOD variability
in this model.

nificant between the observations and the perturbed ensemble, but not between the
observations and the control. In India, like East China, four of the six models simulate
statistically significant separation between the control and perturbed ensembles. Un-
like in Fast China, however, these responses are in good agreement with the observed
anomalies: four of the perturbed ensembles are consistent with the magnitude of the
observed ensemble, whereas only two of the control ensembles are. Finally, there is
also good agreement between the observed and simulated anomalies in Europe: only
one model shows a statistically significant perturbation, and in all models, both the
control and perturbed ensembles are consistent with the observed anomalies.

The existence of some disagreement between the observed and simulated responses
is not unexpected. As outlined in Section 3.2, the total-AOD signal is influenced by
many factors beyond the changes in anthropogenic emissions. The impacts of these

factors are assessed in the following sections.

Response of dust-subtracted AOD to the COVID-19 emission reductions

We next investigate the AOD signal when the contribution from mineral dust has
been removed (dust-subtracted AOD, or DSAOD). In our regions of interest, the
variability in total aerosol optical depth is dominated by the variability in mineral
dust, which was not directly impacted by COVID-19 lockdowns. Its presence may
thus substantially mask any anthropogenically-driven AOD changes. Although dust
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emission could have been indirectly affected via, e.g., changes in temperature or
precipitation induced by COs or aerosol changes during the COVID-19 lockdowns,
we expect these effects to have been small; as described above, simulations suggest
only weak climate responses to the COVID-19 emission changes.

Figure 3.5.2 reproduces Figure 3.5.1 but for DSAOD, showing results from the
four CovidMIP models for which dust optical depths were available. As with the
total AOD, an observed response is only detectable in India. Accounting for the role
of dust improves model-observation agreement in this region, with all four models
assessed exhibiting significant COVID-19 responses that agree with the magnitude
of the observed anomaly. This improvement is partially due to the fact that the
observed dust optical depth was anomalously low in 2020, as seen in our results and as
reported elsewhere (Smith et al., 2022; Wei et al., 2022). Because the simulations were
allowed to evolve freely, they would not in general have reproduced the meteorological
conditions that led to this anomaly.

Because we are using CALIOP’s clean dust product, the DSAOD we calculate
still contains contributions from dust that is mixed with pollution or marine aerosol.
The negative 2020 anomaly observed in India by CALIOP may thus be due in part
to the anomalously low dust optical depth noted above. If this is the case, the fact
that the simulations are in qualitatively better agreement with the CALIOP anomaly
than the MODIS anomaly might suggest that the simulations are overestimating the
“true” DSAOD reduction. Reassuringly, however, the ACROS estimate is in good
agreement with both the CALIOP estimate and the observations, despite using an
independent method to estimate dust optical depth.

Good agreement between the observations and simulations is also found in Europe.
Despite model-to-model differences in the DSAOD trend over the reference period,
all models simulate both control and perturbed ensembles that are consistent in
magnitude with the ensemble of observations. Although three of the four models
simulate statistically significant perturbations, whereas the observations do not show
a statistically significant response, the magnitudes of the simulated perturbations are
very small (indeed, smaller than the spread in observed anomalies).

Models appear to overestimate the DSAOD response to COVID-19 in the East
China and Northern Hemisphere domains. The overestimation is more ubiquitous in
East China, where only NorESM2-LM simulates a COVID-19 perturbation consistent
in magnitude with the observed anomaly. CanESM5.0 and MIROC-ES2L simulate

somewhat larger (more negative) anomalies in this region. The fourth model, MRI-
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ESM2-0, exhibits substantially different behaviour than the others due to a much
steeper trend through the reference period. When the Northern Hemisphere (0°N-
70°N) is considered as a whole, two of the models simulate perturbations consistent
with the observed anomaly, and two overestimate the AOD reduction. The spatial
origins of these overestimations differ: in MRI-ESM2-0, the Northern Hemisphere-
averaged anomaly is due almost entirely to the strong negative anomaly over Asia; in
CanESM5.0, ensemble-median anomalies are negative throughout the entire region
(Figure 3.A.8).

Given the short reference period and substantial interannual variability of the
observations, it is challenging to identify whether the simulated trends are represen-
tative of those observed. In East China there is some indication that the models
may simulate marginally more negative trends than the observations (more visible in
the raw data shown in Figure 3.A.6, and when the 2020 anomaly is not included in
the timeseries, and consistent with the results of (Lund et al., 2023) for trends over
2005-2017), which could imply that the MMEc may inadequately represent the range
of plausible “control observations.” However, this discrepancy — if it exists — does
not appear sufficient to explain the absence of a statistically significant anomaly in
the observations. Visual inspection suggests that the observed 2020 anomalies are
consistent with DSAOD excursions measured over the preceding 5 years, even taking
any potential trends into account, whereas the simulations show an obvious decrease
in 2020. This behaviour is particularly clear when considering the raw data shown in
Figure 3.A.6.

3.5.2 Sensitivity tests

Having established the magnitude of the observed optical depth anomaly in Sec-
tion 3.5.1, and identified a number of discrepancies between this anomaly and those
simulated by the CovidMIP models, we now conduct a series of sensitivity tests to
probe the influence of potential confounding variables on the above results. These
sensitivity tests are conducted using CanAMS5 (Cole et al., 2023), the atmospheric
component of CanESM5. Specifically we use CanAMS5.1, a version of the model in
which the spurious dust storms have been corrected through retuning of the hybrid
tracer parameters (Sigmond et al., 2023). The complete details of these tests are

provided in Appendix 3.A.3.
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Sensitivity to control emissions

In CovidMIP, the COVID-19 perturbation was applied to the SSP2-4.5 baseline. This
inventory was developed in the 2010s as a projection for the years 2015-2100 (start-
ing from proposals by (Krieler et al., 2012) and (van Vuuren et al., 2012)), and has
known differences from the true emissions that have occurred since its development.
In particular, it did not account for recent clean air legislation in China, which has
substantially reduced the emission of aerosols and their precursors since the early
2010s (e.g. Wang et al., 2021; Zheng and Unger, 2021; Paulot et al., 2018). Further-
more, biomass burning emissions in SSP2-4.5 are described by a linear projection
which does not capture the high interannual variability of these sources.

We investigate the sensitivity of our results to biases in the baseline emissions
inventories by constructing updated inventories for both anthropogenic and biomass-
burning aerosol emissions, and using these inventories to run 10-member ensembles
in CanAMb).1. Anthropogenic emissions are based on the 2021-04-21 release of the
Community Emissions Data System (CEDS) emission inventory (Smith et al., 2021),
which provides emissions estimates up to 2019, and year-specific biomass burning
emissions are taken from the Global Fire Emissions Database (GFED v4.1s). Details
of the inventory construction and model configuration are provided in Appendix 3.A.3.

These simulations ( “CanAM-new-emis”) are compared to the original CanESM5.0
ensemble in Figure 3.5.3, which shows dust-subtracted aerosol optical depths as in
Figure 3.5.2. In all regions except India, updating the baseline emissions inventory
reduced the median separation between control and perturbed ensembles, because
the COVID-19 perturbation was applied as a percent change to a smaller initial
value (Figures 3.A.9, 3.A.11). The effects of this reduction vary: in East China, the
update is sufficient to bring the simulated COVID-19 signal into agreement with the
observed anomaly (i.e., the separation between observed and simulated ensembles is
no longer statistically significant), whereas in the Northern Hemisphere the simulated
response is brought somewhat closer to the observations but the difference remains
significant. In Europe the main effect of the update is to remove the simulated trend
over the 2015-2019 reference period, bringing the simulations into qualitatively better
agreement with the observations over this period and reducing the 2020 anomalies to
which the trend had contributed. In India, emissions were largely unaffected by the
update, so the results do not change except for the loss of the large-negative-anomaly

tail on the perturbed distribution. This change could be due either to the updated
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Figure 3.5.3: As Figure 3.5.2, but comparing dust-subtracted AOD in the 3 CCCma
simulations: CanESM5.0 (the original CovidMIP implementation), CanAM-new-emis
(an atmosphere-only simulation with updated anthropogenic and biomass-burning
aerosol emissions; Section 3.5.2), and CanAM-new-emis-ndgd (as CanAM-new-emis,
but nudged to meteorological fields taken from ERA5 reanalysis; Section 3.5.2). The
MMEc in this figure is drawn from CanESMS5.0, CanAM-new-emis, and CanAM-
new-emis-ndgd; using the MMEc from Figure 3.5.2 does not change the statistical
significance of the observed anomaly.

inventory or to the reduced ensemble size.

These results suggest that in India, inferences drawn from the other CovidMIP
models will likely not be affected by biases in the underlying baseline inventory as
long as the applied perturbation is realistic. In the Northern Hemisphere, East China,
and Europe, the apparent overestimation of the COVID-19 response identified in
CanESM5.0, MIROC-ES2L, and MRI-ESM2-0 may have been partially caused by
overestimates of the control emissions and thus of the absolute magnitude of the
COVID-19 disruption. Confirming this hypothesis is beyond the scope of this work.
The changes in DSAOD magnitude through the reference period which occur as a

result of the updated emissions are explored in Section 3.6 and Appendix 3.A.3.

Sensitivity to meteorological conditions

Once aerosols have been emitted, the aerosol burden that remains in the atmosphere
and the optical depth that this burden produces are determined by the meteorological
conditions. We assess the degree to which meteorological conditions impacted the
magnitude of the apparent COVID-19 response using a second CanAM5.1 experiment,
CanAM-new-emis-ndgd.
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CanAM-new-emis-ndgd simulations were nudged to temperature, wind, and hu-
midity fields taken from the European Centre for Medium-Range Weather Forecasts
(ECMWF) 5th Generation Reanalysis (ERAB; Hersbach et al., 2020); details of this
nudging process are described in Appendix 3.A.3. Anthropogenic and biomass burn-
ing aerosol emissions in CanAM-new-emis-ndgd were taken from the same updated
inventories as were used in CanAM-new-emis.

A comparison between the absolute AOD simulated by CanESM5.0, CanAM-
new-emis, and CanAM-new-emis-ndgd is provided in Appendix 3.A.3. The degree
to which updating the inventory and nudging towards ERA5 reanalysis improves the
agreement of CanAMS5.1 with the observed AOD fields (in terms of both average mag-
nitude and the pattern of interannual variability) varies from region to region and,
in the Northern Hemisphere region, depends on which satellite dataset is considered
as reference. In general the nudged simulations exhibit higher interannual variability
than the free-running simulations do, although this variability generally falls within
the envelope of the larger coupled ensemble. In Europe, the nudged ensemble exhibits
substantially higher interannual variability than do either of the free-running ensem-
bles or the observations, indicating that the model may underpredict the variability
of and AOD sensitivity to temperature, winds, and/or humidity in this region.

Results from CanAM-new-emis-ndgd are compared with CanAM-new-emis and
CanESM5.0 in Figure 3.5.3. Because the ensemble spread in CanAM-new-emis-ndgd
is negligible, we can assume that any difference between the control and perturbed
ensembles is due to the signal of COVID-19 and not to internal variability. Tt is
worth noting that the meteorological fields towards which the simulations were nudged
may themselves have been impacted by the COVID-19 emission reductions. For
instance, a reduction in scattering aerosols could have resulted in local warming.
The control and perturbed CanAM-new-emis-ndgd simulations are therefore not fully
independent. However, in all regions except Europe, the separation between the
control and perturbed CanAM-new-emis-ndgd ensembles is large enough that this
effect is unlikely to materially affect our conclusions.

The 2020 anomalies in the nudged simulations, considered in the context of the
variability differences between datasets, are largely consistent with those from the
free-running simulation CanAM-new-emis. In East China, both CanAM-new-emis-
free and CanAM-new-emis-ndgd simulate lower interannual variability than do the
observations; the pattern of variability is perhaps somewhat improved in the nudged

ensemble. In the previous section we found that updating the emissions inventory
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substantially reduced the magnitude of the perturbed anomaly, bringing it into agree-
ment with the observed anomaly. In that model configuration, both control and
perturbed ensembles simulated 2020 anomalies that were consistent with the obser-
vations. Nudging results in a small positive shift in both the control and perturbed
anomalies, such that the control moves just outside the range of the observed en-
semble. However, since the difference between the control and the observations is
substantially smaller than the spread in observational estimates, it is reasonable to
describe the nudged control ensemble as still qualitatively agreeing with the observa-
tions.

In India, the nudged control ensemble exhibits a positive anomaly suggesting
that meteorological conditions may in fact have partially masked the strength of the
COVID-19 response. Because the observed interannual variability is reproduced less
well in the nudged than the free-running simulations, detailed comparisons between
the observed and simulated 2020 anomalies would not be robust; however, it is reas-
suring to note that the 2020 perturbed anomaly is in excellent agreement with the
observations, and the results of our statistical comparisons remain unchanged.

