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Abstract

Understanding Regional Aerosol Variability and Trends Through Satellite Constraints

on Arctic Processes and Source Region Drivers

Sarah Elise Smith

Globally, aerosols exert a strong influence on Earth’s energy balance by absorbing or re-

flecting solar radiation, and modifying cloud radiative characteristics. However, both global and

regional radiative effects from aerosol remain highly uncertain, both in the present climate and

under future emissions scenarios. In the present climate, some of that uncertainty arises from poor

constraints on the variability of aerosol loadings in space and time. This is especially true in remote

regions like the Arctic, where observations are sparse. As aerosol radiative effects depend on fac-

tors such as solar insolation, temperature, surface albedo, and moisture availability—all of which

also vary across regions and seasons—improving constraints on the spatiotemporal variability of

aerosol within remote regions, and the processes governing that variability, is an important step for

understanding the energy budget in such locations. The Arctic in particular is both highly sensitive

to variations in radiative forcing, and also shapes important feedbacks that affect the rest of the

global climate. Hence, constraints on the processes governing aerosol variability in this region are

especially important for understanding both the regional energy balance and the long term effects

of Arctic warming on the broader climate system.

In populated, industrial regions, observations are less limited, but uncertainty surrounding fu-

ture aerosol impacts arises from challenges disentangling natural and anthropogenic signals, as



well as scenario uncertainty stemming from the inherent unpredictability of human activities.

Recent air pollution regulations in many countries have produced multi-year declines in anthro-

pogenic emissions. At the same time, increasing summertime emissions from wildfires have

changed the chemical and seasonal distribution of global and regional aerosol burdens. In the

near-future, anticipated further declines in industrial emissions are expected to unmask additional

warming from greenhouse gases. However, such declines are likely to be regionally inhomoge-

nous, and the extent to which political and social changes influence local emissions remains dif-

ficult to predict. Lockdown periods during the COVID-19 pandemic provided an opportunity to

examine the effects of lifestyle changes on aerosol burdens, globally and in different source re-

gions, and to disentangle the effects of societal changes from long-term trends and natural sources

of variability.

Satellite observations of aerosol optical depth (AOD) are widely used for assessing variability

and trends in global and regional aerosol burdens, providing high resolution, long-term coverage

across much of the globe. Indeed, these data products play a central role in this dissertation.

However, over the course of my research I found that many satellite and reanalysis AOD products

exhibited a seasonal cycle opposite to that found in ground-based station measures and satellite

lidar products, over the mid to high latitudes. This discrepancy suggests that biases in retrieval

processing may be distorting representations of seasonality in these regions. Understanding the

causes of these biases and assessing the magnitude of their effects is an important step toward

improving aerosol characterization in future research, while also offering an opportunity to address

fundamental questions in remote sensing.

In Chapters 2 and 3 of this dissertation, I use satellite observations of aerosol optical depth

(AOD) to examine the processes governing aerosol spatiotemporal variability in the Arctic, and

to disentangle the effects of long-term trends, natural variability, and pandemic-related lifestyle

changes on source region aerosol burdens over the first year of the pandemic. In Chapter 4, I

assess the extent to which sampling biases, data quality, retrieval geometry, and lidar retrieval arti-

facts contribute to the biases in seasonality described above. To address the first question, I applied



a K-Means clustering algorithm to monthly median (2007-2021) Arctic AODs, finding four dis-

tinct aerosol seasonality regimes. The subregions corresponding to each regime exhibited distinct

topographic, ecological, and meteorological characteristics that likely affect transport, emissions,

and deposition. This chapter constrains aerosol variability in the Arctic and identifies potential

drivers of subregional variations in seasonality.

To understand the role of lifestyle changes on regional aerosol burdens, I compared the effects

of the pandemic lockdowns with long-term trends and variations in AOD from natural aerosol

sources, such as dust and smoke, in four major Northern Hemisphere source regions. I found

that in most regions, the lockdown-signature was smaller than the effects of long-term trends.

In one region (India), natural variability from dust emissions eclipsed the lockdown-signature by

an order of magnitude, while smoke emissions from wildfires in the Western United States (US)

masked pandemic-signatures in both the US and Europe in the later part of the year. These findings

suggest that emissions changes resulting from individual lifestyle changes may play a relatively

minor role in shaping global and regional aerosol burdens, and that policy-driven changes, climate

change feedbacks, and natural variability in aerosol emissions may exert greater influence on future

aerosol trends and their associated climate impacts.

Finally, in Chapter 4 I use colocated retrievals from lidar and a passive sensor instrument to

show that seasonality biases between data products arise from the interplay between passive sen-

sor retrieval quality and retrieval geometry. Specifically, passive sensor retrievals flagged as "low-

quality" declined relative to lidar measures as the solar zenith angle (SZA) increased, while those

flagged as "high-quality" remained stable. In the winter in the mid to high latitudes, "low-quality"

retrievals predominate and the SZA is high, resulting in systematically lower average passive sen-

sor AODs. In contrast, the NH summer is characterized primarily by “high-quality” retrievals at

most latitudes, such that aggregate products maintain a constant high bias relative to lidar. I further

demonstrate that the drivers of globally low biases in lidar products do not vary with solar geom-

etry, and that the effects of sampling biases on seasonality are small compared to the combined

influence of retrieval quality and the SZA on passive sensor retrievals. The findings described in



Chapter 4 will help data users interpret measurements of Arctic and midlatitude aerosol in different

seasons, while also contributing to improved constraints on satellite retrievals of reflectance and

AOD under complex viewing conditions.
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Chapter 1: Introduction and Background

1.1 The Aerosol Pattern Effect

Aerosols are tiny solid or liquid particles in the atmosphere that directly interact with incoming

solar radiation. Scattering from bright aerosols re�ects solar radiation back to space, raising plan-

etary albedo and cooling the surface below. Dark, absorptive aerosols retain incoming shortwave

radiation, lowering planetary albedo and producing local diabatic heating aloft, while reducing the

shortwave �ux to the surface.

As short-lived species, aerosol concentrations are highly variable in the atmosphere. Instanta-

neous aerosol radiative forcing (RF) depends on spatially and temporally varying characteristics

such as surface albedo, clouds, moisture availability, and aerosol composition. Meanwhile, lo-

cal or regional perturbations from aerosol forcings excite new wind patterns, driving atmospheric

adjustments that further modify the transport of energy throughout the atmosphere, resulting in

additional changes represented by the effective radiative forcing from aerosol (ERF04A).

