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Abstract

Satellite-based retrievals of sea ice thickness remain subject to significant uncertainties, largely
due to limitations in current microwave emission modeling. A critical knowledge gap exists regarding
the formulation of sea ice permittivity, a parameter that is difficult to measure, estimate, or
model. Furthermore, diverse radiative transfer modeling approaches yield discrepancies, particularly
regarding the inclusion of coherence effects within the snow-covered sea ice medium. Utilizing in
situ measurements, this study first evaluates different permittivity parametrizations and radiative
transfer schemes. In particular, data from the MOSAiC and ARCTIC-MON field campaigns are
used for this dual purpose. Radiometric observations from multiple instruments deployed during
these campaigns (ARIEL, ELBARA, and UWBRAD) enable the assessment of both incoherent and
coherent modeling approaches, as well as empirical and theoretical dielectric mixing formulations
for sea ice permittivity. The results reveal clear signatures of coherence effects in local in situ
measurements, while their impact at satellite-relevant spatial scales remains to be further investigated.
Regarding sea ice permittivity, the analysis highlights substantial uncertainty across the different
modeling approaches. While empirical models provide robust performance, the findings suggest
that the most realistic parametrization of brine inclusions lies between the extremes of spherical
and needle-like shapes.

While L-band radiometry offers unique capabilities for monitoring thin sea ice, which is becoming
increasingly prevalent due to climate change, radar altimeters provide robust measurements for
thicker ice (>1 m). This thesis aims to enhance thin sea ice thickness retrievals by bridging
physical modeling with advanced data-driven strategies. Building on physical foundations, a novel
hybrid machine learning framework for SMOS is developed. This approach overcomes traditional
inversion limitations by training regressor algorithms on comprehensive datasets generated with
physical forward models. With reduced computational resources, the method delivers high-accuracy
estimates with manageable uncertainty, showing clear potential to outperform current retrieval
approaches. Several algorithmic architectures are evaluated, ranging from decision tree-based
models to more complex deep learning methods. However, following a comprehensive assessment,
the optimal trade-off between accuracy and computational cost is achieved with the random forest
algorithm, which is subsequently integrated into a processing pipeline for the generation of a
semi-operational Level 3 SMOS sea ice thickness product.

Ultimately, a synergistic approach is developed in which radar altimeter backscatter is exploited
to estimate sea ice permittivity. The method is structured as a two-stage pipeline. In the first
stage, a random forest model is trained on SMRT simulations of CryoSat-2 waveforms under a
wide range of geophysical conditions, including varying the brine inclusion shape and so the sea ice
permittivity. This model is then applied to CryoSat-2 backscatter observations averaged over a
15-day window to retrieve effective permittivity estimates. In the second stage, a modified random
forest algorithm, building upon the SMOS-only retrieval framework, is employed, now incorporating
the inferred permittivity as an additional input. When integrated into the SMOS thin sea ice
thickness retrieval algorithm, this enhanced model yields a significant improvement in accuracy. In
particular, validation against independent in situ datasets shows a clear performance gain relative
to baseline retrievals. Additionally, the uncertainty propagated through the retrieval chain is
substantially reduced compared to SMOS-only approaches.

Overall, these findings highlight the value of hybrid methodologies that combine physically based
modeling with machine learning, as well as the benefits of multi-sensor synergy. This approach
not only improves current satellite-derived sea ice thickness estimates but also points toward a
promising direction for the next generation of polar Earth observation systems.






Resum

Les estimacions del gruix del gel mari a partir de satél-lit presenten encara incerteses importants,
principalment degudes a limitacions en la modelitzacié de I’emissié microones. Un dels principals
reptes és la correcta formulacio de la permitivitat del gel mari, un parametre dificil de mesurar i
modelitzar, aixi com les discrepancies entre diferents models de transferéncia radiativa, especialment
pel que fa als efectes de coheréncia. A partir de mesures in situ inédites de les campanyes MOSAiC
i ARCTIC-MON, aquest treball avalua diverses parametritzacions de la permitivitat i esquemes de
modelitzaci6. Els resultats mostren evidéncies clares d’efectes de coheréncia a escala local i posen
de manifest una elevada incertesa associada a la modelitzaci6é de la permitivitat, tot i que indiquen
que les inclusions de sal es poden descriure de manera més realista amb geometries intermédies
entre esferes i agulles.