In Europe the nudged ensemble exhibits higher interannual variability than do ei-
ther of the free-running simulations. The pattern of positive and negative anomalies
is consistent with, although substantially amplified relative to, observations from
MODIS-Aqua; however, this pattern of variability is not reproduced in the two
CALIOP-derived datasets. The simulated COVID-19 perturbation is small relative
to this variability and, as in all previous ensembles, the control and perturbed 2020
anomalies are both consistent with the observed ensemble.

When averaged over the entire Northern Hemisphere (0°N-70°N), neither the free-
running nor nudged ensembles reproduce well the observed pattern of interannual
variability. Overall, our results here are unaffected by nudging: the control ensemble
is consistent with the observed anomalies, and the perturbed ensemble values are too
negative.

In all regions, the separation between the control and perturbed CanAM-new-
emis-ndgd ensembles is on the order of the spread in observational estimates, sug-
gesting that further observationally-based model evaluation may not be feasible given
current observational uncertainties. Improving observational constraints beyond this
point would require substantially reducing the differences between remotely sensed

products retrieved using different instruments and algorithms.
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Figure 3.5.4: Effects of varying the magnitude of the simulated COVID-19 pertur-
bation in CanAMS5.1. The control simulation, nudged to ERA5 fields, is shown in
orange. The remaining symbols show simulations forced with COVID-19 perturba-
tions half, one, and two times the magnitude of the original CovidMIP perturbation.
All simulations use the updated baseline inventory introduced in Section 3.5.2.

Sensitivity to perturbation size

Finally, in this section we address the potential impact of uncertainties in the pertur-
bation applied to simulate COVID-19. Although as stated above our observational
constraints of model performance are limited by observational uncertainty, it is still
informative to understand how sensitive our comparisons are to uncertainties in the
perturbation size.

The aerosol emission reductions used in the simulations considered to this point
were estimated from mobility data by (Forster et al., 2020) and gridded for use in
CovidMIP by (Lamboll et al., 2021). In brief, the reductions were determined as
follows. Google mobility data were used to estimate the country-by-country reduc-
tion in activity at transit stations and at residential, workplace, retail, and recreation
locations, with Apple mobility data used as a secondary check. These reductions
were then used to estimate sector-by-sector COs emission reductions following the
methodology of (Le Quéré et al., 2020) but using the mobility-data-derived estimates
of activity changes in each sector. The original (Le Quéré et al., 2020) estimates, de-
rived from an estimate of “confinement level” on a scale of 1-3 based on government
and media reporting, were used for countries for which mobility data were unavail-
able (notably for our analysis, this includes China) and for aviation and shipping

sectors. Non-COsy emissions for 2020 were then determined by scaling each species’
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2015 emissions by the ratio of CO, emissions in 2015 and 2020. This scale factor was
determined uniquely for each country and sector.

This approach has the advantage of being self-consistent and bottom-up, but
does come with a number of limitations. Notably, mobility data may not be a good
proxy for emission changes in all sectors (e.g. some industries may have background
emission even in the absence of active production), and changes in Apple or Google
mobility data may overestimate the actual reduction in traffic (e.g. there may be a
correlation between the subset of the population who have smartphones and those
who have the opportunity to work from home, particularly in less-affluent nations).
(Gensheimer et al., 2021) measured differences of up to 60% between mobility data
and local traffic changes, and could not determine a unique functional relationship
between these quantities that applied in all regions. Finally, CO5 and non-COs species
have not evolved in tandem at the country/sector level over 2015-2020 (Smith et al.,
2021), so scaling all species by changes in CO, introduces further error to the analysis.
There is thus substantial uncertainty in the CovidMIP emission reductions.

We perform a sensitivity test by running nudged, baseline-corrected CanAMS5.1
simulations with a range of perturbation strengths: no perturbation (the control),
and perturbations of half, one, and two times the original CovidMIP experiment. We
simulate only a single realization of each because, as demonstrated in Figure 3.5.3,
nudging effectively removes all ensemble spread in AOD.

Given the uncertainty in the observations, and the fact that nudging does not re-
sult in particularly good agreement with the observations (Figures 3.A.11 and 3.A.12),
it is not constructive to directly compare the magnitude of the observed and simu-
lated AOD anomalies as a function of perturbation strength. However, comparing
the spread in the observations to the spread in simulated responses to different per-
turbation strengths can indicate whether or not uncertainties in the perturbation
would affect our model evaluation results (i.e. whether they would be visible over the
observational uncertainty).

The results of these simulations are presented in Figure 3.5.4. In all regions, the
spread in the observed anomalies is larger than the separation between the control
and half-strength, or half- and full-strength, simulated perturbations. So although a
doubling of the perturbation strength is clearly inconsistent with the observations,
uncertainties of up to ~50% would not impact our model evaluation assessment. In
Europe, the perturbation strength could be very nearly doubled without the spread

exceeding observational uncertainties. In conclusion, modest uncertainties in the
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perturbation size are unlikely to have impacted our results in the preceding sections.

3.6 Discussion and conclusions

3.6.1 Summary and synthesis

In this work we have used remotely-sensed observations of AOD changes from the
spring of 2020 to evaluate the response of aerosol optical depth to emission changes
in CMIP6-class models from the CovidMIP project. We then performed sensitivity
tests in CanAMS5, the atmospheric component of CanESMb, to assess the influence
of model inputs and meteorological variability on our comparison.

The response of total aerosol optical depth to the COVID-19 emission reductions
is, unsurprisingly, very small and not statistically detectable in most regions. Aerosols
are characterized by substantial interannual variability, many drivers of which were
not affected by the COVID-19 lockdowns. Detection of a response is further hampered
by biases in model inputs and by uncertainty in the observations.

When the mineral dust component has been removed from aerosol optical depth
measurements, good agreement between the observed and simulated responses is
found in India (where both exhibit a significant COVID-19 response) and in Eu-
rope (where a difference can only be detected in the simulated ensemble means, and
where both control and perturbed anomalies are consistent with the observations).
Models appear to overestimate the COVID-19 response in the Northern Hemisphere
generally and in East China specifically, although our results suggest that a more
accurate emissions inventory can reduce this discrepancy. Our conclusions appear to
be insensitive to modest uncertainties in the magnitude of the simulated COVID-19
perturbation, in part because of the large spread in observational estimates of the
COVID-19 response. This spread, which is caused by systematic biases between the
different datasets, prohibits a more detailed evaluation of the simulated response.

The sensitivity studies presented here incorporate aerosol emission inventories
which have been updated from the SSP2-4.5 scenario used in the original CovidMIP
experiment. As well as altering the magnitude of the COVID-19 perturbation, these
updates cause important changes in the magnitude of DSAOD simulated through
the reference period. In Appendix 3.A.3 we decompose simulated changes in the
magnitude of DSAOD over 2015-2019 into reductions caused by changes in anthro-

pogenic emissions, biomass burning emissions, and model configuration (coupled vs
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atmosphere-only). In all regions, DSAOD was reduced in CanAM-free from the orig-
inal CanESM5.0 CovidMIP simulation, but the relative contributions to this reduc-
tion varied. In East China, the reduction in anthropogenic emissions dwarfed other
changes, causing a 30% decrease in DSAOD over the reference period compared to
only an 8% reduction from model configuration. Emission- and configuration-induced
changes were comparable in India, and model configuration had a larger effect in Eu-
rope. Averaged over 0-70°N, emission inventory and model configuration caused com-
parable reductions in simulated DSAOD; increased boreal latitude (50-60°N) biomass
burning partially compensated for decreases in anthropogenic emissions. We empha-
size that the changes in DSAOD stemming from model configuration led mainly to
a systematic offset and had little impact on the anomalies considered in our main
analysis.

The impact of anthropogenic emission inventory on total AOD and aerosol ra-
diative forcing have been recently investigated by Lund et al. (2023), who compare
simulations using the two CEDS inventories analyzed here, as well as emissions from
ECLIPSE v6. Although they do not assess the impacts of biomass burning emissions
and they look at total rather than dust-subtracted AOD, their findings are gener-
ally consistent with those presented here. In particular they identify a reduction in
AOD and improved agreement with observational trends over 2005-2017, dominated
by reductions in emissions over East Asia.

There exist substantial differences in biomass burning emissions between different
inventories (Pan et al., 2020). We have used GFED v4.1s, which is among the low-
emission datasets; it is possible that a different biomass burning inventory may have
been more accurate. However, since in three of our four regions the MAM biomass
burning emissions are small compared to anthropogenic emissions, this choice is un-
likely to affect our results. If an underestimation of biomass burning emissions or
their variability did impact our results, it would likely be in the Northern Hemi-
sphere domain. Not only does the Northern Hemisphere as a whole contain a higher
proportion of biomass burning to anthropogenic emissions, but emissions are poorly
constrained in the boreal latitudes due in part to a scarcity of observational data
(Pan et al., 2020).

In East China, discrepancies between observed and simulated anomalies may also
be due in part to processes that were not captured in the models. It has been
well documented that a combination of stagnant meteorological conditions, including

an unusually weak East Asian winter monsoon, and a highly polluted background
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resulted in haze production when emissions decreased (Gao et al., 2022; Chang et al.,
2020; Huang et al., 2021; Kong et al., 2023; Le et al., 2020; Li et al., 2021; Shi
and Brasseur, 2020; Wang et al., 2020; Xu et al., 2020; Zhao et al., 2022). Similar
local enhancements in pollution levels were identified in a number of polluted regions
around the globe (Balamurugan et al., 2021; Gaubert et al., 2021; Sicard et al.,
2020; Venter et al., 2020). These enhancements occur because, in NO,-saturated
regions, the reduction of NO, emissions (largely due to decreased vehicle traffic) led
to increased ozone production, which in turn increased the oxidative capacity of the
atmosphere and resulted in enhanced secondary aerosol formation (Kroll et al., 2020).
These unusual meteorological conditions, and the resulting complex and nonlinear
chemical reactions, are not well represented by the CovidMIP models. Indeed, of the
models considered here, only MRI-ESM2-0 includes an interactive ozone scheme; the
other models used a prescribed perturbation (Lamboll et al., 2021). Disagreement
between the observed and simulated responses is therefore unsurprising. Conducting a
similar analysis in models that simulate more complex chemistry would be a valuable
direction for follow-up analysis, and the inclusion of a prognostic ozone scheme will be
critical for representing the climate and air quality effects of future emission reductions
in polluted regions.

Interpretation of the results for East China is further complicated by the presence
of spatial structure in both the magnitude and tendency of aerosol emissions in this
region, with urban areas characterized by high baseline emissions but negative trends
whereas rural areas have lower emissions with positive trends. Modest differences in
the relative magnitudes of these components of the signal could likely have substantial
impacts on the area-averaged mean responses derived from different datasets.

We have assessed aerosol changes averaged over fairly large geographic regions,
and this decision will influence our results. Selecting a smaller box, centred over the
most populated urban areas, would likely yield a larger COVID-19 signal. On the
other hand, the selection of a larger domain allows us to average over different poten-
tial trajectories, so we do not need to worry about signals appearing and disappearing
by being advected in or out of our analysis regions. Furthermore, while local AOD
changes are relevant when studying air quality, the regionally-averaged aerosol re-
sponse to an emission reduction is more relevant for understanding potential climate
impacts.

This analysis assesses the capability of models to realistically simulate the net

effect of emission changes on aerosol optical depth. As described in Section 3.2.1,
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the focus on AOD folds in the effects of many different processes. In order to help
disentangle the different drivers of model performance, future analyses would benefit
from studies of aerosol concentrations, which are an intermediate stepping point
between emission and optical depth. Additional insight could be gained through
an investigation of individual aerosol species; sulfate, for example, would exhibit a
stronger COVID-19 signal than total AOD does. We have not conducted such an
analysis due to the limited availability of speciated data amongst the CovidMIP

models.

3.6.2 Comparison to previous studies

We have taken the approach of applying a single consistent framework to all four
analysis regions. There is also much to be learned from bespoke analyses of the
observed changes in each individual region, and indeed numerous such analyses have
been conducted.

In India, AOD reductions have been reported by Acharya et al. (2021); Gouda
et al. (2022); Ranjan et al. (2020); Rani and Kumar (2022); Smith et al. (2022), and
Wei et al. (2022). The magnitude of reduction has been found to vary regionally and
with the period of 2020 considered, and for relative changes, on the choice of baseline;
in general it is reported to be on the order of 10-15% when averaged over India as
a whole. These reductions are comparable to those we find from MODIS and MISR
(-13% and -14% respectively) but somewhat smaller than those returned by CALIOP
and ACROS-C (-24% and -21%). We emphasize that, as highlighted above and also
by Smith et al. (2022) and Wei et al. (2022), a substantial portion of the observed
reduction is due to anomalously low dust optical depth.