Liquid, ice, and mixed-phase clouds are composed of droplets and ice crystals—typically much

larger than most aerosols—that behave like blackbodies in the thermal infrared, while re�ecting

varying amounts of shortwave radiation. As the relative roles of longwave versus shortwave ef-

fects depend on cloud type and location, thermodynamic perturbations that alter the location of

cloud formation can alter cloud RF. In the aerosol semi-direct effect (SDE), absorbing aerosols

produce diabatic heating aloft, modifying atmospheric stability, convection, and cloud dissipation,

and thereby altering ERF04Aby shifting the location of cloud condensation. Additional aerosol ef-

fects on both shortwave and longwave radiation arise from microphysical interactions with clouds.

As condensation almost always requires an energetically favorable surface, the availability of cloud

condensation and ice nuclei (CCNs and INs) impacts not only the location of cloud formation, but
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also the number and size of cloud droplets or ice particles. Greater concentrations of CCNs and

INs typically lead to smaller but more abundant droplets or crystals, and generally increase cloud

opacity, emissivity, and lifetimes (Twomey 1959; Twomey 1977; Albrecht 1989; Lohmann and

Feichter 2005; Bullard et al. 2016). As a result, higher concentrations of CCNs or INs usually am-

plify the radiative effects of any given cloud, making an accurate understanding of aerosol loadings

critical for constraining cloud RF.

Given the high spatiotemporal variability of aerosols and the importance of adjustments in

driving ERF04A, the location and structure of aerosol loadings can strongly in�uence their radiative

effects. This was demonstrated by Williams et al. (2022), who used a set of idealized experiments

to show that the global ERFs produced from absorbing aerosol perturbations varied in both sign

and magnitude, depending on where the perturbation was applied (Fig. 1.1). Real world changes in

regional aerosol emissions also support the importance of understanding and constraining spatial

patterns of aerosol forcing. A recent dipole pattern of increasing Indian and decreasing East Asian

aerosol has produced non-linear changes to atmospheric circulation, resulting in higher tempera-

tures through much of the Northern Hemisphere (NH) midlatitudes (Xiang et al. 2023). Together,

these �ndings make it clear that understanding aerosol variability and trends at regional and sub-

regional scales is essential for capturing their full radiative and climate impacts.
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Figure 1.1: The global mean ERF from idealized absorbing aerosol perturbations, where circle

location corresponds to the location of the perturbation. Two examples show how the spatial

pattern of ERF also varies by forcing locations. Reproduced from Williams et al. (2022) under the

terms of the Creative Commons CC BY license.

Besides effects on global and local energy �uxes, modi�cations to clouds also alter patterns of

precipitation, with downstream impacts on ecosystems, agriculture, and water security. Smaller

droplets delay the onset of precipitation, shifting its location and intensity, and often leading to

heavier rainfall when it does occur (Albrecht 1989; Rosenfeld et al. 2008). In Stier et al. (2024),

the authors show that localized, absorbing aerosol perturbations in an idealized aquaplanet simula-

tion produced distinct global and regional impacts on precipitation, radiative cooling, and surface

heat �uxes, depending on the latitude of the perturbation. Therefore, understanding when and

where CCNs and INs are available—and when and where aerosol absorption occurs—is important

not only for constraining aerosol radiative forcing, but also for understanding aerosol effects on
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precipitation, which can have additional profound impacts on human and ecological systems.

Current estimates indicate that aerosol direct, semi-direct, and microphysical effects have pro-

duced an ERF04Aof -2.0 to -0.4 Wm� 2 (90% con�dence) since preindustrial times (Bellouin and

al. 2020). Despite indicating high con�dence in an overall cooling signal, this estimate shows that

the radiative effects from aerosols and aerosol-cloud interactions remain highly uncertain. For con-

text, ERF04Amay offset anywhere from nearly all, to less than 20% of the estimated 2.17 Wm� 2

ERF from carbon dioxide (CO2) emissions since pre-industrial levels (Forster et al. 2021). With

the much shorter lifetimes of aerosols compared to greenhouse gases, aerosol cooling is expected

to decline rapidly following industrial emission reductions, unmasking additional warming even

as mitigation efforts take effect (Philipona, Behrens, and Ruckstuhl 2009; Szopa and al. 2021).

The large uncertainty surrounding ERF04A in the present climate makes it dif�cult to constrain

the magnitude of this additional warming. Accordingly, understanding the processes controlling

aerosol loadings in the atmosphere is critically important for reducing uncertainties in estimates of

not only the present, but also future climate scenarios.

1.2 Arctic Aerosol Seasonality

Of the regions examined in this dissertation, the Arctic is more remote and less studied than

its midlatitude source-region counterparts. For many months of the year, it serves as the endpoint

of long-range transport, with aerosol burdens in�uenced by upstream emissions and deposition as

well as by local processes. The Arctic is also uniquely sensitive to climate change, with surface

temperatures increasing nearly four times as fast as the global average (Rantanen et al. 2022). As

temperatures rise, freshwater inputs from the Greenland ice sheet melt may inhibit the subsidence

of surface water in the North Atlantic, impacting deep ocean circulation and potentially disrupting

climate patterns across the Northern hemisphere (NH) (Swingedouw et al. 2022). Arctic warming

also governs two major global warming feedbacks: the sea ice-albedo feedback and permafrost

thaw. In the �rst case, earlier sea ice melt in spring, reduced sea ice coverage in summer, and

delayed freeze-up in autumn all increase the absorption of shortwave radiation by the low-albedo
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ocean surface (Thackeray et al. 2021; Duspayev, Flanner, and Riihelä 2024). The release of car-

bon stored in Arctic permafrost represents a second feedback, with the warming potential from

permafrost emissions contributing an estimated 0.1–0.3 °K of additional heating by 2100, depend-

ing on the magnitude and location the thaw (Natali et al. 2021; Schuur et al. 2022). The Arctic's

sensitivity and global in�uence make an understanding of the factors shaping RF in the region

especially critical.

In the Arctic, aerosol forcing mechanisms vary seasonally: direct and semi-direct effects are

most pronounced in summer, when daily solar insolation is highest (Quinn et al. 2008; Abbatt et al.