En aquest context, es desenvolupa un nou enfocament hibrid basat en aprenentatge automatic per
millorar les estimacions del gruix de gel prim a partir de radiometria en banda L (SMOS). El métode,
entrenat amb simulacions fisiques, aconsegueix una elevada precisié amb un cost computacional
reduit, sent els models random forest els que ofereixen el millor compromis. Aquest enfocament
s’integra en un producte semi-operacional de gruix de gel mari.

Finalment, es proposa una metodologia sinérgica que combina dades de radiometre i altimetre
radar (CryoSat-2) per estimar la permitivitat del gel mari. Mitjangant una arquitectura en dues
etapes basada també en random forest, s’aconsegueix millorar significativament la precisié de les
estimacions i reduir la incertesa respecte als métodes basats tinicament en SMOS.

En conjunt, els resultats evidencien el potencial de combinar models fisics i aprenentatge
automatic, aixi com 1'as sinérgic de multiples sensors, per avancar en 'observacié del gel mari des
de satel-lit.
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Chapter 1

Introduction

Sea ice forms when seawater freezes under low temperatures, covering approximately 7% of
Earth’s surface, mostly in the poles within the Arctic and Antarctic regions. It follows a sea-
sonality of expansion and retreat, governed by variations in temperature, solar radiation, and
ocean—atmosphere exchanges. Sea ice exerts a critical influence on global climate, marine ecosystems,
and socioeconomic activities in high latitudes. Its high albedo makes it one of the primary regulators
of the planetary energy balance, reflecting a large fraction of incoming solar radiation back into
space and thus acting as a critical component of the climate feedback system |[Budykol [1969]. Sea
ice not only influences the global radiation budget but also modulates ocean circulation and the
associated surface fluxes. Through processes such as brine rejection during ice formation (Nakawo
and Sinha [1981], |Griewank and Notz [2015]) and freshwater injection during melt, sea ice affects
ocean stratification and contributes to the thermohaline circulation. Consequently, changes in sea
ice conditions are linked with large-scale climate patterns and may even influence mid-latitude
weather variability. The Arctic, in particular, is undergoing rapid and unprecedented transformation.
Observations reveal a persistent downward trend in both sea ice extent and thickness over the
past four decades (Lindsay and Schweiger| [2015], Kwok| [2018]). The IPCC Special Report on the
Ocean and Cryosphere in a Changing Climate [Meredith et al. 2019] notes a decline of roughly
13% per decade in September extent since 1979, together with a loss of over 90% in multi-year ice
(MYT) thicker than five meters. This evolution towards a younger, thinner, and more seasonal ice
regime amplifies Arctic warming, and thus accurate sea ice estimates are required to understand
and predict the future of the planet.

Monitoring sea ice mostly relies on satellite remote sensing, which provides continuous, large-
scale, and long-term observations. Passive microwave radiometry has been central to these efforts
since the early 1970s, with the launch of the first satellites capable of retrieving sea ice concentration
(SIC). The legacy began with the Electrically Scanning Microwave Radiometer (ESMR;; [Zwally and
Gloersen| [1977]) and the Scanning Multichannel Microwave Radiometer (SMMR; |Gloersen et al.
[1984]), followed by the Special Sensor Microwave/Imager (SSM/I; Hollinger et al.| [1990]) and the
Advanced Microwave Scanning Radiometer (AMSR) series [Kawanishi et al., [2003], which included
also higher frequencies. The launch of European Space Agency (ESA)’s Soil Moisture and Ocean
Salinity (SMOS; [Mecklenburg et al.| [2009], [Kerr et al.|[2010]) and National Aeronautics and Space
Administration (NASA)’s Soil Moisture Active Passive (SMAP; Entekhabi et al.| [2010]) missions,
which operate at the lower frequency L-band (1.4 GHz), enabled the retrieval of sea ice thickness
(SIT) for thin ice regimes. Furthermore, the upcoming Copernicus Imaging Microwave Radiometer
(CIMR) will extend these capabilities by integrating L-band with C-; X-, Ku-, and Ka-band channels,
thus providing simultaneous continuity of both sea ice concentration and thickness measurements
[Donlon et al) [2023]. At L-band, the wavelength penetrates tens of centimeters into the ice, offering
enhanced sensitivity to thickness compared with higher-frequency sensors.

