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Abstract

Passive microwave observations from polar-orbiting satellites contain informa-
tion on both the sea ice and clouds, which are essential components of the Arctic
climate system. Retrieving this information requires physical or empirical simu-
lations of the surface radiative transfer. Intricate processes of the Arctic climate
system govern the spatiotemporal variability of sea ice optical properties and
limit climate record capabilities from historic observations and the exploitation
of recently launched submillimeter missions. This thesis exploits multi-platform
sub-orbital passive microwave observations to improve the understanding of the
spatiotemporal variability of the sea ice emissivity at millimeter and submillime-
ter waves and its representation in physical radiative transfer models, and to
assess cloud liquid water path retrieval accuracy over sea ice.

Sea ice and its snow cover are spatially heterogeneous due to the ice defor-
mation, drift, and its formation history. Hence, the sea ice emissivity is expected
to vary at small spatial scales that are not resolved by coarse satellite footprints.
Airborne sea ice emissivity observations obtained from field campaigns between
89 and 340 GHz allow for a quantification of this small-scale spatial variability at
hectometer-scale resolution relevant for new submillimeter satellite missions. A
clustering technique is used to identify distinct sea ice emissivity spectra. The four
identified spectra are related to specific sea ice types using visual camera imagery
with similar sea ice and snow properties. Each cluster exhibits a low spectral
emissivity variability from 183 to 340 GHz. The spatial variability strongly de-
pends on the footprint size and reduces by 50% from the hectometer resolution to
the typical size of satellite footprints at 340 GHz. Collocations with satellite ob-
servations show low spectral gradients from 89 to 340 GHz at the scale of satellite
footprints as small-scale features average out.

The sea ice microwave emissivity varies temporally due to changes in its
macro- and microphysical properties, especially around surface freeze onset at
the end of summer. Ship-based observations over two months from two scanning
microwave radiometers between 22 and 243 GHz capture this temporal surface
emissivity evolution at the meter scale. During new ice formation, the surface
emissivity transitions from the open water signature to nilas. This transition is
resolved continuously and found to be highly correlated across all frequencies.
Subsequent snowpack formation and related volume scattering by snow grains
reduce the emissivity at 183 and 243 GHz from 0.95 to about 0.6, while almost
no change occurs at lower frequencies (22 to 51 GHz) where scattering is lower.
A novel regression model is applied, which predicts the emissivity at 243 GHz
from grayscale camera images. This method highlights the role of snow presence



for the emissivity reduction. Radiative transfer model simulations of bare and
snow-covered new ice were found to statistically match the observed frequency,
angular, and polarization-dependent emissivity signature observed along the ship
trajectory.

Cloud liquid water path (CLWP) retrievals from passive microwave obser-
vations over Arctic sea ice require a separation of the sea ice and atmospheric
radiative contributions. An optimal estimation retrieval that inverts a coupled
physical sea ice—-atmosphere radiative transfer model is applied to airborne pas-
sive microwave radiometer data from 22 to 183 GHz. The retrieval is evaluated
against collocated airborne reference observations, such as cloud liquid layers de-
tection from lidar. The cloud liquid water path detectability, defined as the 95th
percentile of falsely-detected CLWP under clear-sky conditions, is about 50 g m=2
in the Central Arctic and increases up to 350 g m~2 toward the marginal ice zone.
The relative retrieval accuracy improves with increasing CLWP to below 50 %
for CLWP above 100gm~2. The main challenge for the CLWP retrieval is the
similarity between CLWP emission and surface signals due to scattering in the
upper snowpack and emission by nilas in leads. Moreover, atmospheric events,
such as melt-freeze cycles during warm air intrusions, cause retrieval uncertainties
by changing the optical properties of the snowpack.



Zusammenfassung

Passive Mikrowellenbeobachtungen von polarumlaufenden Satelliten enthalten In-
formationen sowohl tGber das Meereis als auch tber Wolken, die wesentliche Be-
standteile des arktischen Klimasystems sind. Die Gewinnung dieser Informatio-
nen erfordert physikalische oder empirische Simulationen des Strahlungstransfers
an der Oberflache. Komplexe Prozesse des arktischen Klimasystems bestimmen
die rdumlich-zeitliche Variabilitat der optischen Eigenschaften des Meereises und
schranken die Mdoglichkeiten der Klimaaufzeichnung aus historischen Beobach-
tungen und der Nutzung kurzlich gestarteter Submillimeter-Missionen ein. Diese
Arbeit nutzt suborbitale passive Mikrowellenbeobachtungen von mehreren Platt-
formen, um das Verstandnis der raumlich-zeitlichen Variabilitat der Emissivitat
von Meereis bei Millimeter- und Submillimeterwellen und deren Darstellung in
physikalischen Strahlungstransfermodellen zu verbessern und die Genauigkeit der
Ermittlung des Flussigwasserpfads von Wolken Gber Meereis zu bewerten.