2019; Zhong et al. 2024). Meanwhile in winter, when insolation is absent or low, aerosols primarily

in�uence the radiative balance through cloud microphysical interactions that enhance downwelling

longwave radiation (e.g., Quinn et al. 2008; Schmale et al. 2021; Raif et al. 2024) (Fig. 1.2). In

addition to shaping the mechanism, magnitude, and potentially sign of aerosol forcing, the timing

of that forcing also in�uences the region's long-term temperature response. Bintanja and Krikken

(2016) demonstrated this by imposing radiative forcings in the Arctic in different seasons, and

examining surface temperature responses over the following year. The authors found that the mag-

nitude and pattern of Arctic warming depended on the season in which an additional forcing was

imposed, with springtime forcing eliciting the strongest long-term temperature response. Speci�-

cally, springtime warming resulted in earlier melting of sea ice, allowing more ocean heat uptake

throughout the summer and autumn, which was subsequently released throughout the winter.

In situ observations of Arctic aerosol have long shown a pronounced seasonal cycle (Mitchell

1956; Rahn, Borys, and Shaw 1977; Shaw 1995). Researchers have argued that reduced wet depo-

sition and more ef�cient transport of pollution from the midlatitudes in the winter and spring lead

to a peak in Arctic pollutants during the so-called "Arctic haze" (e.g. Mitchell 1956; Stohl 2006;

Willis, Leaitch, and Abbatt 2018; Ranjbar et al. 2019; Moschos et al. 2022). When considered

alongside the �ndings of Bintanja and Krikken (2016), these patterns highlight the need to bet-

ter understand the processes governing seasonal aerosol burdens in the region, particularly during

winter and spring.
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Figure 1.2: A schematic representation of how aerosol forcing mechanisms vary by season in the
Arctic.

Modeling studies have demonstrated that airmass or aerosol origin and transport pathways

vary seasonally in the Arctic, with more rapid transport from the midlatitudes occurring during the

winter months (Stohl 2006; Orbe et al. 2015). This ef�cient transport favors higher wintertime

aerosol burdens even in the absence of seasonal changes in deposition, though other studies have

demonstrated that loss processes during transport may exert more substantial in�uences on Arctic

aerosol seasonality (Bond et al. 2013; Eckhardt et al. 2015; Mahmood et al. 2016). Variations

within the region are also evident, with Stohl (2006) demonstrating that wintertime transport to

the Canadian Archipelago is less ef�cient than to other parts of the region. Consistent with this,

Koch and Hansen (2005) found a weaker seasonal cycle of modeled BC over the North American

Arctic than over the Asian Arctic, indicating that transport processes may not be homogeneous

throughout the region.

Long-range transport of aerosol from source regions also involves many complex and small-

scale thermodynamic and chemical interactions, which remain challenging to parameterize and

which likely also modulate aerosol seasonality in the region. Koch and Hansen (2005) reported

that the wintertime peak in aerosol burden observed at Barrow was absent in their model, and

suggest that excessive precipitation over China could over-deplete aerosols along the transport

pathway. More recent models also misrepresent the seasonality of aerosol species at stations,
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and show little agreement in representing the seasonality of aerosol optical properties throughout

the region (Fig. 1.3). Accordingly, the precise mechanisms—including both transport pathways

and loss processes—that govern long-range import to the Arctic are not fully understood, which

complicates efforts to constrain the seasonal controls on Arctic aerosol burden. (e.g. AMAP 2015;

Marelle et al. 2015; Moschos et al. 2022).

Figure 1.3: Observations (gray) and model outputs of monthly mean SO4 and BC burdens at an

Arctic research station (left, reproduced with permission from AMAP (2015)) and monthly mean

AOD in the Arctic from CMIP6 models (right).

Another major barrier to the study of Arctic aerosol is a paucity of observational constraints.

The Arctic encompasses open ocean, marginal seas, and both glaciated and ice-free land areas.

Terrestrial biomes include boreal forests, tundra, ice sheets, and montane forests. Across these

ecosystems, differences in surface albedo, carbon stores, biogenic emissions, and moisture avail-

ability can result in profound subregional variations in local emissions, as well as different direct

and indirect radiative effects, even under similar aerosol loadings. Within the ocean, nutrient-rich

zones at river outlets, along marginal ice zones, and within polynyas create pockets of heightened
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productivity within otherwise oligotrophic waters, giving rise to sporadic, localized enhancements

in biogenic emissions (Galí et al. 2021; Swain et al. 2024). Of course, differences in surface albedo

and moisture availability associated with the presence or absence of sea ice also modify aerosol

radiative effects, and so understanding how aerosol burdens vary along different land and ocean

surface types is important for constraining the radiative effects of Arctic aerosol.

Despite considerable ecological and geographic differences within the region, only a few mon-

itoring stations north of the Arctic Circle offer systematic, year-round, long-term aerosol observa-

tions, and these stations are not uniformly distributed throughout the region. Further, while most

stations indicate that aerosol burdens peak during the winter or spring season, not all stations agree

(Schmeisser et al. 2018; Schmale et al. 2021; Schmale et al. 2022). Accordingly, it remains unclear

how well station data represent the broader region, or whether aerosol seasonality is governed by

uniform processes throughout the Arctic. At the same time, long-term trends in midlatitude pollu-

tants, and recent increases in summertime boreal wild�re emissions, are likely reshaping patterns

of Arctic aerosol forcings. Understanding the effects of these trends requires �rst delineating ex-

isting patterns of variability in the region, and understanding the processes responsible for driving

subregional variations in aerosol loadings in different seasons. My work in Chapter 2 addresses

these questions.

1.3 Aerosol Types and Sources

Aerosol burdens within any given region are shaped by both local and remote processes, of-

ten involving both natural and anthropogenic sources. Figure 1.4 shows a simple framework for

representing the processes that govern aerosol burdens within a given region, including emissions,

transport, chemical transformation, and deposition. The terms in the framework are shaped by the

physical and chemical properties of different aerosol types, which in�uence how aerosols enter

a region, evolve within it, and are ultimately removed. Chemically, aerosols encompass a num-

ber of different compounds, including mineral dust, sea salt, sulfate aerosol (SO4), soot or black

carbon (BC), and a variety of complex organic aerosols (OA). Distinct physical properties—such
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as hygroscopicity, sphericity, size, and absorptivity—also affect their interactions with radiation.

Accordingly, understanding aerosol impacts on the global climate requires examining how aerosol

composition varies across space and time, as well as the unique contributors to aerosol in different

regions.

Figure 1.4: A depiction of how aerosol burden within a prescribed domain depend on �uxes in and

out (F), wet and dry deposition (D), local emissions (E), and chemical loss (L) and production (P).