Despite extensive progress over the last few years, current L-band SIT retrieval algorithms
remain limited in their accuracy. Nowadays, two SMOS-based thin SIT operational products exist
for the non-melting period (October—April). The first, distributed by ESA, is a semi-empirical
algorithm developed by the Alfred Wegener Institute (AWT) as described in [Kaleschke et al.|[2012]
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and [Tian-Kunze et al.| [2014]. However, a significant drawback is that it does not account for
snow cover above sea ice. This limitation is critical due to the substantial impact of snow on
emitted L-band radiation Maass et al|[2015] and subsequent thickness retrieval processes. The
second product, from the University of Bremen, and detailed in [Huntemann et al.| [2014], adopts an
empirical approach. Despite this, a notable limitation of the UB product is its restricted sensitivity,
reaching only up to 0.5 m. While this product explicitly limits the SIT retrieval, the AWI product
does not have a clearly defined upper limit, with sensitivity typically ranging between 0.5 and 1.5
m depending on sea ice conditions.

Meanwhile, satellite altimeters provide a distinct and complementary approach for estimating
SIT, particularly effective for thicker ice (> 1 m). This capability evolved from early pulse-limited
radars on the European Remote Sensing (ERS) and Environmental Satellite (Envisat) missions
|Laxon et al., [2003|, and the pioneering laser altimetry of the Ice, Cloud, and land Elevation Satellite
(ICESat; Kwok et al|[2009]), to the current sensors on ESA’s CryoSat-2 (CS2; Laxon et al.| [2013])
and NASA’s ICESat-2 [Markus et al. 2017]. These satellites measure sea ice freeboard, which
can be converted to total thickness under hydrostatic equilibrium assumptions. However, this
conversion remains sensitive to estimates of snow depth and density, which are major sources of
uncertainty (Warren et al.| [1999], [Mallett et al.| [2021]). A combined SMOS-CS2 thickness product
exists |[Ricker et al.l [2017], offering full thickness coverage, but it inherits the individual limitations
of both SMOS and CS2 retrievals.

Improving SIT retrievals from satellite data requires a combination of physically consistent
modeling with data-driven inversion techniques. Artificial intelligence (AI) and particularly machine
learning (ML) have emerged as powerful tools to enhance the existing geophysical retrievals from
Earth Observation (EO) satellites. Additionally, these algorithms can ease the inversion of forward
models, which are commonly used in the development of EO remote sensing products. Recent efforts
to retrieve sea ice parameters from satellite observations using Al have increasingly focused on
applying ML techniques to passive microwave data. Early examples include |Braakmann-Folgmann
and Donlon| [2019], who used a neural network to estimate snow depth over sea ice using AMSR2
and SMOS data, and [Yan and Huang| [2020|, who applied ML algorithms to retrieve SIT from
TechDemoSat-1 (TDS-1) and SMOS observations. |Chi and Kim| [2021a] developed an ensemble
Convolutional Neural Network (CNN) to retrieve daily SIT from AMSR2 data, while Soriot
et al.| [2023]| and |[Soriot et al.| [2024] used frequencies ranging from 1.4 to 36 GHz with Al-based
methodologies to estimate and analyze SIT and volume trends. Beyond passive microwave sensors,
Herbert et al.| [2021] used a neural network to retrieve SIT from FSSCat nanosatellite data [Camps
et all [2018|, and [Shamshiri et al.| [2022] and |Zhao et al.| [2023] investigated ML approaches using
Sentinel-1 C-band Synthetic Aperture Radar (SAR) data.

Nonetheless, the enhancement of the current products does not rely solely on the retrieval
architecture by integrating ML-based approaches. Particularly, there is still a clear knowledge gap
regarding sea ice microwave emission modeling. Electromagnetic waves propagating through sea ice
and the snow above are subject to absorption and scattering between media layers, and different
radiative transfer (RT) models with distinct approaches differ significantly in their computation
of sea ice brightness temperature (TB). For layers with a thickness less than or similar to the
wavelength of the electromagnetic radiation, coherence effects between reflected waves can influence
emissions measured by the sensors, a phenomenon particularly relevant for thin snow layers above
sea ice, where interference is favored by homogeneous surfaces. Previous attempts to tackle L-band
sea ice emission modeling have mainly utilized an incoherent approach, only considering power
propagation without phase information. Current operational remote sensing products, such as
ESA’s SMOS SIT product |Tian-Kunze et al., [2014], partially consider coherence effects within
a semi-coherent model that accounts only for interference between the sea ice top and bottom
while ignoring the snow layer. Although coherence patterns have been observed in previous works
(Hallikainen| [1983|, |St. Germain et al. [1993]), it remains unclear how these locally observed effects
influence the TB measured in satellite sensor footprints spanning several kilometers, and relatively
few observational datasets clearly capture these signatures under well-characterized field conditions.
Beyond the RT approach, the selection of the sea ice permittivity formulation is a key parameter
that critically determines the TB. The most widely used is the Vant empirical formulation (Vant
et al|[1978|), though a more theoretical approach that models brine inclusions as ellipsoids is
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described by |Shokr| [1998]. The choice of permittivity model directly affects how electromagnetic
properties of sea ice are represented, ultimately influencing the accuracy of TB simulations and
subsequent retrievals.