In China, the measured AOD response depends sensitively on the choice of refer-
ence period, since the trend in aerosol emissions reversed in or around 2013 (Zheng
et al., 2018). When underlying trends are accounted for, the 2020 AOD anomalies are
not significant, although species including NOs, SO, and SO4 do exhibit substantial
changes (Diamond and Wood, 2020; Field et al., 2021; Smith et al., 2022). When
trends are not accounted for, AOD reductions in Central Eastern China range from
-14% to -30% depending on the choice of reference period; compared to the 2016-2019
mean (similar to our 2015-2019 reference period), AOD in this region was reduced
14-17% (Field et al., 2021). AOD increased in South China (Field et al., 2021; Dia-
mond and Wood, 2020; Acharya et al., 2021), possibly as a result of biomass burning
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in Thailand, Myanmar, and Laos (Field et al., 2021). In comparison, we find an
observed decrease of 4-13% relative to the 2015-2019 mean, when averaging over a
domain that contains both these areas of positive and negative anomalies.

In Europe, Smith et al. (2022) report detectable changes in the summer and
autumn of 2020, but not in the spring which is our focus in this work. Springtime
changes may be detectable when smaller averaging boxes are used: Ibrahim et al.
(2021) report an AOD reduction in Central Europe but an increase around the edges
of the domain, which when averaged together would be consistent with our non-
detection. It has been demonstrated that this reduction is driven by an increase in
the number of moderately-low AOD hours, as opposed to a few extremely low hours
(van Heerwaarden et al., 2021).

As highlighted in the introduction, model-based studies have predominantly been
focused on the climate response to aerosol emission reductions, rather than the AOD
change itself. However, they generally report modest decreases in zonal average AOD
over ~30°N in the spring, particularly March, of 2020 (Fasullo et al., 2021; Fiedler
et al., 2021; Forster et al., 2020; Fyfe et al., 2021; Gettelman et al., 2021; Jones et al.,
2021; Weber et al., 2020). In many cases this reduction is only detectable in the
ensemble mean. We find similar behaviour in the CovidMIP models (not shown); as

expected, the observed signal is less clear.

3.6.3 Conclusions

The reduction in aerosol emissions associated with the COVID-19 pandemic pro-
vided a unique opportunity for Earth system model evaluation. We have investigated
changes in total and dust-subtracted aerosol optical depth during MAM 2020 in order
to assess the AOD sensitivity of CMIP6-class Earth system models. The impacts of
internal variability, background emissions levels, and simulated perturbation size on
our results have been assessed with a series of sensitivity tests.

Despite the dramatic economic and lifestyle changes associated with the COVID-
19 lockdowns, a statistically significant reduction in observed aerosol optical depth
is only identified over India. CovidMIP models reproduce the observed responses
reasonably well over India and Europe but appear to over-estimate the magnitude of
response in East China and the Northern Hemisphere (0°N-70°N). We demonstrate
that this discrepancy can be partially resolved in CanAM through the use of an

updated emissions inventory; investigating whether the other models would show



61

similar improvement is an avenue for further study. The substantial uncertainty in
remotely-sensed observations of AOD precludes a detailed assessment of the relative
biases in different models. As such, this analysis motivates future research into the
drivers of the systematic biases in satellite retrievals of aerosol fields, particularly in
the context of monitoring future emission reductions which are expected to take place
over the coming decades.

AOD sensitivity is critical for the prediction of short-term climate impacts to
emission reductions, and our results will provide important context for interpreting
the simulated climate impacts of proposed mitigation pathways of both aerosols and

co-emitted greenhouse gases.
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Table 3.A.1: Mean AOD over reference period (2015-2019) from different satellites,
and the spread in these estimates. The relative spread is calculated with respect to
the mean of the highest and lowest AOD estimates in each region.

Region MODIS Aqua MISR CALIOP ASN ACROS-C | absolute relative
spread  spread

N. Hemis 0.231 0.190 0.178 0.181 0.053 26%
E. China 0.483 0.331 0.445 0.451 0.152 30%
India 0.402 0.365 0.459 0.477 0.112 27%
Europe 0.157 0.125 0.127 0.124 0.033 23%

3.A Appendix to Chapter 3

3.A.1 Observational uncertainties and sampling differences

This work is based on comparisons between observed and simulated anomalies of
AOD. In order to draw meaningful conclusions from these comparisons we need to
assess how much of the difference between our datasets comes from differences in
sampling, and how much can be attributed to uncertainties or biases in the products
themselves. Here we assess the role of sampling differences in explaining the consid-
erable spread between AOD estimates from different satellites, which can differ by
20-30% (Table 3.A.1).

Our main analysis used monthly and regional mean data products. For the simu-
lations, these means are spatiotemporally complete; the observed means use retrievals
obtained at the satellite’s particular overpass time, in clear-sky conditions (for the
passive sensors), when the retrieval was successful and not prevented by a myriad
of potential limitations such as sun glint or complex terrain. Here we conduct a
systematic intercomparison between pairs of observational data products, with each
pairing selected to isolate the effect of a particular sampling effect. Discrepancies that
cannot be attributed to sampling differences are then used to estimate the degree of
uncertainty in our observed AOD responses. Throughout, figures that do not require
gridcell-to-gridcell comparisons (spatial-mean timeseries, histograms) are generated
at the products’ native resolutions, and figures that do require gridcell-to-gridcell
comparisons (scatter plots, calculation of correlation between datasets) are generated

on fields that have been interpolated to a common 1°x1° resolution.
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Temporal sampling

We first assess the effects of temporal sampling on our comparison between satel-
lite observations, which are sampled only at a particular overpass time, and model
simulations, which are integrated over the full diurnal cycle. Figure 3.A.1 compares
three-hourly, daily, and monthly AOD values for MAM 2004 from a sample CanAMb5
simulation. Timeseries plot the evolution of AOD over the three-month period in
each of our analysis regions, with blue, orange, and green lines corresponding to the
different averaging timescales. A dotted black line indicates the diurnally-integrated,
MAM-mean AOD. For all regions except the Northern Hemisphere, blue horizontal
lines additionally show the mean of AOD for MAM 2004 sampled only at our satel-
lites’ overpass times: dash-dot for the Aqua daytime overpass (MODIS-Aqua and
CALIOP daytime product), dotted for the Aqua nighttime overpass (CALIOP night-
time product), and dashed for the Terra daytime overpass (MODIS-Terra, MISR).
Local satellite overpass times were estimated from Figure 5 of Levy et al. (2018).
These overpass times were converted to UTC and the closest 3-hour timestamp was
selected from the model output. The MAM-mean AODs obtained by sampling at
each overpass time, and their biases relative to the diurnally-integrated values, are
summarized in Table 3.A.2.

The MAM-mean AODs of the diurnally-integrated and overpass-sampled products
are very similar, especially compared to the spread in AOD from different instruments
(Table 3.A.1). This fact is unsurprising given that the three-hourly and daily time
series demonstrate that the magnitude of the simulated diurnal cycle is negligible
compared to the weekly- and monthly-scale variability. Subject to the accuracy of
CanAMb’s simulated diurnal cycle, then, we do not expect differences between the
observed and simulated AOD samples to be caused by differences in the temporal
sampling frequency.

Even though the above results indicate that simulated AOD does not vary sub-
stantially throughout the day, other factors affecting the retrieved AOD may. These
factors include the possibility of a diurnal cycle in cloud cover (which would introduce
sampling differences between the products), or in retrieval uncertainty (such as the
increased uncertainty in daytime CALIOP retrievals due to the solar background).
We assess this possibility by comparing sets of observations taken by instruments with
the same algorithms but different overpass times: MODIS Aqua and MODIS Terra
in Figure 3.A.2 and CALIOP AllSkyDay and CALIOP AllSky Night in Figure 3.A.3.
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Figure 3.A.1: The impacts of temporal averaging and sub-daily sampling demon-
strated with CanAM5. Timeseries show 3hr, daily, and monthly AOD (blue, orange,
and green lines respectively) through MAM 2004 in our 4 analysis regions. Horizontal
lines show the mean AOD when averaged over the full time period from March 2004
to June 2004 (black) and when sampled only at satellite overpass times (blue); these
values are tabulated in Table 3.A.2.

Table 3.A.2: Mean AOD values obtained from 3-hourly CanAM output, when
averaged over all of MAM 2004 (“full day”) and when sampled only at satellite
overpass times. Values in parentheses indicate the percent change in AOD when
sampled at a particular overpass time as compared to the diurnally-integrated value.
These relative differences are an order of magnitude smaller than the spread between
region-mean AOD from different satellites (Table 3.A.1).

Region Full Day Aqua Day Overpass Aqua Night Overpass Terra Day Overpass

N. Hemis 0.311 - - -
E. China 0.503 0.488 (-3.0%) 0.513 (+2.0%) 0.499 (-0.8%)
India 0.368 0.362 (-1.6%) 0.373 (+1.3%) 0.362 (-1.6%)
Europe 0.239 0.237 (-0.8%) 0.240 (+0.4%) 0.233 (-2.5%)
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MODIS Terra crosses the equator from North to South at 10:30 local time, and
MODIS Aqua crosses from South to North at 13:30. For regions near the equator (e.g.
India), their overpass times thus differ by roughly three hours; further poleward (e.g.
Europe) the difference is larger. There is a known offset of ~0.02 (~13%) between the
global, monthly-mean AOD values retrieved by the two MODIS instruments, with
Aqua in better agreement with AERONET measurements and Terra biased higher
(Levy et al., 2018; Schutgens et al., 2020). A detailed assessment of the Level 2
daily aerosol products, incorporating ground-based AERONET observations and the
Goddard Earth Observing System (GEOS-5) Earth system model, has demonstrated
that this offset is not due to diurnal cycles in either aerosols or clouds, but likely to
a calibration or algorithmic bias (Levy et al., 2018).

The Levy et al. assessment investigated global AOD biases. It is possible that
diurnal cycles could lead to significant biases on a regional scale. Overall, however,
Figure 3.A.2 suggests that the Aqua and Terra products are in good agreement and
the effect of differing overpass times on MAM-mean AOD is small.

Figure 3.A.3 undertakes a similar comparison between CALIPSO’s all-sky day
and night products. Because these products are produced by a single instrument,
calibration drift is not a concern. Using the all-sky product eliminates the sampling
effects that could be introduced by diurnal cycles in cloud cover. It is worth not-
ing, however, that CALIPSO’s daytime products have higher uncertainty due to the
presence of a solar background which reduces the signal-to-noise ratio (Young et al.,
2018). There are appreciable differences between the distributions of daytime and
nighttime AOD retrievals over East China and Europe, with the nighttime product
being skewed to larger values than the daytime one. Reassuringly, however, the dis-
tributions of anomalies are in good agreement. The low correlations in the scatter
plots of these anomalies are not concerning, since aerosols may have advected over the
12 hours between overpasses, so we would not necessarily expect gridcell-by-gridcell
agreement between the two products. The important metric in this comparison is
that the aggregate distribution of anomalies is similar.

In principle, instrument-to-instrument spread in the amount of dependence on
overpass time could indicate the presence of diurnally-varying biases in the various
products. However, because there is different spacing between the overpass times of
the two instrument sets considered here, the existence of these biases cannot be disen-
tangled from a true diurnal cycle in AOD. For the purposes of this analysis, however,

the impact of temporal sampling on spatiotemporally-aggregated AOD anomalies is
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Figure 3.A.2: Investigation of the effects of overpass time on observed AOD, by com-
paring retrievals from MODIS-Terra (equatorial overpass 10:30 local time descending)
and MODIS-Aqua (equatorial overpass 13:30 local time ascending). Histograms show
the distributions of MAM 2020 AOD values (top row) and anomalies (bottom row)
at the grid cell level in our 4 analysis regions, with blue and orange corresponding
to MODIS- Aqua and MODIS-Terra respectively. Note that the bin width in each
panel is the same: 0.05 for raw AOD values, and 0.02 for AOD anomalies. Text in the
upper left corner of each panel lists the median value in each distribution (blue and
orange for Terra and Aqua respectively). Scatter plots show these same distributions
plotted against each other, again with AOD values in the top row and anomalies in
the bottom. Red lines show a linear fit to the scatter, dotted black lines show 1:1 to
guide the eye, and colour indicates normalized point density. Because these are both
MODIS instruments they share the same algorithm, cloud mask, etc. and only differ
in overpass time.
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Figure 3.A.3: As Figure 3.A.2 but comparing CALIPSO all-sky measurements made
during the day and night overpasses (blue and orange histograms; 13:30 and 01:30
equatorial crossings respectively). Because CALIPSO is a single satellite it is not
subject to calibration drift the way that MODIS-Aqua and -Terra are. Further, us-
ing the all-sky product eliminates the potential sampling differences that could be
induced by diurnal cycles in cloud cover. Although differences are seen in the distri-
butions of daytime and nighttime AODs, particularly over East China and Europe,
the distributions of anomalies are in good agreement. The low correlations may be
the result of advection, since aerosols may have moved about the region during the
12 hours between overpasses. Of greater importance in this comparison is the overall
distribution shapes, which we find to be similar.
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found to be small and is unlikely to be a dominant contributor to the spread between

datasets seen in the main analysis.

Cloud masking

We next compare the all-sky and cloud-free CALIPSO products to isolate the impacts
of cloud masking, another difference between the sampling of the models and the
passive satellites. We use the daytime CALIPSO product as it is expected to be most
similar to the passive sensors, which can only observe in cloud-free conditions.