In the Arctic, marine aerosol typically contains a combination of sea salt, biogenic emissions

from phytoplankton, and, occasionally, dust and pollution transported from land regions (Chin et

al. 1996; Graf, Feichter, and Langmann 1997; Schmale et al. 2021). Baccarini et al. (2020) found

that iodic acid released during sea ice formation was the predominate contributor to aerosol near

the ocean surface in autumn. Over the ocean, high relative humidity (RH) facilitates hygroscopic

growth, allowing marine aerosol to take up water vapor from the atmosphere, increasing particle

size and re�ectivity. Ambient humidity can signi�cantly alter aerosol optical properties over the
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ocean without any addition of dry mass (Chin et al. 1996; Schmale et al. 2021). Over Arctic land

regions, emissions of monoterpenes by boreal forests produce a variety of secondary OA particles

that contribute substantially to aerosol loadings over land during summer (Tomasi and Lupi 2017;

Schmale et al. 2021). In addition, recent increases in summer biomass burning have contributed

new absorbing aerosol to the region (e.g. Schmale et al. 2022; Byrne et al. 2024).

In the midlatitudes, disentangling the effects of different aerosol sources can be challenging, as

both natural and anthropogenic types frequently mix with other emissions. Within a given plume,

aerosol species also interact with one another, neighboring gases, and the surrounding environment,

undergoing chemical and state changes, condensing onto one another, emerging from gaseous

precursors, expanding through hygroscopic growth, and coagulating into larger agglomerations of

particles. As the bulk properties of the aerosol evolve, the contribution of any singular source can

be challenging to isolate.

During industrial processes, sulfur gases that serve as precursors to SO4 are frequently co-

emitted with BC, which is highly absorptive in the shortwave (Kalbermatter et al. 2022; Wu et al.

2016). Single scattering albedo (SSA) is the fraction of attenuated light that is scattered, rather than

absorbed, for a given wavelength (_), wheref _–sca andf _–abs represent scattering and absorption

coef�cients in Equation 1.1, respectively:

SSA_ =
f _–sca

f _–sca¸ f _–abs
=

scattering
total extinction

(1.1)

Newly emitted BC has an SSA near zero and is hydrophobic, making it resistant to wet deposi-

tion. However, co-emitted species and ambient oxidants can condense onto BC, forming coatings

that increase their SSA and hydrophilicity over time (Shen et al. 2017). This "aging" process affects

the amount of shortwave radiation retained by industrial emissions, as well as the lifetime of BC in

the atmosphere. BC is also emitted during wild�re events, though unlike industrial sources, wild-

�re emissions are not accompanied by high levels of SO4 precursors. Instead, OA formed from

volatile precursors and dust entrained by buoyant updrafts typically contribute to smoke plume

composition (Junghenn Noyes et al. 2022). The SSA and timescales over which wild�re smoke
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ages also vary depending on the type of vegetation burned; however, smoke plumes typically ex-

hibit lower SSAs than industrial pollution, largely due to the strong scattering effect of SO4 (Szopa

and al. 2021; Junghenn Noyes et al. 2022).

From 2009-2018, declines inf _–sca at many North American and European observation sites

were driven by air quality policies that reduced industrial aerosol emissions (Collaud Coen et al.

2020). More recently, increases in wild�re activity have contributed a new and growing source of

aerosol throughout much of the NH (e.g. Willis, Leaitch, and Abbatt 2018; Ranjbar et al. 2019;

McCarty et al. 2021; Abatzoglou et al. 2021; Byrne et al. 2024). Zhang et al. (2024) recently

noted that a shift towards more absorbing aerosol at many observation sites may be caused by

the combination of declining anthropogenic emissions and increasing wild�re emissions, though

the relative role of each remains unclear. Disentangling the two effects remains challenging, so

opportunities to examine their relative contributions offer valuable insight.

Dust emissions are another source of natural aerosols that both absorbs and re�ects visible

light. Dust SSA is strongly in�uenced by the mineral's iron oxide content and grain size, resulting

in nonuniform radiative effects across different source regions, due to variations in soil mineral

content (Sokolik and Toon 1996; Moosmüller et al. 2012; Di Biagio et al. 2019; Tian et al. 2023)

(Fig. 1.5). Dust emissions often originate in dry regions, where strong solar heating and surface

sensible heat �uxes drive deep mixing during the day; after sunset, the collapse of the boundary

layer leaves dust trapped in a residual layer, which can be re-entrained as the boundary layer grows

again the next day, enabling further vertical transport (Schepanski 2018). Additional self-lofting

from diabatic heating, along with limited moisture for wet deposition, allows desert dust to reach

high altitudes in the troposphere, enabling transport over long distances (Schepanski 2018). As a

result, dust may contribute substantially to aerosol burdens in both source regions and remote lo-

cations. At the source, near-surface wind speeds and soil moisture control dust entrainment within

the boundary layer (Chin et al. 2014). In recent years, regional trends in winds and precipitation

have reshaped dust burdens in both source and receptor regions, occasionally obscuring trends in

anthropogenic aerosol emissions (Chin et al. 2014). It is therefore important to constrain the mag-
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nitude of dust signals relative to other sources of variability in regional evaluations, as this can help

clarify the relative contributions of natural and anthropogenic in�uences.

Figure 1.5: Samples of dust from different deserts illustrate the wide variability in dust optical

properties across source regions. Exhibit is courtesy of Exhibitions Déserts, from the Muséum

National d'Histoire Naturelle, Paris, France. Photograph by Sarah E. Smith.

Anthropogenic emissions, meanwhile, are shaped by evolving patterns of human activity. Long-

term declines in air pollution across Europe, the United States, and especially China have not

only reduced the global aerosol burden but also altered the spatial distribution of aerosol forc-

ing (Philipona, Behrens, and Ruckstuhl 2009; Szopa and al. 2021). Future declines in industrial

aerosol emissions may further shift the regional balance of radiative forcing, but these changes are

expected to be spatially uneven and may diverge from past trends. The trajectory of local emissions

will depend not only on climate policy but also on unpredictable political, economic, and societal

developments, complicating efforts to anticipate their climate impact. The COVID-19 pandemic

provided a rare opportunity to examine the effects of abrupt changes in human activities on source

region aerosol burdens, which I examine in Chapter 3. Speculation that drops in transportation

and industrial activity may have reshaped global aerosol budgets provided an opportunity to ex-

amine how rapid changes in human lifestyles might affect regional and global climate variables.

However, isolating the effects of the pandemic requires �rst disentangling its signal from natural
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variability and long-term trends, which can also shed light on the relative importance of natural

sources and different types of human-mediated in�uences on aerosol emissions.