Ultimately, the uncertainty in sea ice permittivity formulations directly propagates into subse-
quent SIT retrievals, highlighting the need for improved constraints on these critical parameters.
Since permittivity depends on physical properties such as salinity, temperature, and brine volume
fraction, parameters that are difficult to measure directly from space, the integration of comple-
mentary satellite observations offers a promising path to reduce this uncertainty. Independent
measurements of sea ice from altimetry missions, such as CS2, can potentially provide valuable
constraints by linking their observations to physically consistent sea ice permittivity estimations.
Therefore, it remains worth exploring whether such synergistic multi-sensor integration can ef-
fectively constrain permittivity and thus improve the accuracy of L-band radiometry thin SIT
retrievals.

1.1 Context

The continuous monitoring of Arctic sea ice is critical for understanding global climate dynamics
and its evolution, yet it presents important observational challenges. This chapter outlines the
evolution of the Arctic sea ice pack, reviews the historical and contemporary techniques utilized to
measure SIT, and critically evaluates the operational remote sensing products currently available.

1.1.1 The changing state of Arctic sea ice

The phenomenon of Arctic amplification [Previdi et all 2021, which produces an increased
warming compared to the rest of the planet, is fundamentally governed by the ice-albedo positive
feedback mechanism. As sea ice retreats, the exposure of low-albedo ocean surfaces significantly
enhances solar absorption, thereby accelerating warming at rates exceeding three times the global
average (Screen and Simmonds| [2010], [Rantanen et al.| [2022]). Satellite observation records show
a regime shift occurring in 2007, characterized by a gradual collapse in MYT extent. While MYT
historically comprised over 40% of the winter ice pack in the 1980s, its coverage has declined
to less than 10% by 2025, establishing an Arctic environment now predominantly composed of
seasonal First-Year Ice (FYI) [Kwokl [2018] (Figure [L.1)). Specifically, this FYI-dominated regime is
characterized by a reduced modal thickness ranging between 1.2 and 1.8 m, compared to > 3 m for
MYTI. This thinner ice is thus more saline and also more vulnerable to rapid drifting, deformation,
melting, and fracturing. Concurrent with this transition, the overall spatial extent of the Arctic sea
ice has experienced a rapid and sustained decline. This reduction is most pronounced at the end of
the summer melt season in September (Figure . Satellite passive microwave records, continuous
since 1979, show that the September minimum ice extent is declining at a rate of approximately
13% per decade relative to the 1981-2010 average |Thoman and Moon) 2022|. This reduction
in the summer minimum extent not only amplifies the albedo feedback but also preconditions
the ocean with more accumulated solar heat. This oceanic heat results in a significantly delayed
autumn freeze-up, which further restricts the growth window for the subsequent winter. From
a socioeconomic perspective, the reduction in summer ice extent has resulted in the opening of
trans-Arctic maritime shipping routes, increasing geopolitical and commercial activity in the region.
Consequently, accurately monitoring the thickness of thin sea ice is no longer purely a scientific
interest, it has evolved into a global interest. Climate models, maritime navigators, and indigenous
communities rely on highly accurate, near-real-time observations of the ice pack. Because the Arctic
is now dominated by this highly dynamic FYT regime, traditional EO strategies must be enhanced
to capture the rapid spatial and temporal variances of the current Arctic sea ice.

1.1.2 Measuring sea ice: from in situ techniques to satellite remote
sensing

The measurement of SIT requires bridging different spatial and temporal scales. Each observa-
tional technique presents specific trade-offs, ranging from methods with highly accurate localized
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Figure 1.1: The spatial retreat of old, multi-year ice (MYTI) between 1985 and 2023, accompanied
by the temporal collapse of total MYT area, illustrating the transition to a First-Year Ice (FYI)
dominated regime. Credit to the National Oceanic and Atmospheric Administration (NOAA) Arctic
Report Card 2023 [Meier et al., 2023].
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Figure 1.2: Sea ice extent for the March maximum and September minimum, with the solid
blue line indicating the 1991-2020 median. Credit to the National Oceanic and Atmospheric
Administration (NOAA) Arctic Report Card 2023 [Meier et al., [2023].
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data to others with lower-resolution but extended coverage.