As Figure 3.A.4 demonstrates, the differences between all-sky and cloud-free AOD
retrievals measured simultaneously by the same instrument are small when spatially
aggregated and averaged over a three-month time period. Cloud-masking-induced
spatiotemporal sampling differences between the observed and simulated datasets are
thus unlikely to contribute substantially to the differences between datasets in our

analysis.

Instrument-to-instrument differences

Having established that overpass time and cloud masking have small effects on the
3-month spatiotemporal means considered in this work, particularly when considering
anomalies, we next compare the AOD retrieved by two different instruments that are
orbiting on the same satellite. Comparing MODIS-Terra and MISR, both onboard the
Terra satellite, is the closest we can come to isolating the effect of retrieval algorithm
on AOD estimates. We use “algorithm” here in the broadest sense, to include not
only differences in the AOD retrieval process but also differences in cloud masking,
differing susceptibility to effects like sun glint, and the impacts of product resolution.
Note that despite being mounted on the same satellite, the two instruments are not
viewing the same scene: MISR’s field of view is much smaller than, and embedded
within, MODIS’s.

Numerous comparisons between MODIS Terra and MISR exist in the literature.
These include both retrieval-level assessments and comparison of the resulting spa-
tiotemporally aggregated products. When MODIS Terra and MISR conduct simul-
taneous retrievals of the same scene, the resulting optical depth measurements are in
reasonably good agreement. In an assessment of previous versions of the algorithms
(MODIS C5 and MISR v22; our analysis uses MODIS C6.1 and MISR v23), Kahn

et al. (2009) report correlations of ~ 0.9 over ocean and ~ 0.7 over land. However,
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Figure 3.A.4: As Figure 3.A.2 but comparing CALIPSO all-sky (blue) and cloud-free
(orange) data products to isolate the sampling effects of cloud masking.
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these coincident retrievals are comparatively rare. Factors limiting the attainment of
coincident retrievals include differences in the instruments’ cloud masking algorithms,
and the susceptibility of MODIS to sun glint which MISR can avoid using its off-axis
cameras. When AOD retrievals are aggregated into gridded monthly products, the
agreement is noticeably worse, with MODIS Terra biased high and MISR biased
low relative to ground-based AERONET measurements (Wei et al., 2019; Sogacheva
et al., 2020; Vogel et al., 2022; Mangla et al., 2020). These biases vary regionally and
seasonally, with MISR biased especially low over East Asia and MODIS Terra biased
especially high over North America and the Middle East (Wei et al., 2019).

For our analysis regions, the MAM 2020 AOD of these two products differ far
more than any of the preceding comparisons between products with shared algo-
rithms (Figure 3.A.3 - Figure 3.A.5). Notably, the differences are characterized not
only by systematic offsets (e.g. with MODIS consistently reading higher than MISR)
but by different distribution shapes. Furthermore, the characteristics of these discrep-
ancies vary from region to region, supporting previous reports of spatially-dependent
systematic differences between the datasets.

Comparing Figure 3.A.5 with the preceding figures suggests that the bulk of the
difference between different data products’ raw AOD values results from systematic
biases rather than to differences in sampling. Reassuringly, however, the anomalies in
Figure 3.A.5 are substantially more robust than the raw values, and exhibit agreement
comparable to any of the pairs of datasets with shared algorithms. Deseasonalizing
effectively removes a majority of the systematic difference between datasets. This

observation largely motivates our use of deseasonalized products in the main analysis.

3.A.2 Extended figures: dust-subtracted aerosol optical depth

This section includes supplementary figures to support the discussion in Sections
3.5.2 and 3.6. These figures include a timeseries showing the magnitude of dust-
subtracted AOD in the CovidMIP models over 2015-2020 (Figure 3.A.6), and maps
of the observed (Figure 3.A.7) and simulated (Figure 3.A.8) DSAOD anomalies in
MAM 2020.
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Figure 3.A.5: As Figure 3.A.2 but comparing MODIS-Terra (blue) and MISR (o1-
ange). MODIS and MISR are both on board the Terra satellite. Differences between
the products therefore result from differences in detection and retrieval algorithms,
as well as in the field of view.
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Figure 3.A.6: As Figure 3.5.2 but showing the magnitudes, not anomalies, of the
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Figure 3.A.7: Observed MAM 2020 dust-subtracted AOD anomalies, relative to the
2015-2019 mean. Top: Total AOD from MODIS Aqua, dust from MIDAS. Middle:
Total and dust optical depths from CALIOP AllSky Night. Bottom: Total and
dust optical depths from ACROS-CALIOP. All maps have been interpolated to 1x1°
resolution. Blue boxes in the first panel indicate the boundaries of our four analysis
regions. The positive AOD anomalies over the Southern Hemisphere which are visible
in the MODIS observations are due, at least in part, to the 2019/2020 Australian
bushfires. CALIOP is less sensitive than MODIS to elevated smoke.
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Figure 3.A.8: Simulated MAM 2020 dust-subtracted AOD anomalies, relative to
2015-2019 mean. Left-hand column shows ensemble means and right-hand column
shows the first realization of each ensemble. Rows correspond to the four CovidMIP
models from our main analysis. All maps have been interpolated to 1x1° resolution.
Note that even single realizations are smoother than the observed optical depth fields
(Figure 3.A.7), as discussed in Section 3.6.
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3.A.3 Sensitivity tests: technical details and further analysis
Construction of aerosol emission inventories

We construct updated aerosol emission inventories for both anthropogenic and biomass-
burning emissions of black carbon (BC), organic carbon (OC), and sulfur dioxide
(SO,), for the period 2013-2020. Gridded monthly anthropogenic emissions for 2013-
19 were taken from the 2021-04-21 release of the Community Emissions Data System
(CEDS) emission inventory (Smith et al., 2021); the 2016-07-16 release, described in
Hoesly et al. (2018), was used for the historical period in CMIP6. For 2020, we set
control emissions to repeat the 2019 emissions, and create a COVID-19-perturbed
dataset by applying the same percentage reduction to these control emissions as
was applied to the SSP2-4.5 emissions in the original CovidMIP experiment. For
simplicity we do not perturb the aviation emissions. Although aviation was dramati-
cally reduced during COVID-19, the aviation emissions simulated in CanAMS5 contain
minimal aerosol content. We also do not account for the reduction in sulfur oxide
emissions from shipping which followed regulations introduced by the International
Maritime Organization (IMO) in 2020 (IMO). Although the signal of this reduction
has been identified in ship tracks (Watson-Parris et al., 2022), a corresponding AOD
signal is not evident in our data.

Biomass burning emissions for 2013-2020 were taken from the Global Fire Emis-
sions Database (GFED). GFED observations were used in CMIP6 from 1998 to 2014
(van Marle et al., 2017), and extending the dataset to 2020 provides a more realistic
estimate than the linear projection used in SSP2-4.5.

The change in accumulated aerosol emissions over the 2015-2019 reference period
between the original and updated inventories is shown in Figure 3.A.9. Reductions in
anthropogenic emissions are dominated by changes prior to 2015 !. Following 2015,
emissions of anthropogenic BC and OC follow similar or somewhat less negative trends
to those from SSP2-4.5, albeit at a lower magnitude. In East China, SO2 emissions
decrease more rapidly over 2015-2017 in the updated inventory than in SSP2-4.5,
but then flatten out over the remainder of the reference period. Because all three
species’ emission changes are dominated by reductions in China, this same behaviour
is seen in Northern Hemispheric and global mean SO2 emissions. The impacts of

these reduced emissions on total AOD and aerosol radiative forcing over 1990-2019

https://github.com/JGCRI/CEDS/blob/master/documentation/Version_comparison_
figures_v_2021_02_05_vs_v_2016_07_16 (CMIP6) .pdf


https://github.com/JGCRI/CEDS/blob/master/documentation/Version_comparison_figures_v_2021_02_05_vs_v_2016_07_16(CMIP6).pdf
https://github.com/JGCRI/CEDS/blob/master/documentation/Version_comparison_figures_v_2021_02_05_vs_v_2016_07_16(CMIP6).pdf
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Figure 3.A.9: Changes in the accumulated emissions of BC, OC, and SO2 over 2015-
2019 when updating from SSP2-4.5 emissions to the latest CEDS historical emissions
(v2021-04-21) and GFED biomass burning emissions, decomposed into the changes
in anthropogenic, biomass burning, and total emissions. Of our four analysis regions,
only in the Northern Hemisphere and only for OC are biomass burning emissions
comparable in magnitude to those from anthropogenic sources.

have been recently investigated by Lund et al. (2023), who identify decreased AOD
and improved agreement with observations over this time period when using the more

recent inventories.

Model description: CanAM-new-emis and CanAM-new-emis-ndgd

CanAM-new-emis and CanAM-new-emis-ndgd were set up identically except that
CanAM-new-emis-ndgd was nudged to ERAS reanalysis (details below). The two sets
of simulations are in most ways identical to the original CanESM5 experiment, except
for ensemble size (10 realizations instead of 50), the updated emissions inventories,
a tracer-transport tuning correction which prevents the formation of spurious dust
storms (Sigmond et al., 2023), and the fact that CanAMS5 is not a coupled model.
Instead, sea surface temperatures and sea ice concentrations are specified using the
NOAA OI SST V2 High Resolution Dataset (Reynolds et al., 2002), and sea ice
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masses for the Northern and Southern Hemispheres are taken from PIOMAS (Zhang
and Rothrock, 2003) and ORAP5 (Zuo et al., 2017) respectively.

The control ensembles were initialized in 2013 and run until 2020, with the first two
years discarded as spin-up, and the COVID-19-perturbed simulations were branched
in January 2020 as was done in the original CovidMIP experiment.

In CanAM-new-emis-ndgd, the simulated temperature, wind, and humidity fields
were nudged toward the corresponding reanalysis fields using first order relaxation
with a nudging timescale of 24 hours. As a result, the simulation closely repro-
duces the observed variation in these variables (although other parameters continue
to evolve freely) and meteorologically-driven variability between the ensemble mem-
bers is substantially reduced.

We additionally consider a 3-member ensemble of atmosphere-only, free-running
CanAM simulations with the original SSP2-4.5 emissions (“CanAM-old-emis”) in
order to disentangle the effects of model configuration and emission inventory when
comparing CanESM5 and CanAM-new-emis (Figure 3.A.10).

The effects of model configuration, emissions inventory, and nudging to ERA5
reanalysis on DSAOD magnitudes are illustrated in Figure 3.A.11 (MAM means)
and Figure 3.A.12 (annual means). We do not show the change in total AOD due
to the aforementioned issue with mineral dust in CanESMb5. Because this issue was
corrected in the CanAMSb runs shown here, there is a substantial difference between
the total AOD simulated by CanESM5 and CanAM-new-emis which is unrelated to
the updated emissions inventories.

In all regions, both springtime and annual-mean DSAOD are lower in CanAM-
new-emis than in the original CanESM5 CovidMIP ensemble. In China the emission
reductions dominate the difference, whereas model configuration has a larger effect in
Europe. The changes are overall small in India in the spring, resulting in the similarity
between 2020 anomalies simulated by CanESM5 and CanAM-new-emis that was seen
in Figure 3.5.3, but emission reductions are more important when considering annual
means. When the Northern Hemisphere is considered as a whole, emission reductions
and model configuration have similar impacts on DSAOD magnitude. Analysis of
both these simulations and a larger ensemble of historical simulations (averaged over
2000-2014, not shown) indicates that the reduction caused by model configuration is
systematic, and so AOD anomalies can be directly compared between model config-
urations. The results of nudging to ERA5 reanalyses are mixed, but generally the

magnitude of the simulated AOD is either unaffected or somewhat increased relative
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to CanAM-new-emis. The interannual variability tends to increase as well, in some
cases beyond the ensemble spread simulated by CanAM-new-emis.