Meereis und seine Schneebedeckung sind aufgrund der Eisverformung, der
Drift und ihrer Entstehungsgeschichte rdumlich heterogen. Daher ist zu erwarten,
dass die Emissivitat des Meereises auf kleinen raumlichen Skalen variiert, die von
groben Satelliten-Footprints nicht aufgeldst werden. Luftgestiitzte Beobachtun-
gen der Emissivitat von Meereis, die im Rahmen von Feldkampagnen zwischen
89 und 340 GHz gewonnen wurden, ermdglichen eine Quantifizierung dieser klein-
raumigen rdumlichen Variabilitat mit einer Auflésung im Hektometerbereich, die
far neue Submillimeter-Satellitenmissionen relevant ist. Zur Identifizierung unter-
schiedlicher Emissivitatsspektren des Meereises wird eine Klassifizierungsmetho-
de verwendet. Die vier identifizierten Spektren werden anhand von Bildern einer
visuellen Kamera mit &hnlichen Meereis- und Schneeeigenschaften bestimmten
Meereistypen zugeordnet. Jeder Cluster weist eine geringe spektrale Emissivi-
tatsvariabilitat von 183 bis 340 GHz auf. Die rdaumliche Variabilitat hangt stark
von der Auflésung ab und verringert sich um 50 % von der Hektometerauflosung
auf die typische Grole von Satellitenmessungen bei 340 GHz. Kollokationen mit
Satellitenbeobachtungen zeigen geringe spektrale Gradienten von 89 bis 340 GHz
auf der Skala der Satellitenmessungen, da kleinrdumige Merkmale sich ausglei-
chen.

Die Mikrowellenemissivitat des Meereises variiert zeitlich aufgrund von Ver-
anderungen seiner makro- und mikrophysikalischen Eigenschaften, insbesonde-
re zu Beginn der Oberflachenvereisung am Ende des Sommers. Schi[Sgestitz-
te Beobachtungen Uber zwei Monate hinweg mit zwei abtastenden Mikrowellen-
radiometern zwischen 22 und 243 GHz erfassen diese zeitliche Entwicklung der
Oberflachen-Emissivitat im Meterbereich. Wéahrend der Neubildungsphase des



Eises wandelt sich die Oberflachen-Emissivitat von der Signatur o [eden Wassers
zu Nilas. Dieser Ubergang wird kontinuierlich aufgeldst und weist eine hohe Kor-
relation Uber alle Frequenzen hinweg auf. Die anschlielende Schneedeckenbildung
und die damit verbundene Volumenstreuung durch Schneekdrner reduzieren die
Emissivitat bei 183 und 243 GHz von 0,95 auf etwa 0,6, wahrend bei niedrige-
ren Frequenzen (22 bis 51 GHz), bei denen die Streuung geringer ist, fast kei-
ne Verdnderung auftritt. Es wird ein neuartiges Regressionsmodell angewendet,
das die Emissivitat bei 243 GHz aus Graustufen-Kamerabildern vorhersagt. Die-
se Methode unterstreicht die Rolle des Schneevorkommens flr die Verringerung
der Emissivitat. Simulationen mit Strahlungstransfermodellen von blankem und
schneebedecktem neuem Eis stimmten statistisch mit der entlang der Schi [Srbute
beobachteten frequenz-, winkel- und polarisationsabhangigen Emissivitatssigna-
tur dberein.

Die Ermittlung des Wolkenflussigwasserpfades (cloud liquid water path; CL-
WP) aus passiven Mikrowellenbeobachtungen tber dem arktischen Meereis erfor-
dert eine Trennung der Strahlungsbeitrage des Meereises und der Atmosphare.
Ein Optimal Estimation-Retrieval, das ein gekoppeltes physikalisches Meereis-
Atmosphére-Strahlungstransfermodell invertiert, wird auf Daten eines luftgestitz-
ten passiven Mikrowellenradiometers von 22 bis 183 GHz angewendet. Das Re-
trieval wird anhand von kollokierten luftgestiitzten Referenzbeobachtungen, wie
z. B. der Erkennung von Wolkenflssigkeitsschichten mittels Lidar, bewertet. Die
Nachweisbarkeit des flissigen Wasserpfads in Wolken, definiert als das 95. Per-
zentil des falsch-detektierten CLWP unter wolkenfreien Bedingungen, betrégt in
der zentralen Arktis etwa 50 g m~2 und steigt in Richtung der Randzone des Mee-
reises auf bis zu 350 gm~2 an. Die relative Genauigkeit des Retrievals verbessert
sich mit zunehmendem CLWP auf unter 50% fur CLWP tber 100gm~2. Die
gréBte Herausforderung bei der CLWP-Ermittlung ist die Ahnlichkeit zwischen
CLWP-Emission und Oberflachensignalen aufgrund von Streuung in der oberen
Schneedecke und Emissionen durch Nilas in Rinnen. Dariber hinaus verursachen
atmospharische Ereignisse wie Schmelz-Gefrier-Zyklen wahrend Warmlufteinbri-
chen Unsicherheiten bei dem Retrieval, da sie die optischen Eigenschaften der
Schneedecke verandern.
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Chapter 1