Historically, in situ techniques such as manual auger drilling and ice coring have provided a base-
line for thickness observations |Eicken et al.,|2009]. These point-scale methods yield direct, accurate
measurements of the ice column, capturing physical properties and also snow depth. However,
due to the challenging logistics of Arctic fieldwork, in situ measurements have important spatial
undersampling. Consequently, point-scale data cannot adequately capture the pan-Arctic conditions.

To obtain continuous temporal observations, Upward-Looking Sonars (ULS) are commonly
installed on oceanographic moorings, such as those maintained by the Beaufort Gyre Exploration
Project (BGEP, [Krishfield et al|[2014]), deployed since 2003. Anchored beneath the ice pack, ULS
instruments emit acoustic pulses to measure the sea ice draft, i.e., the submerged portion of the ice
floe. The draft can subsequently be converted to total SIT under the assumption of hydrostatic
equilibrium. While ULS moorings provide high-temporal-resolution time series of ice thickness at
fixed places, their spatial coverage is restricted to the trajectory of the ice drifting directly over
the sensor footprint. To bridge the operational gap between point measurements and pan-Arctic

Measuring principle of the EM-Bird
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Figure 1.3: EM measurement principle schematic.

Figure 1.4: Schematic detailing of the Electromagnetic Induction (EM) sounding instrument
measurement principle: a laser measures the distance to the snow surface, and an EM sensor
measures the distance to the conductive seawater interface. The difference yields the total sea ice
thickness. Credit to meereisportal.de!

scales, airborne electromagnetic induction sounding is commonly utilized. Typically deployed via
helicopters or fixed-wing aircraft (referred to as EM-birds), this active measurement technique
exploits the contrasting electrical conductivities of sea ice and ocean. The instrument induces a
primary low-frequency electromagnetic field, which generates secondary eddy currents in the highly
conductive seawater beneath the resistive ice layer [Haas et al., 2007]. By measuring the amplitude
and phase of the secondary field, the distance from the instrument to the ice-water interface is
determined. Subtracting the laser-altimeter-derived altitude from the snow or ice surface yields
the total SIT, including the snow layer. These EM-birds can provide continuous, high-resolution
transects through hundreds of kilometers, establishing them as a great validation tool for satellite-
derived retrievals. Nevertheless, the logistical constraints of airborne operations prevent these
platforms from achieving the pan-Arctic, daily temporal resolution required for operational purposes.
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Since in situ and airborne methods are spatially and temporally limited, satellite remote sensing
constitutes the key for pan-Arctic sea ice observation. To retrieve SIT on a wider scale, the
monitoring relies primarily on two different but complementary regions of the microwave spectrum:
active radar altimetry and passive radiometry.

Satellite altimeters (see Figure measure the elevation of the sea ice surface relative to the
local sea level. This differential measurement is defined as the sea ice freeboard (f;). Under the
assumption of hydrostatic equilibrium, the measured freeboard is converted into SIT (d;..) using
the densities of water (py,), ice (p;), and snow (ps), alongside the snow depth (ds) |[Laxon et al.|
2013):

dice = Pu fi + Po = Pu ds (11)
w pz pw - pz

While altimetry provides robust thickness estimates for thick sea ice, its uncertainty increases
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Figure 1.5: Schematic diagram of an altimeter over snow-covered sea ice. The signal from laser
altimeters, such as ICESat-2, is reflected at the air-snow interface, while radar altimeters, such as
CryoSat-2, tend to reach the snow-ice interface.

exponentially over thin ice regimes |Ricker et al., [2017]. The retrieval is limited by the penetration
depth of the radar pulse into the snowpack, which depends on snow salinity, temperature, and
microstructure |Ricker et al., [2014]. Furthermore, as per Equation the retrieval relies on snow
depth climatologies, which introduce further significant uncertainty. Consequently, radar altimetry
is generally considered not reliable for ice thinner than 1 m [Ricker et al., 2017].

Despite that, many works have advanced towards more reliable thickness estimations from al-
timeters, primarily by addressing the dominant sources of uncertainty: snow depth parameterization,
radar waveform retracking, and lead classification.