Whether changes to the inventory and/or simulated meteorological conditions im-
prove agreement between the magnitude or variability of the observed and simulated
optical depth fields depends on the region in question and, for the Northern Hemi-
sphere, on which satellite is considered. The existing discrepancies likely stem from
errors in both the observed and simulated fields, and the relative magnitudes of these
biases will change from region to region. It is also important to note that CanAMS5
does not have a separate set of parameter tunings for use with nudged simulations.
Model parameters are tuned to produce realistic climatological aerosol properties in
the free-running simulation. If there are typically biases in the free-running temper-
ature, wind, or humidity fields, the tuning will compensate for these. As a result
the model may simulate unrealistic aerosol properties when presented with a more

realistic meteorological field.
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Figure 3.A.10: Comparison between ensemble-mean DSAOD, averaged over the 2015-
2019 reference period, in three sets of simulations: CanESM5 (upper left), CanAM-
new-emis (upper right), and CanAM-old-emis (centre row, both columns). The bot-
tom row shows the DSAOD differences between pairs of ensembles, demonstrating the
effects of model configuration (coupled vs atmosphere-only, left column) and emis-
sion inventory (SSP2-4.5 vs CEDS v2021-04-21 and GFED biomass burning, right
column) on simulated DSAOD.
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Figure 3.A.11: Comparison between the dust-subtracted AOD values (not anomalies)
over MAM 2015-2020 as simulated by CanESM5, CanAM-old-emis (atmosphere-only,
original emissions inventories), CanAM-new-emis (atmosphere-only, updated emis-
sions inventories), and CanAM-new-emis-ndgd (atmosphere-only, updated invento-
ries, and nudged to ERA5 temperature, wind, and humidity fields). Because there
are only 3 realizations of CanAM-old-emis, they are shown as individual lines instead
of an ensemble median and 5-95% spread as for the other simulations.
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Chapter 4

The Refractive Index of Black

Carbon

The radiative forcing of black carbon (BC) is subject to many complex, intercon-
nected sources of uncertainty. Here we isolate the role of the refractive index, which
determines the extent to which BC absorbs and scatters radiation. With other param-
eterizations held constant, varying BC’s refractive index from ms50,, = 1.75—0.441 to
Mss0nm = 1.95—0.79i increases simulated absorbing aerosol optical depth (AAOD) by
42% and the effective radiative forcing from BC-radiation interactions (BC ERFari)
by 47%. The AAOD increase is comparable to that from recent updates to aerosol
emission inventories, and in BC source regions, a third as large as the difference in
AAOD retrieved from MISR and POLDER-GRASP satellites. The BC ERFari in-
crease is comparable to the scale of the uncertainty in recent literature assessments.
Although model sensitivity to the choice of BC refractive index is modulated by
other parameterization choices, our results highlight the importance of considering
refractive index diversity in model intercomparison projects.

The contents of this chapter have been submitted for consideration in Geophysical
Research Letters as The impact of uncertainty in black carbon’s refractive index on

simulated optical depth and radiative forcing.
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4.1 Introduction

Black carbon (BC), formed as a result of incomplete combustion, is the most strongly
warming of the aerosols (Szopa et al., 2021), with particularly important impacts in
the Arctic (AMAP, 2021; Sand et al., 2016; von Salzen et al., 2022). Although its
effective radiative forcing (ERF; Boucher et al. (2013)) is understood to be positive,
the magnitude of this forcing remains uncertain (AMAP, 2021; Bond et al., 2013;
Szopa et al., 2021; Thornhill et al., 2021).

This uncertainty stems from many sources, including uncertainty in the optical
properties of freshly emitted BC (Bond and Bergstrom, 2006; Bond et al., 2013; Liu
et al., 2020) and the changes in these properties as BC ages (Hu et al., 2023; Peng
et al., 2016; Taylor et al., 2020); in the total burden and vertical distribution of
BC (Gliff et al., 2021; Samset et al., 2013; Sand et al., 2021), which are themselves
complicated by uncertainties in the emissions (Bond et al., 2013; Hoesly et al., 2018;
Wang et al., 2021) and lifetime (Glif§ et al., 2021; Hodnebrog et al., 2014; Lund
et al., 2018) of BC; and uncertainty in the details of BC-cloud interactions (Koch
and Del Genio, 2010; Szopa et al., 2021; Zanatta et al., 2023).

Constraining these uncertainties is complicated by the fact that models and ob-
servations frequently disagree, but it is not always clear which — if either — is correct
(Samset et al., 2018b). For example, models tend to simulate lower absorption aerosol
optical depth (AAOD) than is measured by AERONET stations (Bond et al., 2013;
Samset et al., 2018b; Sand et al., 2020). This can be interpreted to mean that models
underestimate AAOD, perhaps because of too-low emissions or too-vigorous removal
(Bond et al., 2013) or because the simulated aerosols are insufficiently absorbing
(Bond and Bergstrom, 2006; Liu et al., 2020). Alternatively it could indicate that
AERONET overestimates AAOD, as suggested by Andrews et al. (2017) based on
comparisons between AERONET and in-situ aircraft measurements. It is also possi-
ble that both models and observations are reasonably accurate, and that the apparent
discrepancy comes from comparing point-source measurements of a very spatially het-
erogeneous quantity against model grid cell averaged fields (Schutgens et al., 2021;
Wang et al., 2016, 2018).

In this work we investigate the sensitivity of BC AAOD and radiative forcing to
one key source of uncertainty: the complex refractive index, which determines the
degree to which an aerosol absorbs and scatters radiation. Lab-based estimates of the
BC refractive index (BCRI) show remarkable diversity (Bond and Bergstrom, 2006)



83

and this diversity is reflected in the range of values commonly used in Earth system
models (Table 4.2.1). Recent studies (Sand et al., 2021; Glif et al., 2021) suggest that
uncertainty in the choice of BCRI may, along with uncertainties in the treatment of
mixing and ageing, contribute to the diversity in BC absorption simulated by Earth
system models; however, no study has to date isolated the impact of BCRI on key
BC fields in a single model with other aerosol treatments held constant. Here we
select three values of the BCRI commonly used in Earth system models, summa-
rized below, and use them to run otherwise-identical ensembles of simulations in the
atmospheric model CanAM5.1-PAM. We then contextualize the resulting spread in
climate-relevant quantities including AAOD and the effective radiative forcing from
aerosol-radiation interactions (ERFari) by comparing with a sample of other known

uncertainties.

4.2 Parameterizations of the Refractive Index

The refractive index m = n — ik is a complex, wavelength-dependent parameter that
determines the extent to which an aerosol absorbs or scatters radiation. It cannot be
measured directly but is inferred by fitting laboratory measurements to an assumed
optical model, such as Mie theory or Rayleigh-Debye-Gans theory, that describes the
optical properties of an aerosol as a function of refractive index. For BC, these may
be measurements of the scattering and absorption of light by flame-generated BC
particles or of the reflectance at different angles by a compressed BC sample (Bond
and Bergstrom, 2006). In either case, measurements are typically taken at only one
or a few wavelengths, so additional assumptions are required to extrapolate the full
spectrally-dependent refractive index.

Uncertainty can arise from the measurements themselves, from the applicabil-
ity of the assumed optical model to the BC sample being measured, and from the
representativity of this BC sample to the BC which one aims to describe. For in-
stance, measurements of scattering and absorption by flame-generated particle may
be fit to Mie theory (assuming spherical particles) or Rayleigh-Debye-Gans theory
(assuming aggregates). If the particles being measured are aggregates but Mie theory
is assumed, not only will the scattering and absorption be underpredicted, but the
inferred BCRI will be for a combination of pure BC and the air contained within
the aggregates’ voids (Bond and Bergstrom, 2006). Furthermore, the inferred BCRI
will be for BC generated by a simple, clean laboratory flame, which likely has a dif-
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ferent temperature history — and thus, generates BC particles with different optical
and structural properties — than the more complex sources that generate most at-
mospheric BC (Bond and Bergstrom, 2006). To complicate matters further, there is
ambiguity in what precisely constitutes BC: for instance, some authors use the terms
BC and soot interchangeably while others consider them to be separate materials.
An extensive review of these uncertainties is provided by Bond and Bergstrom (2006).

In this work we select three values of the BCRI from the literature, quoted here
at 550 nm: mssonm = 1.75 — 0.44i (d’Almeida et al., 1991), mss0nm = 1.75 — 0.63i
(Bond and Bergstrom, 2006), and mss50,m = 1.95—0.79¢ (Bond and Bergstrom, 2006),
described below. We will refer to these selections as the low, medium, and high BCRI

respectively, based on their values of the absorption function E(m) at 550nm:

E(m) = Im (m2 - 1) (4.2.1)

m?2 + 2

(Bohren and Huffman, 1983). Higher values of E(m) indicate an increased ten-
dency for absorption, and the mass absorption cross section of an aerosol is a linear
function of E(m) although the details of this relationship depend on aerosol morphol-
ogy (Liu et al., 2020). The three BCRI used here have E(ms50,m) of 0.177, 0.248, and
0.255 respectively. Their absorption functions are approximately constant through
the mid-visible range and increase to both the ultraviolet and infrared, with the differ-
ence in absorption between the three BCRI increasing in both directions (d’Almeida
et al., 1991; Chang and Charalampopoulos, 1990).

Low BC Refractive Index: mss0,,, = 1.75 — 0.444

Use of the “low” BCRI can be tracked to back to the 1970s at least. d’Almeida
et al. (1991) tabulated the refractive indices of dust-like, water-soluble, soot, oceanic,
sulfate, and mineral aerosol components at wavelengths from 0.300-40 microns. The
refractive indices of soot, which is frequently used as interchangeable with BC, were
drawn from the tabulation of Shettle and Fenn (1979) which itself compiled data from
pre-existing measurements.

More recent evidence (Bond and Bergstrom, 2006; Liu et al., 2020) suggests that
the BCRI proposed by d’Almeida et al. (1991) is inconsistent with observations, and
that the corresponding absorption is too low. Nevertheless, this BCRI has been very
widely used in the climate modeling community (Table 4.2.1) and it is the default
BCRI in CanAMb5.1-PAM, described below.
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Medium and High BC Refractive Indices: ms50,,, = 1.75—0.637 and ms50,, =
1.95—0.79%

Bond and Bergstrom (2006) compiled and reviewed laboratory measurements of the
optical properties of BC, and from these data, proposed a range of BCRI values lying
along the so-called “void fraction line.” These BCRI describe the effective refractive
indices of BC with varying degrees of air included within its structure. We select
Mss50nm = 1.70 — 0.637 and ms50nm = 1.95 — 0.79¢, the lowest and highest values
proposed by Bond and Bergstrom (2006), for this analysis.

Unlike d’Almeida et al. (1991), Bond and Bergstrom (2006) only provide estimates
of the BCRI at 550nm. Flanner et al. (2012) obtained full spectral information for
M550nm = 1.95—0.79¢ using the expressions derived by Chang and Charalampopoulos
(1990). We use this dataset for our “high” BCRI, and apply an equivalent scaling
to the equations of Chang and Charalampopoulos (1990) to obtain the spectrally
varying “medium” BCRI for ms50,m = 1.75 — 0.63:.

The “high” BCRI is used by a number of aerosol schemes. To our knowledge, no
schemes currently use our “medium” BCRI, although some use intermediate values
from Bond and Bergstrom (2006), most commonly mssonm = 1.85 — 0.71¢ (Table
4.2.1). Nevertheless we select mssonm = 1.75 — 0.63i as our intermediate BCRI in

order to span the range of estimates from Bond and Bergstrom (2006).

4.3 Methods

Simulations are conducted with the Canadian Atmospheric Model version 5.1 (CanAM5.1;
Cole et al. (2023); Sigmond et al. (2023)) using the Piecewise Lognormal Approxi-
mation (PLA) Aerosol Model (PAM; von Salzen (2006)). A detailed description of
CanAMS5.1-PAM can be found in Appendix 4.A.1.

We simulate three sets of “core ensembles”: one control ensemble and one per-
turbed ensemble for each of the BCRI described above. Each ensemble consists of
nine short simulations (2014-2019) and one long simulation (1949-2019). The first
year of each is discarded as spinup. In the control ensemble, all emissions of aerosols
and greenhouse gases are transient; in the perturbed ensemble, all emissions are tran-
sient except for BC which is set to 1850 levels. ERF is then calculated from the
difference in top of atmosphere flux between pairs of control and perturbed runs,
following the “ERF _trans” method of Forster et al. (2016). Finally, the total BC
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Aerosol scheme Host model

References

AMA4.0 GFDL Zhao et al. (2018)

CLASSIC ACCESS-ESM1-5, HadGEM2-ES  Bellouin et al. (2011); Ziehn
et al. (2020)

GOCART GEOS Chin et al. (2002); Colarco

SPRINTARS MIROC-ES2L

(unnamed) OsloCTM3
PAM CanAMb5.1-PAM

et al. (2010)

Takemura et al. (2002); Ha-
jima et al. (2020)

Myhre et al. (2009a)

von Salzen (2006); Cole et al.
(2023)

High RI (mss50nm = 1.95 — 0.797)

ATRAS CAM5-ATRAS
MAM4 CESM1, E3SM-1-1

MASINGAR MRI-ESM2-0

Matsui (2017)

Liu et al. (2012); Wang et al.
(2019)

Yukimoto et al. (2019)
Seland et al. (2020)

Alternate recommendation from Bond and Bergstrom (2006) (ms50n, = 1.85 — 0.714)

OsloAero6 NorESM2-LM
GLOMAP UKESM
HAM-M7 ECHAM-HAM
SALSA ECHAM-SALSA

TM5-mp3.0 EC-Earth3-AerChem

Sellar et al. (2019)
Tegen et al. (2019)
Bergman et al. (2012)
van Noije et al. (2021))

Table 4.2.1: Illustrative sample of aerosol schemes that use our selected BCRI; see
?? for descriptions of the indices. To the best of our knowledge no aerosol schemes
currently use our intermediate-absorption BCRI (ms50nm = 1.75 — 0.63i), the lowest
value recommended by Bond and Bergstrom (2006). However, a number of aerosol
schemes use ms50nm = 1.85 — 0.717, an alternate recommendation from Bond and
Bergstrom (2006) that falls between our intermediate and high BCRI, and we include

a selection of those schemes here.
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ERF is decomposed into contributions from aerosol-radiation (ERFari), aerosol-cloud
(ERFaci), and albedo (ERFalb) interactions following Ghan (2013). In this work we
exclusively consider shortwave ERF. Longwave BC ERF is small in CanESM5.1-PAM,
consistent with previous findings for models that do not parameterize aerosol impacts
on ice and mixed phase clouds (Heyn et al., 2017). Although PAM includes represen-
tations of the albedo effects on BC deposited on snow and ice (Namazi et al., 2015)
and absorption of solar radiation by BC-containing cloud droplets (Li et al., 2013), in
this work we only vary the refractive index of atmospheric BC. ERFaci and ERFalb
are thus expected to be similar between the three core ensembles.