Introduction

1.1 Motivation

Remote sensing instruments onboard satellite platforms capture information about
the Earth system encoded in electromagnetic radiation. This signal can be
converted into physical properties of the Earth's atmosphere, ocean, land, and
cryosphere using geophysical retrieval methods. While active remote sensing in-
struments transmit radiation and measure the signal scattered back to the sensor,
passive instruments receive radiation emitted from the sun and scattered to the
sensor or emitted and scattered by the Earth system. The expansion of global
observing system capabilities and improvements in assimilating observations into
numerical weather prediction models at global scales signi cantly enhanced the
weather prediction accuracy over the past decades (Bauer et al., 2015). Moreover,
the continuous multi-decade time series of satellite remote sensing data are the
basis for understanding processes and changes in the Earth system, especially in
regions sparsely covered with conventional ground-based measurement networks.
In the Arctic, polar-orbiting satellites provide the only long-term data source
with complete spatial coverage. This global view from satellites is complemented
by targeted eld campaigns and long-term ground-based measurement sites that
resolve processes at regional and local scales.

Observations in the Arctic record a near-surface air temperature increase in
response to the anthropogenic emission of greenhouse gases, which increase the at-
mospheric absorption and re-emission of thermal radiation emitted at the surface
(Serreze and Francis, 2006). This near-surface air temperature increase exceeds
global warming by a factor of 2 4, known as Arctic ampli cation (Rantanen et al.,
2022; Chylek et al., 2022). Arctic ampli cation results from various dominant pos-
itive feedback mechanisms unique to the Arctic climate system that enhance the
external greenhouse gas forcing (Wendisch et al., 2023) modulated by internal cli-

1



CHAPTER 1. INTRODUCTION

mate variability (Zhou et al., 2024; Sweeney et al., 2023). A key positive feedback
Is the surface albedo feedback, which describes the ampli ed warming in response
to increased absorption of solar radiation when high-albedo surfaces, such as sea
ice and snow cover, melt. The observed extension of the melt season duration
(Stroeve et al., 2014) and summer sea ice area decline (Fig. 1.1; Stroeve et al.,
2007) contribute to the surface albedo feedback. The observed sea ice area decline
is related to greenhouse gas emissions (Notz and Stroeve, 2016) and projected to
continue in the future (Wang and Overland, 2012; Notz and SIMIP Community,
2020). A reduction and additional thinning of sea ice cover (Soriot et al., 2024)
also increases the heat ux from the upper ocean to the atmosphere (Screen and
Simmonds, 2010). This additional warming near the surface often remains within
the surface inversion in the Arctic (lapse rate feedback; Linke et al., 2023). The
near-surface temperature increase exhibits seasonal (Serreze et al., 2009; Maturilli
et al., 2015) and regional variations owing to the complexity of coupled processes
in the Arctic climate system (sea ice, snow, clouds, and water vapor), and atmo-
sphere and ocean circulation (Screen and Simmonds, 2010; Screen et al., 2012;
Pithan et al., 2014). While climate projections of Arctic ampli cation magnitude

are uncertain due to the various feedback processes involved, there is high con -
dence that Arctic ampli cation will continue over the 21st century (IPCC, 2021,
Chapter 4).

Clouds play a delicate role in the Arctic climate system through precipitation
formation as part of the water cycle (Bengtsson, 2010) and the surface energy
budget (Bennartz et al., 2013). While snow accumulation on land and sea ice
changes the surface albedo and heat ux, liquid precipitation modi es snowpack
properties with implications for wildlife (Bartsch et al., 2023). The net radiative
e ect of clouds largely depends on microphysical (particle phase, shape, size, and
number concentration) and macrophysical properties (cloud height and thick-
ness). Clouds cool the surface by re ecting incoming shortwave radiation, which
modulates the strength of the surface albedo feedback in autumn (Kay et al.,
2016), and warm the surface through the emission of longwave radiation (Shupe
and Intrieri, 2004; Shupe et al., 2015; Kay and L'Ecuyer, 2013). This longwave
emission mostly depends on the amount of cloud liquid water (Ebell et al., 2020;
Nomokonova et al., 2020), which typically occurs together with frozen hydrome-
teors at temperatures as low as 40 C (Shupe et al., 2011). Such mixed-phase
clouds frequently occur in the Arctic (Cesana et al., 2012; Nomokonova et al.,
2019; Gierens et al., 2020) and can persist for several days through various local
feedback mechanisms (Morrison et al., 2012). The distinct signature of mixed-
phase clouds on the longwave radiative ux (Stramler et al., 2011) is challenging
to represent in climate models (Pithan et al., 2014).
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1.1. MOTIVATION