1.4 Aerosol Remote Sensing

Satellite observations of aerosol optical depth (AOD) can be used to characterize aerosol bur-

dens throughout the vertical column on a global scale with near-continuous coverage. AOD and

other optical measures of aerosol (as opposed to measures of particle number or mass concentra-

tion) are particularly suitable for climate applications, as attenuation of shortwave radiation relates

directly to aerosol RF. Observations from satellites also provide opportunities for broad coverage

through much of the planet, which is important for constraining global patterns of aerosol burdens.

AOD is a wavelength (_)-dependent measure derived from the transmittance of light through

the atmosphere. In Equation 1.2,�_ represents the light that passes through the atmosphere, while

�0–_ is the light that was incident, and the ratio�_• �0–_ de�nes the transmittance; AOD is often

designated with eitherg_ or simply as "AOD."

g_ = � ln
�

�_

�0–_

�
= �$� (1.2)

One feature of the logarithmic relationship between AOD and transmittance is that, as transmit-

tance approaches zero, AODs can theoretically attain very high values. However, on Earth, AODs

exceeding 1 are relatively rare and typically occur during large dust outbreaks or wild�re events

(Szopa and al. 2021). Estimates of global average AOD range from 0.1 to 0.15, although variability

between different regions remains high (Szopa and al. 2021). Localized attenuation from aerosol

at an individual point along the column is described by the aerosol extinction coef�cient (f _), such

that AOD may also be expressed as the integral off _ along some vertical domain (Eq. 1.3).

g_ =
¹ I 1

I 0
f _–ext¹I º 3I = �$� (1.3)

While most satellite products provide AODs calculated over the whole depth of the troposphere,
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AOD can also be assessed over user-de�ned vertical domains, whenf _ pro�les are available. Satel-

lite measures of these aerosol optical properties offer an important tool for constraining patterns

of variability and trends in both source regions and the Arctic, and are relied on throughout this

dissertation. However, like any observations, instrument limitations, dataset biases, and retrieval

uncertainties are important to consider when interpreting the results.

1.4.1 Data Availability

Despite their many advantages, satellite observations also face challenges, particularly at high

latitudes. Most aerosol-observing satellites use passive sensors that rely on re�ected sunlight and

therefore cannot retrieve AOD during low-light conditions, limiting coverage in polar regions dur-

ing winter. These same sensors also cannot retrieve AOD over sea ice, ice sheets, and other high-

albedo surfaces, as surface re�ectance overwhelms the atmospheric signal. Hence, pronounced

seasonal differences in insolation, along with variability in ice cover, can introduce sampling bi-

ases into assessments of regional AOD.

The Cloud-Aerosol LIdar with Orthogonal Polarization (CALIOP) can process retrievals in

low or no light conditions, and over high albedo surfaces. The lidar instrument does not rely on

available sunlight, and so can address some of these concerns, making it suitable for high-latitude

retrievals. However, the instrument has other limitations. The small footprint of the lidar results

in less frequent sampling (15-16 days) when compared to passive sensors (near-daily coverage).

Slight differences in processing between retrievals during the day and night also lead to a low bias

in the daytime versus nighttime AODs, necessitating that they be treated as separate datasets.

In this dissertation, I utilize observations from CALIOP and several passive sensors, most com-

monly the Moderate Resolution Imaging Spectroradiometer (MODIS), which currently �ies on two

separate satellites, and has been widely used since 2000. While other AOD products are available,

the ubiquity of MODIS and the unique capabilities of CALIOP make the use of these two products

ideal (Choi et al. 2019). Both CALIOP—aboard the Cloud-Aerosol Lidar and Infrared Path�nder

Satellite Observation (CALIPSO)—and the MODIS instrument aboard the satellite Aqua, �ew to-
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gether in the A-train satellite constellation from 2006-2018, allowing for near-simultaneous mea-

surements which I utilize in Chapter 4 to examine biases between instruments (Fig. 1.6).

Figure 1.6: Artist rendition of the A-train satellite constellation, with CALIOP aboard CALIPSO

and MODIS aboard Aqua. The MODIS push-broom scanner captures a broad swath with each

overpass, while the CALIOP lidar captures a thin vertical curtain. Image credit: NASA Earth

Science Enterprise (2003). Reproduced under NASA's media usage policy for educational use.

Below, I detail some of the information about the products. Chapter 4 focuses on understand-

ing and quantifying a retrieval artifact that affects measures of seasonality in the Arctic in several

passive sensor aerosol products. In Section 4.2 of this chapter, I provide additional, detailed in-

formation about dataset quality controls, validation, and aggregation. This section also contains

information about several other passive sensor instruments used in remote sensing, which pro-

vide useful context for understanding the breadth of satellite remote sensing instrumentation and

retrieval techniques.

1.4.2 Dataset Biases

Validation of data products from both CALIOP and MODIS are typically carried out against

surface-based AOD retrievals from the Aerosol Robotic Network (AERONET), which provides a
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ground-truth comparison in locations where the sensors are based. Globally, comparing AERONET

AODs with those from both CALIOP and MODIS resulted in low errors, though the MODIS val-

ues tended to show high biases while CALIOP datasets underestimated AERONET AOD, with

mean absolute errors (MAEs) of 0.08 and -0.051, respectively (Kim et al. 2018; Wei et al. 2019).

1.4.3 MODIS

The passive sensor MODIS produces many of the most widely-used products for assessing

global AOD and associated aerosol properties. Two independent satellites (Terra and Aqua) carry

the instrument, and have been active since 2000 and 2002, respectively. MODIS retrieves re-

�ectance in 36 spectral bands, while a viewing swath width of 2330 km allows for near-daily

observations over most of the Earth (Levy et al. 2013). Figure 1.6 illustrates the broad extent of

the MODIS footprint. While Terra �ies independently, with an equator crossing time of around

10:30 am, Aqua �ies in the A-train with several other satellite instruments, allowing for near-

simultaneous observations of multiple atmospheric variables (Fig. 1.6). The A-train has an equator

crossing time of roughly 1:30 pm; MODIS retrievals from Terra and Aqua together offer insight

into the diurnal variability of aerosol changes. Here, I typically compare MODIS with CALIOP

observations; CALIOP also �ew in the A-train from 2006 to 2020, and so I rely more often on the

MODIS instrument aboard Aqua. For L2 products I use MYD04_L2, while for analyses using L3

gridded products, I use MYD08_M3 1°x1°, from MODIS Collection 6.1. AODs from MODIS are

processed using different retrieval algorithms: Deep Blue (DB), Dark Target (DT), or a merged

product (DBDT) that combines retrievals from both algorithms, depending on which algorithm

performs better over different surface types.