Historically, altimetry retrievals relied on the Warren snow depth climatology (W99), derived
from in situ measurements collected on drifting Soviet stations between 1954 and 1991 [Warren
et all 1999]. Recognizing that the W99 climatology overestimates snow depth on the current pack,
subsequent retrieval frameworks introduced modified climatologies, typically halving the W99 snow
depth values over FYI-classified regions |[Kurtz and Farrell, 2011]. More recently, the field has
shifted towards observation-based snow depth retrievals by exploiting dual-frequency or multi-sensor
altimetry. By combining Ku-band radar altimetry (e.g., CS2), which theoretically penetrates the
snowpack to the ice surface, with Ka-band radar (e.g., AltiKa) or laser altimetry (e.g., ICESat-2),
which reflects near the air-snow interface, the differential penetration depth can yield an estimate
of snow depth (Armitage and Ridout| [2015], Kwok et al.|[2020]). Moreover, regarding the future
Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL) mission to be launched in 2027,
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works such as Landy et al.| [2026] are already preparing to exploit its multi-frequency capabilities
over snow-covered sea ice.

Beyond snow depth parameterization, significant progress has been made in waveform retracking
and the physical modeling of radar penetration. Traditional threshold-based retrackers are highly
sensitive to small-scale surface roughness and to the dielectric properties of the snowpack, which
can artificially elevate the scattering horizon, inducing bias |[Ricker et al) [2014]. To mitigate
this, advanced physical waveform models have been developed to account for surface and volume
scattering components, thereby reducing the roughness-induced biases in empirical retrackers [Landy
et al., 2019]. Furthermore, accurate freeboard retrieval requires precise discrimination of open
leads to determine the sea surface height (SSH) reference. Classification schemes have been refined,
leveraging waveform parameters such as pulse peakiness and stack standard deviation to minimize
the misclassification of specular, newly frozen ice surfaces as open leads, thereby improving the
along-track interpolation of the reference sea surface |[Paul et all |2018]. More recent studies have
marked further significant advances in the field, including the year-round CS2 retrieval developed
by [Landy et al|[2022]|, which extends coverage to the summer melt season, and the drift-aware
product derived from Envisat and CS2 observations presented in [Ricker et al.| [2025].

Radiometers operate by measuring the natural thermal emission of the Earth’s surface (see
Figure . Passive microwave radiometry provides a multi-decadal record of satellite-based sea
ice observations. Since the launch of the Nimbus-7 Scanning Multichannel Microwave Radiometer
(SMMR) in 1978, followed by the Special Sensor Microwave/Imager (SSM/I) and subsequent
instruments such as the Advanced Microwave Scanning Radiometer series (AMSR-E, AMSR2,
and AMSR3), continuous SIC records have been generated (Cavalieri et al.| [1996], |(Comiso| [2017]).
These retrievals exploit the strong contrast in microwave emission between open water and sea ice,
enabling the estimation of SIC independently of cloud cover and solar illumination. Therefore, in
general, higher microwave frequencies remain highly effective for a range of sea ice applications,
including SIC retrieval [Kern et al., 2020] and other variables such as sea ice age |[Korosov et al.,
2026|. However, at these higher microwave frequencies, the measured TB is primarily influenced by
surface and near-surface processes, including snow scattering and surface roughness, which reduces
sensitivity to the properties of the ice below |Ulaby et all [2014]. As a result, these observations
are not well-suited for inferring SIT. A major advancement in this context was enabled by the
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Figure 1.6: Schematic diagram of a radiometer over snow-covered sea ice.

introduction of L-band radiometry through the ESA’s SMOS |Kerr et al [2010] and later the
NASA’s SMAP missions [Entekhabi et all [2010]. Operating at a frequency of approximately
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1.4 GHz (corresponding to a wavelength of about 21 cm), L-band observations are characterized
by reduced scattering and increased penetration depth relative to higher-frequency measurements.
This allows the observed TB to contain emission from the sea ice layer, below the snow—ice interface,
making it more sensitive to SIT, especially of thin ice (< 1 m; Kaleschke et al|[2012]). However,
as sea ice thickens, internal microwave attenuation increases until the emission signal saturates.
Under typical Arctic conditions, L-band TB reaches an asymptotic limit at thicknesses between
approximately 0.5 and 1 m |Tian-Kunze et al., |2014], depending on ice temperature and salinity.