Figure 1.1: Arctic mean sea ice concentration based on satellite observations in
(a, b) March and (d, e) September for the decades (a, d) 1979 1988 and (b, €)
2010 2019. The absolute change in sea ice concentration over the 31 years is
shown for (c) March and (f) September, where negative values correspond to a
reduction in sea ice concentration from 1979 1988 to 2010 2019. Sea ice con-
centrations are derived from passive microwave observations with the Bootstrap
algorithm version 3 (Comiso, 2017). This gure is adapted from Fig. 9.13 in the
Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Report
(AR6) (IPCC, 2021).

Improved understanding of the surface and atmospheric properties in the Arc-
tic can be achieved by a range of satellite instruments. Regarding the surface,
passive microwave observations can monitor key geophysical sea ice parameters,
such as sea ice cover and extent, sea ice type, sea ice surface temperature, thin
sea ice thickness, sea ice drift, and snow depth on rst-year ice (Lucas et al.,
2023). These parameters are typically derived from observations at frequen-
cies between 1.4 and 9&Hz, which we de ne as low frequencies ( 91 GH2),
while high frequencies¥ 91 GH2 are typically not incorporated in sea ice prod-
ucts. These passive microwave observations are complemented by spectrometers,
infrared radiometers, scatterometers, imaging synthetic aperture radar (SAR),
radar altimeters, and lidar altimeters (Lucas et al., 2023). Spectrometer and in-
frared radiometer observations of sea ice are limited to cloud-free conditions, and
the passive observations in the visible spectrum are further unavailable during
polar night. Microwave radiometers and radars partly close this gap by providing
information also under cloudy conditions year-round.

3
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Passive microwave radiometers also allow monitoring of key atmospheric pa-
rameters, including clouds and precipitation (e.g., Boukabara et al., 2011; Pfre-
undschuh et al., 2024). An important cloud property is the total amount of cloud
liquid water in the atmospheric column, i.e, liquid water path. The liquid wa-
ter path is operationally derived from passive microwave observations over open
ocean (e.g., Elsaesser et al., 2017) using an accurately estimated background sur-
face emissivity based on the sea state, i.e., sea surface temperature, sea surface
salinity, and near-surface wind (Kilic et al., 2023). Over sea ice, no operational
product is yet available from passive microwave observations. An accurate obser-
vation of liquid cloud occurrence is available from spaceborne lidars (Kay et al.,
2016), but the observations are often attenuated by the topmost liquid layer.
Visual and near infrared imagers are important in the summer and provide infor-
mation on the e ective radius, optical depth, and cloud liquid water path from
solar re ectance measurements (Platnick et al., 2001). Over sea ice, these meth-
ods exploit the spectral dependence of absorption by liquid cloud droplets above
1000nm (Platnick et al., 2001; Klingebiel et al., 2023), but need to account for
surface albedo uncertainties related to variations in the snow grain size (Ehrlich
et al., 2017).

Frozen hydrometeors can also be detected with passive microwave observa-
tions, but the mixed signal from the surface and hydrometeors makes the retrieval
challenging (Milani and Kidd, 2023). In the Arctic, spaceborne Cloud Pro ling
Radars (CPRs) onboard CloudSat (Stephens et al., 2002, 2008) and EarthCARE
(lingworth et al., 2015; Wehr et al., 2023) provide high sensitivity to the verti-
cal distribution of precipitation. Thus, they are used as ground truth for passive
microwave retrieval evaluation and development (Camplani et al., 2024a), but of-
ten miss clouds and precipitation below about Bm height due to surface clutter
(Maahn et al., 2014; Schirmacher et al., 2023). Observations of cloud ice proper-
ties, i.e., ice water path, are poorly constrained by current observations and thus
largely di er among climate models (Duncan and Eriksson, 2018; Eliasson et al.,
2011). Novel submillimeter wave satellite missions will |l this gap (Buehler et al.,
2012; Eriksson et al., 2020; May et al., 2024; Wang et al., 2017a) as demonstrated
from airborne observations (Brath et al., 2018; Pfreundschuh et al., 2022). While
the higher frequencies are less sensitive to the surface, surface contributions are
relevant up to about 480GHz (Wang et al., 2017Db).

The satellite observations in Fig. 1.2 demonstrate the combined surface and
atmosphere sensitivity of passive microwave observations in the Arctic at three
frequencies on 10 April 2025. At 2GHz, the sea ice is clearly separable from open
water due to its high emissivity at this frequency. At 89GHz, various structures
can be detected over sea ice, such as leads and large-scale gradients, which indicate

4
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