1.4.4 CALIOP

CALIOP came online in June of 2006, and was retired in August of 2023. The instrument

retrieves backscatter with depolarization at 532 and 1064 nm, with L2 and L3 aerosol data products

providing AODs at 532 nm. The 70 m footprint (Fig. 1.6) of the lidar results in less frequent
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sampling than passive sensors, and the 15–16 day sampling frequency reduces the likelihood of

detecting episodic events (Winker et al. 2009). However, as a lidar instrument it has the additional

advantage of calculating extinction coef�cients (f ext) along a vertical pro�le, providing insight

into the vertical structure of aerosol (Barnes et al. 2003; Winker et al. 2009).

Over parts of South America and the South Atlantic, the Van Allen radiation belts dip to within

200 km of the Earth's surface, exposing some satellites passing through this region to excess cos-

mic radiation. The ionizing radiation can interfere with satellite activities, especially for active

sensors. In recent years the CALIOP lidar has produced low-energy laser shots over the South

Atlantic Anomaly, leading to poor data quality in the region. For this reason, in all global analyses

in this research, I omit CALIOP retrievals from this area.

CALIOP processes retrievals by identifying and classifying optically homogeneous layers from

a backscatter pro�le as either clean air, cloud, or aerosol; in the version 4 algorithm, aerosol layers

are subsequently classi�ed as one of seven aerosol subtypes (dust, polluted dust, dusty marine,

marine, polluted continental, elevated smoke, clean continental), with each subtype corresponding

to an attendant lidar ratio (Winker et al. 2009; Kim et al. 2018). The lidar ratio (( ) relates the

observed backscatter (V) to the extinction (f ext) (Eq. 1.4). Lidar ratio selection depends on the

aerosol type, as particle sphericity and single-scattering albedo determine the fraction of attenuated

light that is scattered directly back to the sensor.

( _ =
f _–ext

V_
(1.4)

The low bias in CALIOP AODs relative to both MODIS and AERONET arises from the method

of discrete, layer-by-layer processing used for CALIOP retrievals. The pro�ling instrument de�nes

optically homogeneous “layers” within the atmospheric column and classi�es each layer as either

clean air, cloud, or aerosol. Optically thin layers with backscatter signals below the noise threshold

are classi�ed as clean air and assigned an AOD of zero. When multiple low-backscatter layers in

a column each fall below the noise threshold and are all classi�ed as “clean air,” the column AOD
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can sum to zero, even when passive sensors detect signi�cant re�ectance from the same scene

(Kim et al. 2017; Toth et al. 2018). This artifact is a well-known limitation of lidar retrievals and

is thoroughly documented in the literature. A more detailed explanation of that research can be

found in Chapter 4.

In this analysis, I use several CALIOP L2 and L3 products:

1. the L2 pro�le product (CAL_LID_L2_05kmAPro-Standard-V4-20/21)

2. the L3 all sky product (CAL_LID_L3_Tropospheric_APro_AllSky-Standard- V4-20/21,

2° x 5° x 60m), and

3. the L3 cloudfree product (CAL_LID_L3_Tropospheric_APro_CloudFree-Standard-

V4-20/21, 2° x 5° x 60m).

1.5 Scienti�c Questions and Outline

Throughout this work, I use satellite observations to provide new constraints on the trends and

variability in midlatitude source regions and the Arctic. I also examine how natural and anthro-

pogenic emissions, transport, and local processes shape loadings in different regions. I further

assess how known but yet unquanti�ed retrieval artifacts prevalent in high latitude satellite re-

trievals affect representations of the seasonal cycle of midlatitude and Arctic aerosol in satellite

products, providing a path to improved observations of aerosol variability in the high latitudes.

In Chapter 2 of this dissertation, I apply a K-means clustering algorithm to CALIOP AODs in

the Arctic, determining that four seasonality regimes exist within the region, which accord with

four distinct subregions of aerosol seasonality. I also consider whether the limited stations within

the region capture the breadth of this subregional variability. Finally, I consider whether differ-

ences in topography, local emissions, or indicators of distinct transport pathways or deposition

processes can explain the observed differences between subregions. This chapter addresses three

main questions:
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1. What distinct regimes of seasonality are evident in the Arctic, and what locations within the

Arctic correspond to each regime?

2. How well do station locations represent each regime?

3. What processes or features (transport, wet deposition, local emissions, topography) have

supporting evidence suggesting they could explain the observed differences between subre-

gions?

This chapter contributes to efforts to understand the spatiotemporal variability of Arctic aerosol,

and the processes governing Arctic aerosol burdens in each season.

In Chapter 3, I focus on understanding how the COVID-19 pandemic affected source region

aerosol burdens, disentangling the pandemic signal from long-term trends and natural sources of

variability, such as wild�re and interannual variability in dust emissions. Here I examine AOD

measures at the regional level for the entirety of the year 2020, in order to determine the duration

of any apparent COVID-19 signals beyond the initial "lockdown" periods. In doing so I address

three main questions:

1. Was a clear COVID-19 signal evident, when compared to trends and other sources of vari-

ability?

2. To what extent did any COVID-19 signals extend beyond the initial lockdown periods?

3. How did the magnitude of the AOD reductions from COVID-19 compare to the effects of

long-term trends and sources of natural variability?

This chapter contributes to our understanding of source region aerosol variability, especially

the relative signi�cance of large scale lifestyle changes versus policy-driven approaches to curbing

air pollution.

In Chapter 4, I question whether passive sensor AOD products interpret the seasonality of

aerosol correctly in the high latitudes, �nding that biases in seasonality between passive sensors
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and CALIOP are pronounced. I �nd that seasonal differences in passive sensor data quality, com-

bined with changes in the viewing geometry, together produce arti�cially low AODs in gridded

passive sensor products. This chapter also provides a more technical overview of the retrieval and

data aggregation processes used by different satellite products. In this chapter I ask two questions

about the effects of the seasonality bias, and test two hypotheses to explain the observed bias:

1. Over what latitudes are biases in AOD seasonality between passive and active sensors evi-

dent?

2. To what extent do sampling biases affect data product representations of Arctic AOD sea-

sonality? Are these effects suf�cient to explain the observed seasonality bias?

3. Is the bias in seasonality caused by seasonal differences in the retrieval geometry?

4. How useful are low-quality retrievals in capturing AOD variability under different retrieval

geometries?