To translate this sensitivity into SIT estimates, current retrieval algorithms are mainly based
on two methodological approaches: physically-based modeling or empirical regression. The baseline
operational SMOS SIT product, developed by AWI and distributed by ESA |[Tian-Kunze et al.,
2014], relies on a physical retrieval scheme that couples a semi-coherent [Menashi et al., [1993| one-
dimensional RT model with a thermodynamic model of the ice column. This algorithm iteratively
minimizes a cost function between the observed multi-angular TBs and the modeled emission, which
is dependent on the bulk ice temperature and salinity, parameterized via surface air temperature
reanalysis and through the [Ryvlin| [1974] empirical formula, respectively. However, this approach
does not explicitly account for the snow cover. Even though it includes its effect as a thermal
insulator by inducing warmer temperatures for the sea ice below, the layer is not explicitly included
in the RT model, thus neglecting the effect of the dielectric contrast in the snow-ice interface and so
its impact on the modeled TB |[Maass et al., 2015|. However, this algorithm further incorporates an
empirical correction utilizing a statistical thickness lognormal distribution function, derived from
NASA’s Operation IceBridge (OIB) airborne data, to account for sub-footprint spatial heterogeneity.

Conversely, empirical retrieval frameworks have been developed to bypass the physical models’
uncertainty. Particularly, the algorithm from the University of Bremen (Huntemann et al.|[2014])
uses the polarization difference (PD; i.e., the contrast between vertical and horizontal polarizations
of TB) and intensity measurements across varying incidence angles. The empirical model trained
with these radiometric features shows significant skill, but with sensitivity only up to 50 cm.
Furthermore, more recent works have focused on multi-sensor synergy within the L-band spectrum.
The integration of data from the SMAP mission, which observes at a fixed 40° incidence angle,
with the multi-angular observations of SMOS has enabled the generation of combined, pan-Arctic
SMOS-SMAP thin SIT maps [Patilea et all [2019]. However, there is no SMAP-only thin SIT
operational product.

Ultimately, to address the physical limitations of individual sensors, efforts have been made
towards exploiting their complementary uncertainties in the range of SIT. The most notable
advancement in this multi-sensor fusion is the CS2-SMOS product developed by AWT [Ricker et al.|
2017| and distributed by ESA. This dataset merges daily thin-ice from SMOS with weekly thick-ice
estimates from CS2. The merging process utilizes an optimal interpolation (OI) scheme, applying a
weighted background field based on the uncertainty of each sensor.

While the CS2-SMOS product provides a reliable pan-Arctic grid, it is more of a statistical
interpolation rather than a physical synergy. In the critical transition zone (0.5 to 1.0 m), where
SMOS can already be saturated, and CS2 altimetry is highly uncertain, the OI algorithm can
essentially combine two degraded estimates. Despite the evident room for improvement that exists,
this product has made a groundbreaking step, being the first satellite product to cover the whole
Arctic SIT range with sufficient spatial and time coverage.

1.1.3 Machine learning applications in sea ice remote sensing

In recent years, Al and ML have represented a paradigm shift in EO. Classical physics-based
retrieval algorithms usually rely on iterative cost-function minimization and forward models, which
are computationally expensive. Consequently, ML architectures have been increasingly applied to
address these computational bottlenecks and improve retrieval efficiency |[Reichstein et al.| 2019).

Current applications within the cryosphere domain are broad. For instance, deep learning
networks have been successfully deployed for automated sea ice classification using Synthetic
Aperture Radar (SAR) imagery, outperforming traditional thresholding techniques by using spatial
feature extraction [Malmgren-Hansen et al.l [2021]. In the context of altimetry, neural networks are
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now being used to translate radar waveforms to freeboard measurements, attempting to bypass the
biases of empirical retrackers [Landy et al) |[2022]. Another related example is provided by [Lee et al.
[2016], who applied a random forest (RF) regressor to retrieve SIT from altimeter measurements
such as those acquired by CS2. Their method fills missing data caused by cloud cover and high
solar zenith angles, issues that are challenging in polar regions where optical satellite observations
are usually affected. Crucially, ML methodologies are now also being extended to passive microwave
radiometry. Recent studies have demonstrated the efficacy of deep learning approaches, such as
ensemble CNNs, to estimate SIT directly from TB. By utilizing feature augmentation and training
with satellite altimetry observations, these algorithms map the non-linear relationships between
multi-frequency radiometric measurements and SIT |Chi and Kim)| 2021b]. Similarly, regression
architectures like Support Vector Regression (SVR) and CNNs have been used to fuse SMOS with
Global Navigation Satellite Systems-Reflectometry (GNSS-R) data, reducing retrieval errors in
the thin thickness regime |[Yan and Huang] [2020]. Furthermore, neural network frameworks have
also been used on nanosatellite constellations (e.g., FSSCat) to combine L-band radiometry with
GNSS-R for high-resolution SIC mapping [Llaveria et al., 2021].