The influence of the BCRI on AAOD, ERFari, and tropospheric temperature are
quantified by comparing these fields between the three core ensembles. We then
compare the changes in ensemble-median AAOD and ERFari that arise from the
choice of BCRI to the variation that can be obtained from other uncertain factors.
This comparison is not intended as a comprehensive analysis of BC uncertainties, but
rather presents an illustrative sample of relevant uncertainties other than BCRI.

Our first comparison investigates the impact that recent updates to aerosol emis-
sion inventories have on simulated AAOD. In the core ensembles, anthropogenic
aerosol emissions are taken from the Community Emissions Data System (CEDS)
2021-04-21 release (Smith et al., 2021). CEDSv2021 emissions not only extend the
historical emissions used in CMIP6 to more recent years but also include several back-
corrections, most notably reducing the emissions of BC, organic carbon, and sulfur
dioxide over China (Smith et al., 2021; Wang et al., 2021). Biomass burning emissions
in the core ensembles are taken from the CMIP6 historical inventory for 1950-2014
and the Global Fire Emissions Database (GFED v4.1s; van der Werf et al., 2017) for
2015-2019. To investigate the impact of these selections, we run a single simulation
forced with the more commonly used CMIP6 historical and SSP2-4.5 anthropogenic
and biomass burning emissions, otherwise identical to the low-absorption core en-
semble. We compare the AAOD from this simulation against each realization of the
low-absorption ensemble in turn, yielding a 9-member ensemble of differences. We
emphasize that this comparison does not represent the total uncertainty in either an-
thropogenic or biomass-burning aerosol emissions, as we are comparing two versions
of the same anthropogenic emissions inventory and extending the biomass burning
emissions with the same observational product as was used in the creation of the
CMIP6 historical and SSP inventories. Instead this comparison shows the sensitivity

of AAOD to recent improvements in both sets of emissions.
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Our second comparison considers observational uncertainty. We compare esti-
mates of AAOD from the Multi-angle Imaging SpectroRadiometer (MISR, Diner
et al. (1998)) and the Polarization and Directionality of the Earth’s Reflectances
instrument with the Generalized Retrieval of Atmosphere and Surface Properties al-
gorithm (POLDER-GRASP, Dubovik et al. (2011)), selected for their availability in
Level 3 gridded format. MISR and POLDER-GRASP bracket the range of AAOD
simulated by current Earth system models (Figure 4.A.1). We consider satellite ob-
servations rather than ground-based or in-situ measurements due to the challenge in
comparing point-source data against gridded model results (Wang et al., 2016, 2018;
Schutgens et al., 2021). POLDER-GRASP data are not available for the 2015-2019
study period, so we instead compare these satellites over the 5-year period 2007-2011.
The difference between MISR, results for 2015-2019 and 2007-2011 is substantially
smaller than the difference between MISR and POLDER-GRASP data for 2007-
2011, indicating that use of these alternate years is unlikely to affect our conclusions.
This comparison is not intended to be a detailed evaluation of the uncertainty in
remotely-sensed AAOD; such assessments can be found in, for example, Schutgens
et al. (2021). Instead it provides an estimate of the range of AAOD that can be
obtained from different instruments. As such it does not account for differences in
sampling between the two satellites or between the observed and simulated AAOD
fields.

Our final comparison considers the range of AAOD and ERFari reported in recent
multimodel assessments from the literature. This comparison folds in many sources
of model uncertainty, including differences in the treatment of mixing state which has
been shown to have substantial impact on simulated BC absorption (Sand et al., 2021;
Glif§ et al., 2021), as well as differences in the parameterization of aerosol transport

and deposition. The individual assessments are described in Section 4.4.

4.4 Results

4.4.1 Absorption Aerosol Optical Depth

Modifying the BCRI directly modifies BC absorption, and we thus begin by assessing
the its impact on AAOD (Figure 4.4.1). By changing from the low to medium (high)
BCRI, global-mean 2015-2019 AAOD increases by 8.09 x 10~ or 27% (1.26 x 1073 or

42%). Absolute increases are, unsurprisingly, largest over major source regions, but
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Figure 4.4.1: Maps show ensemble-median, 2015-2019 mean AAOD in (a) the low-
absorption ensemble, (b) medium minus low absorption ensemble, (¢) high minus
low absorption ensemble. Stippling in (b) and (c) indicates regions where the dif-
ference between time-averaged ensembles is statistically significant at the 5% level
according to a two-sided Students t-test; the global-mean AAQOD difference is statis-
tically significant for both medium- and high-absorption ensembles. Timeseries show
global-mean AAOD in the low (purple), medium (magenta), and high (orange) ab-
sorption ensembles, over (d) 1950-2019 and (e) 2015-2019. Panel (f) compares the
difference in ensemble-median, 2015-2019 mean AAOD between low and high absorp-
tion ensembles (dark pink) to the spread in AAOD obtained from simulations using
different emission inventories (gold) and to the range in remotely-sensed AAOD from
different satellites (teal) in 8 different geographic regions, and to the overall range in
AAOD from AeroCom Phase III models (Sand et al., 2021) for the near-global region
only (indigo). Shaded envelopes in panels (d) and (e), and error bars in panel (f),
denote the 5th-95th percentile range across ensembles.
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both medium- and high-absorption ensembles are statistically significantly different
from the low-absorption ensemble everywhere (Figure 4.4.1b, c¢). There is no overlap
between the low- and medium- or high-absorption ensembles of global-mean AAOD
(Figure 4.4.1d,e), and as absorption increases, so too does the magnitude of the trend
in AAOD over 1950-2019 (Figure 4.4.1d).

Figure 4.4.1f compares the regional increases in AAOD from varying the BCRI
to the increases obtained by varying the aerosol emissions and to the differences in
observed AAOD from the MISR and POLDER-GRASP satellites. Region definitions
are provided in Table 4.A.1 and Figure 4.A.2. The “near-global” and “Northern
Hemisphere” domains exclude latitudes poleward of 60° where the satellite retrievals
are poorly sampled. Most of the regional variation in the increase of AAOD caused
by varying the BCRI comes from differences in the local BC burden (Figure 4.A.2);
the relative increase is fairly consistent, varying from 39-47%.

The choice of aerosol emission inventory has the greatest impact in regions where
the two inventories are the most different and where the baseline emissions are high.
The largest emissions-based AAOD increase, both in absolute terms and relative
to the BCRI increase, occurs in East Asia where both conditions are satisfied; the
smallest occurs in South Asia where the two inventories are nearly identical. These
increases are a factor of 1.5 larger than, and a factor of 16 smaller than, the BCRI
increases respectively; the 60°S-60°N average is approximately 60% of the BCRI in-
crease. Note that these values do not indicate the overall uncertainty in global or local
emissions, only the spatial distribution of updates to the inventories being considered.
For example, Pan et al. (2020) report a factor of seven difference in Southeast Asian
biomass burning emissions from different inventories (a more accurate representation
of emission uncertainties in this region), whereas we see almost no change between
the inventory versions considered in this assessment.

In all regions the range of AAOD between different satellites is substantially larger
than the range of simulated AAOD in CanAM5.1-PAM under different configurations.
This is expected given the challenges in constraining remotely sensed AAOD (Samset
et al., 2018b). Even so, in regions where the BC burden is high the impact of BCRI
on AAOD can be as much as a third as large as the difference between satellites.
Averaged over the near-global domain, the inter-satellite discrepancy is a factor of
seven larger than the BCRI-based AAOD increase. The satellite differences will be
largest in regions where characteristics of the geography increase retrieval uncertainty

(e.g. regions with more reflective surfaces) and in regions where the satellites differ



91

in their sensitivity to the dominant aerosol type.

Finally, for the near-global domain only we compare with the spread in global-
mean AAOD from AeroCom Phase III models (Sand et al., 2021). AeroCom Phase IIT
estimates of the global-mean AAOD in simulations forced with 2010 emissions range
from 2.04 x 1073 to 9.78 x 1073 for an overall range of 7.75 x 10~3 or approximately 6
times that obtained by varying the BCRI alone. This is similar to the range of AAOD
between satellites, and as shown in Figure 4.A.1, the distribution of zonal-mean
AeroCom Phase III AAOD is approximately bracketed by the zonal-mean AAOD
from MISR and POLDER-GRASP. The 15 AeroCom models have BCRI spanning
between our low and high values, but the BCRI alone does not explain the intermodel
spread, as discussed further in Section 4.5.

Overall, the sensitivity of simulated AAOD to the choice of BCRI is comparable
to its sensitivity to recent updates to the aerosol emission inventory within the same
model. Between models, or between satellites, the AAOD spread is a factor of 6 to 7
larger.

Despite the fact that BC generally makes up a small fraction of total aerosol
extinction (Bond et al., 2013), we do see regionally significant increases in total AOD
when BC absorption is increased (Figure 4.A.3). These changes are particularly
evident in Central and South Africa, South America, and the northern latitudes.
These are all regions with high emissions from biomass burning, which are associated
with a higher ratio of BC emissions. Heavily polluted regions, such as South and
East Asia, do not show an AOD dependence on BCRI, likely because AOD in these
regions is dominated by sulfate. There is not a statistically significant difference

between globally-averaged AOD in the three core ensembles.

4.4.2 Aerosol-Radiation Forcing

The BCRI directly affects the interaction of BC with incoming solar radiation and
therefore the aerosol-radiation forcing ERFari. Figure 4.4.2 summarizes the variation
in shortwave BC ERFari across our three ensembles.

Changing from the low to medium (high) BCRI increases global-mean BC ERFari
from 0.19 W/m? to 0.25 W/m? (0.28 W/m?), an increase of 32% (47%). These
increases are largely confined to the Northern Hemisphere, and for the high-absorption
ensemble, are statistically significant in most regions where the low-absorption BC
ERFari is significantly nonzero (Figure 4.4.2¢). Global-mean BC ERFari in both
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Figure 4.4.2: Panels (a-e): as Figure 4.4.1 but for BC ERFari. Heavy lines in (d)
show 11-year rolling means. Panel (f) compares the difference in BC ERFari between
low and high absorption ensembles to the multimodel range from the Thornhill et al.
(2021) assessment (blue), and to the statistical uncertainty in the AMAP (2021)
assessment (tan). The global-mean increase of 0.09 W/m? referenced in the title of
panel ¢ does not match the median increase of 0.11 W/m? shown in panel f because
panel ¢ shows the difference between ensemble medians, whereas panel f shows the
ensemble distribution of global-mean differences between individual realizations.
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the medium- and high-absorption ensembles are significantly different from the low-
absorption level at the 5% level. There is more interannual variability in the timeseries
of global-mean BC ERFari than there is in AAOD, likely due to the dependence of
ERFari on cloud fields (Figure 4.4.2d,e). Despite this variability, ERFari trends over
1950-2019 increase with BCRI as the AAOD trends do.

The uncertainty in BC ERFari attributable to the choice of BCRI can be com-
pared to results from two recent literature assessments. We first compare with the
multimodel range of BC ERFari assessed by Thornhill et al. (2021), and then with
the statistical uncertainty in BC ERFari reported by the Artic Monitoring and As-
sessment Program (AMAP) 2021 report. We emphasize that these are fundamen-
tally different quantities with different interpretations. Furthermore, Thornhill et al.
(2021) and AMAP (2021) estimate ERF for different time periods, assuming differ-
ent emission inventories, and using different methodology in their calculations, so the
studies’ best estimates are not directly comparable to our results or to each other.
The comparisons are nevertheless useful in contextualizing how much of an impact
uncertainty in the BCRI has on that of BC ERFari.