Ultimately, I �nd that the retrievals artifacts in the passive sensor dataset are evident in both

the midlatitudes and high latitudes, and that these biases may also affect seasonality measures

in reanalysis products. Because constraining aerosol seasonality is important for understanding

its radiative effects, improvements to future products resulting from this work could signi�cantly

enhance estimates of aerosol radiative forcing. In Chapter 5, I discuss the future work necessary

to correct for the effects of this bias on satellite aerosol data products, as well as additional work

necessary to connect observations of aerosol variability in the Arctic with transport processes from

source regions.
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Chapter 2: Intra-Arctic Variability: Clustering Shows Four Distinct

Subregions of Arctic Aerosol Seasonality

Note: This chapter is under review in Geophysical Research Letters (Smith et al. 2025b).

2.1 Introduction

In situ observations of Arctic aerosol have long shown a pronounced seasonal cycle (Mitchell

1956; Rahn, Borys, and Shaw 1977; Shaw 1995). At some stations, black carbon (BC) and sulfate

(SO4) concentrations during late winter and early spring—the so-called Arctic haze—can exceed

10 times that of their late-summer minima (AMAP 2015; Freud et al. 2017). As the mechanisms

of aerosol radiative forcing in the high latitudes vary by season, accurately representing the sea-

sonality of high latitude aerosol is critical for constraining the Arctic radiative budget. Moreover,

understanding the drivers of Arctic aerosol burdens in different seasons, and whether those drivers

vary in space and time, is important for understanding how Arctic forcing will change under future

emissions scenarios.

Bintanja and Krikken (2016) demonstrated that the Arctic climate is highly sensitive to the

seasonality of radiative forcing (RF), with springtime RF—when aerosol burdens peak histori-

cally—eliciting the strongest long-term temperature response. Aerosol RF, and its effects on Arctic

warming, are therefore highly dependent upon aerosol seasonality.

Enhancements to transport ef�ciency, coupled with reduced wet deposition ef�ciency within

the Arctic, result in the accumulation of anthropogenic aerosols during the Arctic haze season

(Marelle et al. 2015; Mahmood et al. 2016; Moschos et al. 2022). In contrast, summer aerosols

are thought to originate more often from local production, including oxidation of dimethyl sul�de

(DMS) from phytoplankton emissions along the marginal ice zone, and, increasingly, late-summer
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boreal wild�res in Siberia and Northern Canada (Willis, Leaitch, and Abbatt 2018; Ranjbar et al.

2019; McCarty et al. 2021; Schmale et al. 2022; Byrne et al. 2024). Meanwhile, seasonal differ-

ences in atmospheric stability, moisture availability and water phase state affect aerosol deposition

rates locally (Willis, Leaitch, and Abbatt 2018). However, the extent to which each speci�c prop-

erty drives differences in aerosol lifetimes within the region is not yet determined.

Efforts to understand the processes governing high latitude aerosols in each season are con-

founded by a paucity of observational constraints, and indications that aerosol processes vary spa-

tiotemporally throughout the region. Schmeisser et al. (2018) examined scattering and absorption

coef�cients at six Arctic research stations from 2012-2014, �nding that scattering coef�cients at

two stations (Pallas, Finland and Summit, Greenland) showed summertime maxima, in stark con-

trast to the other four (Pallas absorption coef�cients, however, peaked in winter).

Meanwhile, Eckhardt et al. (2015) found that 2008-2009SO4 burdens peaked in winter or

spring at all stations except Summit, and also noted an enhancement of BC seasonality with station

latitude. Accordingly, Schmeisser et al. (2018) argue that the Arctic cannot be thought of as a single

homogeneous region with respect to aerosol seasonality. Given the effects that local features like

surface albedo and station altitude can have on aerosol radiative effects, subregional differences in

the seasonal loading patterns are also important to identify and delineate (Nakoudi et al. 2020).

While aerosol optical depth (AOD) is useful for describing aerosol variability over vast and

remote regions, the challenges associated with passive sensor retrievals in the high latitude that

I described in 1.4 have made characterization of Arctic AOD seasonality, speci�cally, untenable.

The CALIOP product has made such characterizations possible, while also having the additional

advantage of providing aerosol extinction coef�cient (f ext) pro�les, which can constrain vertical

differences in aerosol seasonality.

Here, we use k-means clustering to delineate four subregions within the low Arctic that exhibit

distinct patterns of AOD seasonality, and assess how representative locations are of the broader

region. We also examine whether subregional differences can be explained by variation in aerosol

sources or local conditions affecting removal processes. Sparse sampling and high spatiotemporal
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variability remain persistent challenges for understanding Arctic aerosol. By empirically constrain-

ing subregional variability, this study advances our understanding of the drivers of aerosol loadings

within the region.

2.2 Data & Methods

2.2.1 Satellite Data

Here we use the "all sky" level-3 (L3) daytime product from CALIOP, for gridded, monthly

mean AODs andf ext at 532 nm (Kim et al. 2018). L3 CALIOP daytime retrievals show year-

round coverage in the Arctic up to 72°N, offering broader coverage than the nighttime dataset in

the Arctic throughout the year.

We subtract the three subtypes available (dust, polluted dust, and elevated smoke) in the L3

product from the composite AODs andf ext to obtain a residual representing the remaining sub-

types. As we are examining areas over both the ocean and land, the subtypes contained within the

residual depend on where retrievals occurred. This "other" category can contain "clean marine,"

"polluted continental," "dusty marine," or "clean continental" aerosol, depending on the location

of the gridcell. Together, the subtype contributions inform our understanding of potential aerosol

sources.

2.2.2 Validation with Ground-Based Observations

Passive sensor AODs are subject to quality-related biases in the Arctic for much of the year

(Smith et al. 2025a). To validate the seasonality of the CALIOP gridded product, we compare it

against ground-based measurements of 550 nm scattering (f sca) and absorption (f abs) coef�cients

from the six Arctic stations surveyed in Schmeisser et al. (2018) during 2012-2014. Stations are

located at Alert (Canada), Barrow (Alaska), Pallas (Finland), Summit (Greenland), Tiksi (Russia),

and Zeppelin (Svalbard). Collection methods and correction factors are described in Backman et

al. (2017).

We derive a measure of “near-station AOD” (gns) from CALIOP by identifying the gridcell
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containing each station and integratingf ext from 30-330 m above the station's altitude. Since

CALIOP overpasses occur only 1-2 times per month, 2012-2014 samples are insuf�cient for robust

monthly analysis. Therefore, we calculategns over the full 2007-2021 period used in Section 2.2.3

2.3. At Barrow and Tiksi, signi�cant September trends (pŸ0.05) were detected, so we detrended

Septembergns at these stations to 2013 values. No other months showed signi�cant trends.

2.2.3 K-means Clustering

K-means clustering is an unsupervised learning algorithm that partitions n-dimensional data

into a �xed number (k) of clusters, by iteratively re�ning cluster centroids to minimize intracluster

variance (MacQueen 1967). Each cluster centroid provides a characteristic representation of its

group, while the Euclidean distance between a data point and its centroid describes how repre-

sentative that data point is of the cluster. This method is well established and widely applied in

scienti�c research (Jain 2010).

Here, we applied k-means clustering to the monthly median CALIOP AODs (2007-2021) in

Arctic (60°-72°N) gridcells. Each gridcell is treated as a point in 12-dimensional space, with each

dimension corresponding to one month's median AOD. Cluster centroids represent characteristic

seasonal cycles, and the spatial extent of each cluster de�nes a subregion with distinct AOD sea-

sonality. The Euclidean distance from each gridcell to its centroid re�ects how typical that gridcell

is for its subregion.

To determine the optimal number of clusters (k), we evaluated both the sum of squared Eu-

clidean distances and the silhouette score. These metrics assess cluster compactness and separa-

tion, respectively (Fig. 2.1). A choice of k=4 produced compact, well-separated clusters, while

higher values yielded only marginal improvements. Accordingly, we selected k=4 as the optimal

number of clusters.
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Figure 2.1: The silhouette score and the sum of squared Euclidean distances as a function of a

priori cluster number (n) selection.

2.2.4 Meteorological and Fire Emission Datasets

To examine the seasonal evolution of meteorological conditions associated with each cluster,

we use meteorological variables in the CALIOP product, which were mapped to CALIOP co-

ordinates from the Modern-Era Retrospective Analysis for Research and Applications, version 2

(MERRA-2) reanalysis product, from the Goddard Earth Observing System, version 5 (GEOS-5)

Earth System Model Gelaro et al. 2017. To evaluate aerosol contributions from local wild�res, we

use black carbon biomass burning emissions from the Fire INventory from NCAR (FINN) dataset

Wiedinmyer et al. 2023. For 2007–2011, we use the MODIS-only version (�nnv2.5modvrs, 0.1°

× 0.1°), and for 2012–2021, we use the MODIS+VIIRS version (�nnv2.5mod, 0.1° × 0.1°).
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2.3 Results

2.3.1 Validation of CALIOP Seasonal Cycle

To evaluate whether the CALIOP product captures the seasonality observed in situ, we com-

pare monthly median values off sca, f abs, andgns at six Arctic research stations (Fig. 2.2).gns

is unavailable in some winter months at Alert and Zeppelin, both located above 72°N. We also

calculate Spearman's correlations (dg–sca and dg–abs) between monthly median values forgns and

station observations.

Figure 2.2: Monthly mediangns (yellow), f sca(blue) andf abs(red) from gridcells containing each
station. Spearman's correlations (d) between monthly medians forgns with f sca (blue) andf abs
(red) at each station are shown.

At all stations,f scaexceedsf absby roughly an order of magnitude in most months, consistent

with predominantly scattering aerosols. The two measures exhibit similar seasonality at most

stations, though Tiksi and Barrow show slight divergence in summer and early autumn, and Pallas

shows a full decoupling betweenf sca and f abs. Pallas is the only station located in the boreal

forest, and its elevated summerf sca likely results from secondary organic aerosol formation from

volatile organic compounds emitted by surrounding vegetation (Schmeisser et al. 2018; Schmale
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et al. 2022).

In contrast to the summertime minima observed at other stations, Summitf scaandf absare low-

est in January and greatest in April and August.gns reliably replicates this seasonality, and—with

the exception ofdg–abs at Pallas—correlations at all other stations are positive, indicating that

CALIOP broadly agrees with the seasonal cycles of ground-based measurements. At four sta-

tions,dg–absexceeded .6, suggesting high �delity to in situ observations at most sites. However, the

summertime peak inf sca over Pallas is not captured by CALIOP, which shows better agreement

with f abs. Overall, CALIOP AODs reliably reproduce the seasonality of station measurements at

most sites and reasonably capture variability between stations across the region, as demonstrated

at Summit.

2.3.2 Subregions of Distinct AOD Seasonality

To examine how AOD seasonality varies across the low Arctic and assess whether ground-

based stations capture this variability, we applied the k-means clustering algorithm described in

Section 2.2.3. The seasonality associated with each subregion is shown in Figure 2.3a, while

the spatial extent of each cluster is presented in Figure 2.3b. Station locations are overlaid in

Figure 2.3b, with marker colors indicating the cluster assigned to each station's gridcell. Unlike

the calculations in Figure 2.2, the clustering analysis is based on monthly medians of total column

AOD, and seasonal patterns in individual gridcells may differ from those shown above.
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Figure 2.3: K-means clustering of Arctic (60°-72°N) gridcells by AOD seasonality (2007-2021).

Monthly median AODs (a) and the locations of gridcells (b) associated with each subregion. Lo-

cations of stations from Section 2.3.1 are also shown.

Most subregions exhibit wintertime peaks and summertime minima, with the high summer

AOD in cluster 4 being the sole exception. Clusters 1 and 3 span most of the low Arctic land

regions; both display winter peaks and early summer minima, followed by a second peak in mid-

summer. Among all clusters, cluster 3 has the lowest wintertime AOD, the smallest seasonal

amplitude, and the lowest median AOD in every month.

As shown in Figure 2.4, cluster 3 is associated with higher topography—its gridcells are either

elevated or nearby those that are. Throughout the Arctic, aerosol extinction is greatest at lower

altitudes (Fig. 2.5). Column-integrated AODs tend to be lower over elevated surfaces, due to a

shallower atmosphere and diminished extinction aloft. The inclusion of the Chukchi and Beaufort

Seas within cluster 3 may also indicate the in�uence of orographic barriers to aerosol transport

during winter.

In summer, the gap in median AOD magnitudes between clusters 1 and 3 narrows, suggesting

that topographic and orographic effects are reduced. More buoyant aerosol from local biomass

burning, increased atmospheric scale height, and reduced tropospheric stability in the Arctic sum-

mer likely facilitate higher lofting, consistent with the steeper summertime extinction pro�les ob-
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