Thornhill et al. (2021) calculated ERF for numerous aerosol and greenhouse gas
species for 1850-2014 based on results from AerChemMIP (Collins et al., 2017). Eight
models provided estimates of total BC ERF but only four decomposed this ERF
into contributions from radiation, cloud, and surface albedo forcings. These four
models (CNRM-ESM2, MRI-ESM2, NorESM2, and UKESM1) simulated BC ERFari
of 0.37 W/m?, 0.13 W/m?, 0.35 W/m?, and 0.26 W/m? respectively, for an overall
range of 0.24 W/m?. This is a factor of 2.5 larger than the difference in ERFari
simulated by our low- and high-absorption ensembles. The four models use a narrow
range of high-absorption BCRI: mss0um = 1.95 — 0.79¢ (MRI-ESM2 and NorESM2),
Mss50nm = 1.85 — 0.71¢ (UKESM), and mss0nm = 1.83 — 0.74i (CNRM-ESM2). The
assessed range thus did not stem from differences in the BCRI, although differences
in the treatment of mixing states could still result in different levels of BC absorption.
The results of Thornhill et al. (2021) provide the basis for the assessed BC ERFari
in the latest Intergovernmental Panel on Climate Change (IPCC) assessment report,
ARG (Szopa et al., 2021); as AR6 did not itself quote an uncertainty range for BC
ERFari, we do not otherwise include it in this comparison.

AMAP (2021) assessed radiative forcing for 1850-2015 using a different aerosol
emission inventory than Thornhill et al. (2021). Five models contributed data for
BC ERF, but only two provided the decomposition into ERFari: MRI-ESM?2 and our
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own CanAMS5-PAM, with BCRI of ms50nm = 1.95 — 0.79¢ and msson,, = 1.75 — 0.444
respectively. The reported ERFari derived from these two models was 0.27 £ 0.04
W/m?2. Unlike the Thornhill et al. (2021) and AeroCom results discussed above,
this + 0.04 W/m? is an estimate of statistical uncertainty rather than a multimodel
range. It represents the precision to which ERFari can be determined when derived
from 100-year integrations of two Earth system models. The overall uncertainty
range of 0.08 W/m? is ~80% of the range we obtain by varying the BCRI within
one model, suggesting that a different choice of BCRI in either model could have
materially impacted the assessed ERFari.

Varying the BCRI, and thus the absorption, of atmospheric BC is found not to
have a statistically significant impact on the aerosol-cloud forcing or total BC forcing.
This experiment did not vary the BCRI within cloud droplets or when deposited on
snow, so the only impact on clouds would be via the impact of changes in atmospheric

temperature profiles, discussed below.

4.4.3 Temperature and Precipitation

Black carbon influences global and regional temperature (AMAP, 2021; Bond et al.,
2013; von Salzen et al., 2022), mean and extreme precipitation (Samset et al., 2016;
Samset, 2022; Sand et al., 2020), and the Asian monsoon (Ganguly et al., 2012; Li
et al., 2016; Westervelt et al., 2020; Xie et al., 2020). The sensitivity of these fields
to the BCRI cannot be assessed in this study as the three ensembles used the same
set of prescribed sea surface temperatures. We can, however, examine temperature
changes from the radiative heating of the atmosphere by BC in the mid and upper
troposphere, and draw on other works to estimate potential precipitation changes.
Figure 4.4.3 illustrates the vertical distribution of temperature changes obtained
by varying the BCRI. Although near-surface air temperatures are constrained by the
prescribed sea surface temperatures, statistically significant zonal-mean warming is
evident over the northern midlatitudes starting at about 850 hPa. At 600 hPa and
above, this warming is mostly confined to regions above and downwind of East and
South Asia; at lower altitudes, significant warming is also apparent over or downwind
of Africa and South America. Large temperature responses are apparent at the poles
in Figure 4.4.3a but note that these changes are not statistically significant, and that
they correspond to small geographic areas. The mid-tropospheric warming does not

appear sufficient to impact local cloudiness in our model: there are not statistically
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Figure 4.4.3: Difference between tropospheric temperatures in the high- and low-
absorption ensembles. (a) Vertical profile of zonal-mean temperature differences.
(b): spatial distribution of temperature differences at 850 hPa. Stippling indicates
statistically significant temperature anomalies.
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significant differences between the low- and high-absorption cloud fractions at these
levels.

To estimate the potential impact of BCRI on precipitation, we draw on the results
of Samset (2022) who derived an expression for global-mean precipitation suppression

as a function of changes in AAOD:

dP dAbs

AP = s X TAA0D

AAAOD = —4646 + 1600 mmy~*(unit AAOD) ™' (4.4.1)

where P denotes the precipitation rate in mm/year and Abs denotes atmospheric
absorption, defined as the difference between top of atmosphere and surface radiative
forcings in units of Wm™2. A numerical estimate of the first term in Equation 4.4.1
was derived from historical simulations in AeroCom Phase 1T and CMIP6 models,
and the second term was drawn from the results of Samset et al. (2016) and Persad
et al. (2022). Applying Equation 4.4.1 to the global-mean, ensemble-median increase
in AAOD obtained by changing from the low to high BCRI yields an estimated
precipitation suppression of 5.9 £+ 2.0 mm/year. It is extremely unlikely that this
signal would be detectable in the global mean. It is possible, however, that regional

changes could be considerably larger.

4.5 Discussion

We have demonstrated that increasing the BCRI across the range of values commonly
used in the climate modeling literature can increase global-mean AAOD by 42%
and BC ERFari by 47%. The resulting increase in the absorption of solar radiation
can increase temperatures in the mid and upper troposphere by as much as 0.4°C
over major BC source regions, even without considering the potential impacts of BC
on sea surface temperatures and sea ice which we have not addressed. For these
key BC-relevant fields, therefore, the choice of BCRI is an important and perhaps
underappreciated one.

In order to motivate their review on constraining global and regional aerosol ab-
sorption, Samset et al. (2018a) briefly explored the effects of modifying the optical
properties of BC in CESM1.2. They modified the BCRI by an amount sufficient to
increase the resulting AAOD by approximately one standard deviation of the reported
AAOD range from AeroCom Phase IT (Myhre et al., 2009a). Although they do not
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report the change in BCRI that was necessary to obtain this increase, the result was
an increase in AAOD from 3.0 x 1072 to 4.3 x 1073 (+1.3 x 1073 or 43%), almost
identical to the difference between our low- and high-BCRI ensembles. This increase
in absorption led to a global-mean instantaneous ERF of 0.2 W/m? relative to the
control configuration. In our analysis the median increase in total BC ERF was 0.1
W /m?, but was not statistically different from zero.

Diversity in simulated aerosol absorption in AeroCom Phase III models was in-
vestigated by Sand et al. (2021). As described in Section 4.4.1, AeroCom Phase II1
models exhibited a wide range of absorption, with global-mean AAOD attributable
to BC ranging from 0.7 x 1073 to 7.7 x 1073. However, they did not display a clear
relationship between BCRI and overall absorption. Aerosol absorption is not purely
a function of BCRI but rather the result of many competing and uncertain processes
(Glif et al., 2021; Koch et al., 2009; Myhre et al., 2009a; Sand et al., 2021). Sand et al.
(2021) attribute the AeroCom Phase III spread to three main factors: diversity in the
simulated mass load, which ranged from 0.13 to 0.51 mg/m?, driven by differences in
deposition processes and thus in aerosol lifetime; diversity in the prescribed density of
black carbon, which ranged from 1.0 to 2.3 g/cm?; and diversity in the BORI, which
ranged from 1.75-0.44i to 1.95-0.79i. These three factors contributed similarly to the
overall model spread. There was also substantial diversity in the treatment of mixing
state, both in terms of the mixing itself and in the calculation of resultant effective
optical properties of the mixture, between the participating models. Between the
diversity in effective refractive index due to differences in absorption enhancement
from mixing, and the diversity of assumed BC density, the correlation between BCRI
and mass absorption cross section was found to be low (0.2). Thus while BCRI is an
influential parameter choice when all else is held equal, its impact is modulated by
the competing effects of other parameterizations.

Although our analysis encompasses the range of BCRI typically used in the cli-
mate modelling community, more extreme values may be possible. Bescond et al.
(2016) report a value of ms30,,, = 1.48 — 0.847 derived from observations of ethylene
flame. With E(mssen,) = 0.407, compared to E(mssonm) = 0.177 to 0.255 in our core
ensembles, this choice of BCRI indicates far stronger absorption than we have con-
sidered in our main analysis. Tt is likely not representative of the BC being simulated
by Earth system models, because most atmospheric BC comes from more complex
sources such as coal, propane, or biomass burning, and because BC undergoes rapid

morphological transitions after its emission (Ramachandran and Reist, 1995) which
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alter its optical properties. It nevertheless provides a useful upper limit on the range
of plausible BCRI impacts. When used in a fourth ensemble of simulations, the result-
ing global-mean, ensemble-median AAOD is 7.76 x 1073, an increase of 1.77 x 1073 or
59% over the low-absorption ensemble. BC ERFari increases by 0.19 W/m? or 100%.
Although these increases are substantial, they do not affect our overall conclusions

on the importance of BCRI relative to other sources of uncertainty.

4.6 Conclusions

The radiative forcing of black carbon is subject to many complex, interconnected
sources of uncertainty. We have isolated one key factor, the refractive index (BCRI),
and demonstrated its impact on the simulation of several fields. With all other
parameterizations held equal, increasing the BCRI from mss0,,, = 1.75 — 0.447 to
Mss50nm = 1.95 — 0.797 can increase global-mean AAOD by 42% and BC ERFari
by 47%. The impacts on AAOD are comparable to the effects of recent updates to
anthropogenic and biomass-burning aerosol emission inventories, and in BC source re-
gions, the difference in AAOD between low- and high-absorption ensembles is a third
as large as the difference in AAOD retrieved from MISR and POLDER-GRASP satel-
lites. The increase in BC ERFari is comparable to the uncertainty in recent literature
estimates. While we do not attribute the spread in model estimates of AAOD and
ERFari to diversity in BCRI — rather, the multimodel spread arises from a combina-
tion of BC parameter choices including BCRI and density, the treatment of mixing
and ageing, and the parameterization of transport and deposition processes, among
other factors — the similar magnitude emphasizes the importance of considering BCRI

choices in model development and multimodel comparisons.
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4.A Appendix to Chapter 4

4.A.1 CanAM5.1-PAM

The Canadian Atmospheric Model version 5 (CanAMb5; Cole et al. (2023)) is the at-
mospheric component of the Canadian Earth system model CanESM5 (Swart et al.,
2019). Here we use CanAMS5.1, which contains a number of technical and scientific
updates. Most importantly for aerosol modeling, these updates eliminate the occa-
sional formation of spurious tropospheric dust storms seen in CanESM5 (Sigmond
et al., 2023).

CanAM5.1 can be run with either of two aerosol schemes: a bulk scheme, which
simulates aerosol mass budgets and is typically used for large ensembles, or the PLA
Aerosol Model (PAM). PAM uses the Piecewise Lognormal Approximation (PLA;
von Salzen (2006)) method to simulate aerosol size distributions using a series of
truncated, non-overlapping lognormal modes. Each truncated mode has a specified
width; the magnitudes and mode radii are calculated from the predicted mean masses
and number concentrations in each section at each timestep.

PAM accounts for internal and external mixing states (Riemer et al., 2019). Black
carbon and organic carbon are emitted as externally mixed, hydrophobic aerosol,
represented by one mode each. Upon ageing (7=1h/24h during the day/night) these
tracers are merged with pre-existing internally mixed aerosol, which is represented
by 3 modes. Dust and sea salt are externally mixed and are represented by two
modes each. Sulfate aerosol can form from ternary homogeneous nucleation of water
vapour, gaseous sulfuric acid (HySO,), and ammonia, after which point it grows
by coagulation, or by condensation of water vapour, H,SO,, and secondary organic
aerosol precursor gases (Dunne et al., 2016). All sulfate aerosol is contained within
the 3 internally mixed modes and assumed to be fully neutralized by ammonium.

Aerosol sinks in PAM include dry deposition, which depends on ground-surface
properties and the near-surface aerosol concentration (Zhang et al., 2001); wet de-
position by below-cloud scavenging (Croft et al., 2005); and in-cloud scavenging in
convective and layer clouds (Croft et al., 2005; von Salzen et al., 2013). Both below-
cloud and in-cloud wet deposition rates are proportional to the precipitation formation
rate.

Aerosol activation and cloud droplet growth are determined using pre-calculated

solutions to the cloud droplet growth equation for an adiabatically rising air parcel



100

2015-2019 mean abs550aer (60S-60N)

zonal mean: all-surface seasonal cycle: all-surface
0.025 A —— be-rilo-ctrl
m—— be-rimid-ctrl
be-rihi-ctrl 0.0150
0020 1 fl?;;kifQ:ts, spread=years) i
o Ge(;ugoml_\\ (_Sanc)i 2021) o 00125
O 10 emissions; o]
0.015 -
3 8 0.0100
un n
‘@ ‘@
2 0.010 A £ 0.0075
© ©
0.005 1 0.0050 1 /\_
0.0025 - -——-—‘—_/\._
0.000 1
-75 =50 -25 0 25 50 75 Jan Apr Jul Oct
zonal mean: land-only seasonal cycle: land-only
0.04 -
0.020 1
. 0.03 -
8 ¢ 0.015
2 2
i 0.02 - in
2 3 0.010 -
© o] .
0.01 A A
0.005 -
0.00 -
-60 —-40 -20 0 20 40 60 Jan Apr Jul Oct
zonal mean: ocean-only seasonal cycle: ocean-only
0.020 1 0.0150 -
0.0125 -
0.015 1
@ @ 0.0100 A
© ©
A 0.010 R
n 1n 0.0075 A
%) wn
Q o)
° ®© 0.0050
0.005 A :
W 0.0025 ——
0.000 -
-60 -40 -20 0 20 40 60 Jan Apr Jul Oct
latitude month

Figure 4.A.1: 2015-2019 zonal mean (left column) and seasonal cycle (right column)
of AAOD in PAM ensembles (coloured lines), satellite retrievals (yellow envelopes),
and AerCom Phase III models as reported in Figure 2 of Sand et al. (2021) (pink
envelope). For PAM models, individual lines denote individual realizations, averaged
over 2015-2019. For satellites, the width of the envelope shows the min-max range
over the 5 years in question (2015-2019 for MISR, the lower envelope, and 2006-
2010 for POLDER-GRASP, the higher envelope). The AeroComlII envelope indicates
the full min-max range across models, for simulations forced with 2010 emissions.
PAM is generally in closer agreement with MISR than POLDER-GRASP, and within
the range of both zonal means and seasonal cycles simulated by AeroCom Phase 111
models.
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near the cloud base (Wang et al., 2022). These solutions are stored in lookup tables
and referenced using a numerically efficient iterative approach. The simulated cloud
droplet number concentration is used to compute the effective radius of the cloud
droplets (Peng and Lohmann, 2003) according to the first indirect effect (Lohmann
and Feichter, 2005). In the model configuration used here, the second indirect effect
is included via autoconversion of cloud to rain droplets (Cole et al., 2023).

Aerosol optical properties in PAM are determined from pre-computed lookup ta-
bles, allowing us to generate separate lookup tables for each choice of BCRI. These
tables contain optical properties as a function of relative humidity, wavelength, and
particle size, calculated using Mie theory. For internally mixed aerosol an effective
refractive index is simulated using the Maxwell-Garnett approximation (Wu et al.,
2018).

CanAM5.1-PAM’s simulated AAOD is in good agreement with other Earth sys-
tem models and, to the extent that this can be determined given the associated un-
certainties, with observations (Figure 4.A.1). The AMAP (2021) report found that
CanAMS5-PAM was the only model among those assessed that was able to reproduce
the observed vertical profile of BC in both the Arctic and northern midlatitudes,
although it overestimated BC concentrations near the surface for latitudes north of
60°N.

In this work we only vary the refractive index of atmospheric BC. PAM also in-
cludes representations of the albedo effects on BC deposited on snow and ice (Namazi
et al., 2015) and absorption of solar radiation by BC-containing cloud droplets (Li
et al., 2013), but the optical properties of BC in these settings are not modified in
this work.

In the simulations conducted for this analysis, transient historical sea surface tem-
peratures and sea ice concentrations were specified using the PCMDI observational
dataset (Taylor et al., 2000) and historical sea ice thickness for the Northern and
Southern Hemispheres were taken from PIOMAS (Zhang and Rothrock, 2003) and
ORAPS5 (Zuo et al., 2017) reanalyses respectively.

4.A.2 Region Definitions

The regions used in Figures 4.4.1 and 4.A.3 are defined in Table 4.A.1. Figure 4.A.2
shows these region boundaries overlaid on a map of black carbon burden from the
low-BCRI ensemble.
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Figure 4.A.2: Black carbon burden (2015-2019 mean, ensemble median) in the low-
BCRI ensemble, with analysis regions indicated in blue. Not shown are the near-
global (60°S-60°N) and northern hemisphere (0°N-60°N) domains. Region definitions
are listed in Table 4.A.1.

Region longitude range [°E] | latitude range [°N]
Near-Global 0, 360 -60, 60
Northern Hemisphere 0, 360 0, 60
East Asia 100, 145 20, 50
South Asia 60, 100 5, 30
Europe 0, 35 35, 60
USA 235, 290 25, 50
C. Africa 0, 40 -11, 15
S. America 280, 325 -40, 0

Table 4.A.1: Definitions of the regions used in Figures 4.4.1 and 4.A.3 and shown in
Figure 4.A.2. The East Asia and South Asia definitions are taken from the SREX
regions used in TIPCC AR5, and the C. Africa region combines the SREX regions EAF
and WAF (excluding the portion of WAF west of the prime meridian).
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4.A.3 Total-AOD Results

Figure 4.A.3 reproduces Figure 4.4.1 but for total AOD.
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Figure 4.A.3: As Figures 4.4.1 and 4.4.2 but for total aerosol optical depth. BC RI
has regionally significant impacts on AOD but the global mean does not differ sig-
nificantly between low- and high-absorption ensembles. In panel (f), AOD retrievals
are taken from MISR, the Moderate Resolution Imaging Spectroradiometer (MODIS;
Platnick et al. (2017); King et al. (2013), comparing Aqua and Terra results sepa-
rately), and the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP, Winker
et al. (2009)). The AOD range is calculated as the difference between the highest
and lowest region-mean values, which in all regions considered turns out to be the
difference between MODIS Terra and MISR respectively.
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Chapter 5
Conclusions

The three projects described in this thesis are united by a common underlying ques-
tion: how well can we predict the impacts of future emission reductions? But the
specific topics which this question were explored are a product of the context in which
this thesis was written.

Living in Canada, the first tangible expression of the emerging COVID-19 pan-
demic was the curtailing of international travel. In March and April of 2020, as I
prepared to start my PhD), international borders were closing and domestic travel
was being discouraged. As a result, global aviation levels were plummeting at an
astonishing rate. As well as being one of the first indications that the international
COVID-19 response might have detectable climate impacts, this aviation reduction
was one of the first readily available dataset on the topic, with near-real-time updates
available through FlightRadar24 (2020a). The climate impacts of aviation, and the
changes thereof during COVID-19, were thus a natural place to begin my PhD re-
search. That first project culminated in the publication which now makes up Chapter
2 of this thesis.

In that project, I used the COVID-19 flight reductions to study aviation-induced
cirrus (AIC). Despite a sustained global reduction in air traffic, with April 2020 flight
numbers less than 40% of their 2019 levels (FlightRadar24, 2020¢), aviation-weighted
cirrus coverage was not significantly reduced in Spring 2020. A regression model based
on the contrail cirrus simulations of Bock and Burkhardt (2016a) did not exhibit
a statistically significant dependence of cirrus anomalies on aviation intensity, and
suggested that current models may overestimate the impacts of aviation on cirrus.
There was also no significant change in diurnal temperature range (DTR) during

this period, indicating that apparent DTR changes identified after previous much
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shorter and more geographically limited flight disruptions (Hong et al., 2008; Sandhu
and Baldini, 2018; Travis et al., 2002) were unlikely to have been caused by changes
in aviation. Based on these results, I provide the first observationally-constrained
estimate of the effective radiative forcing (ERF) from AIC: 8 (—3, 22) mWm™? for
2018. This estimate relies on many simplifying assumptions, most notably assuming
that ERF scales linearly with cirrus coverage. In reality ERF depends on optical
thickness, which is a function of ice crystal properties (shape, size, and number) and
of ambient conditions (e.g. temperature, humidity, wind shear) Kércher et al. (2009);
Yang et al. (2010); Bock and Burkhardt (2016a); Kércher et al. (2021), and on what
surface the cirrus overlays Yang et al. (2010). These assumptions may explain why
my observationally-constrained estimate is so much lower than the Lee et al. (2021)
multimodel estimate of 57 (17, 98) mWm™2. Alternatively, if ERF does to first order
scale with cirrus coverage, the discrepancy has two plausible interpretations. First,
aircraft could produce less AIC than previously thought, such that removing this
source of cirrus had little impact on total cirrus coverage. Second, the competition
between natural and aviation-induced cirrus could be stronger than predicted by
current models, such that more natural cirrus formed to take the place of AIC when
the latter was reduced. These two scenarios cannot not be disentangled in the analysis
presented here. Future studies could break this degeneracy by looking at changes in
the optical properties of cirrus during future flight groundings, for example using
observations from the upcoming High-altitude Aerosols, Water, and Clouds (HAWC)
mission (Canadian Space Agency, 2023).

As Istudied aviation and its impacts on cirrus cloud, the climate modeling commu-
nity was rapidly cataloguing the broader climate impacts of the COVID-19 lockdowns.
Le Quéré et al. (2020) and Forster et al. (2020) used mobility data to estimate the
reduction in greenhouse gas and aerosol emissions through the first 6 months of 2020,
and from these estimates emerged the COVID-19 Model Intercomparison Project
(CovidMIP; Jones et al., 2021). By the time I was completing my first project, Covid-
MIP had been used to assess the large-scale climate responses to both the COVID-19
lockdowns and a variety of potential recovery scenarios. However, no detailed analy-
sis of the aerosol response had yet been conducted. There was a rapidly expanding
literature on the air quality impacts of the COVID-19 emission reductions (Gkatzelis
et al., 2021), and a handful of studies estimating simulated aerosol forcings (Fasullo
et al., 2021; Fiedler et al., 2021; Forster et al., 2020; Fyfe et al., 2021; Gettelman et al.,
2021; Jones et al., 2021; Weber et al., 2020), but no studies had used the observed



106

aerosol responses to COVID-19 to evaluate model simulations. My second project,
described in Chapter 3, aimed to fill this gap.

In this project I investigated changes in total and dust-subtracted aerosol optical
depth (AOD) in major aerosol source regions. Despite dramatic emission reductions
in all of the regions considered, only India experienced a statistically significant re-
duction in total or dust-subtracted AOD. The signals of more systematic emissions
policies, such as clean air legislation in China (Wang et al., 2021; Zheng and Unger,
2021; Paulot et al., 2018), are however visible in the AOD record, suggesting that de-
liberate air quality policies are more effective at driving large-scale AOD reductions.
Earth system models from the CovidMIP project initially appeared to overestimate
the dust-subtracted AOD response to COVID-19, but sensitivity tests revealed that
a substantial portion of the discrepancy was related to biases in the emission inven-
tory used to construct the COVID-19 scenario (Wang et al., 2021). The CovidMIP
experiment was originally developed in terms of fractional emission reductions, and
applying these same fractional reductions to a corrected baseline resulted in a smaller
perturbation in better agreement with the observations. The impacts of perturba-
tion size and meteorological variability on model evaluation were also investigated,
but further assessment of the simulated total and dust-subtracted AOD anomalies
were limited by observational uncertainty. The results of this study provide evidence
that, given accurate model inputs, current Earth system models can predict the AOD
response to other emission reduction scenarios to within observational uncertainty.

Having demonstrated that Farth system models can robustly predict the response
of aerosol optical depth to emission reductions, an obvious follow-up question was how
well they could predict the resulting climate impact. While finishing the analysis
that now comprises Chapter 3, I began contributing to aerosol model development
and evaluation with the Canadian Centre for Climate Modeling and Analysis. In the
course of this work we had noted that varying the refractive index of black carbon
had striking impacts on simulated absorbing aerosol optical depth (AAOD). Given
the uncertainty in, and policy relevance of, the climate impacts of black carbon, the
sensitivity of these quantities to uncertainty in the refractive index seemed a natural
final project. Thus Chapter 4 took shape.

Chapter 4 investigated the sensitivities of AAOD and the effective radiative forcing
from black carbon - radiation interactions (BC ERFari) to uncertainty in the refractive
index of black carbon (BCRI). This was the first study to isolate the impacts of BCRI

in a single atmospheric model, independent of differences in other parameterizations.
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I demonstrate that varying the BCRI across values commonly used in the climate
modeling community can increase AAOD by 42% and BC ERFari by 47%. Since
AAOD is commonly used in observational evaluation of simulated black carbon (e.g.
Sand et al., 2021; Glif§ et al., 2021), and BC ERFari is key to understanding BC’s
climate impact (Thornhill et al., 2021; Szopa et al., 2021), these differences have
important ramifications for model development and evaluation. Although simulated
aerosol absorption is a product of many different interacting parameterizations, the
results presented in this chapter clearly demonstrate the importance of considering
the BCRI in future model intercomparison projects.

Taken together, these three chapters demonstrate the power of combining observa-
tions, multimodel comparison projects, and targeted model sensitivity tests to reduce
uncertainty in the impacts of human-climate interactions. COVID-19 in particular
provides a unique opportunity to test both our understanding of current anthro-
pogenic impacts on the climate (e.g. via the first observational constraint on the
radiative forcing of aviation-induced cirrus) and our ability to predict the impacts of
hypothetical future changes (e.g. via observational evaluation of Earth system model
simulations of rapid emission reductions). Although the emission reductions associ-
ated with the COVID-19 pandemic have proven too short to produce lasting impacts
on the climate, it is my sincere hope that the scientific insight gained by studying

this period of upheaval will aid in the creation of more lasting change.
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