However, despite these advances, the majority of ML approaches in EO are still data-driven
black-box architectures. They are trained to translate raw satellite inputs into target variables,
minimizing statistical error without considering the physics behind. Therefore, the current state-
of-the-art gap lies in the development of physics-informed ML |[Karniadakis et all [2021]. Modern
architectures can take advantage of the computational efficiency of ML while remaining constrained
by physics. By utilizing ML as an accurate surrogate for physical models, the predictions and their
uncertainties can be understood.

1.1.4 Field campaigns

To validate and develop satellite SIT products, field campaigns are indispensable. They provide
collocated in situ measurements necessary to understand and enhance the physical models and thus
improve the further SIT retrievals. Here, some relevant field campaigns are described, as the data
collected there is used in this thesis.

The MOSAIiC Expedition

The Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAiC), conducted
between September 2019 and October 2020, was the most extensive Arctic field campaign conducted
to date [Nicolaus et all|2022]. Led by AWI, this international expedition was designed to observe
the coupled central Arctic climate system across a full annual cycle (see Figure . By anchoring
the research icebreaker Polarstern to a stable ice floe in the Siberian sector and allowing it to flow
with the transpolar drift, the campaign provided numerous measurements of atmospheric, oceanic,
biogeochemical, and physical cryospheric processes. Within this multidisciplinary framework, the
snow and sea ice observation program [Nicolaus et al. 2022] provided a time series of the evolving
ice column, from the initial autumn freeze-up through the summer melt season. Among many
other instruments, and crucially for passive microwave remote sensing, the ice camp hosted several
surface-based radiometers operating concurrently with continuous thermodynamic profiling via
digital thermistor chains and ice coring operations. This collocated experimental setup yielded
unprecedented in situ data, directly linking radiometric measurements to the evolution of the ice
conditions.

The ARCTIC-MON campaign

The ARCTIC-MON project targeted the collection of unique snow and sea ice measurements
during the early freeze-up period. It was conducted in Cambridge Bay in January 2024, in the
facilities of the Canadian High Arctic Research Station (CHARS). The campaign was led by the
Institute of Marine Sciences (ICM-CSIC), in collaboration with the University of Bremen and the
University of Victoria. Particularly, the preparation and the execution (and also the further data
processing and analysis) of this campaign have been part of the work developed during the thesis.
The science plan included the deployment of multiple instruments (see Figure , including a
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(a) RV Polarstern during MOSAIC. (b) Central Observatory layout.

Figure 1.7: The Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAIC).
(a) The research icebreaker RV Polarstern anchored to the Siberian sea ice floe, serving as the
central logistical hub. (b) Schematic representation of the Central Observatory, illustrating the
spatially distributed experimental sectors (e.g., Met City, Ocean City, ROV City). Credit to the
Alfred Wegener Institute (AWT).

(a) ARIEL L-band radiometer deployed
over snow-covered sea ice, with an in-
frared camera mounted on the sled. (b) C-band scatterometer operating.

Figure 1.8: Instruments setup, namely for the ARIEL L-band radiometer and the C-band
scatterometer, during the ARCTIC-MON field campaign.
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L-band portable radiometer (ARIEL, |Gabarré et al.| [2022]), multiple GPS GNSS-R receivers, a
C-band scatterometer, and infrared cameras. Several ancillary measurements were collected in
parallel to the radiometric observations, including ice cores, drillings, and snow pits, in order to
characterize the thickness, density, temperature, and salinity of the snow and sea ice layers.

The SIMSVAL campaign

s k. 3
= e —

(b) Validation of the SIMS instrument,
(a) ARIEL L-band radiometer deployed with a colocated ice drilling below dur-
over snow-covered sea ice. ing an ice station.

Figure 1.9: ARIEL and SIMS instruments during the SIMSVAL campaign. The ARIEL radiometer
was deployed in various ice stations, and SIMS measured while continuously navigating through ice
and was validated during the stops.

In spring 2025, from late March to early April, the SIMSVAL campaign was conducted to acquire
coordinated in situ radiometric observations over sea ice in the south and west of Greenland. Led
by the ICM-CSIC aboard Le Commandant Charcot, the measurement strategy combined continuous
and point-scale observations to capture both the spatial variability and the physical properties of
the snow—ice medium (see Figure [1.9). In this context, radiometric measurements were collected
with the L-band portable radiometer ARIEL and complemented with detailed in situ sampling,
including snow and ice thickness, temperature, salinity, and density, sampled through snow pits, ice
coring, and ice drilling operations. This multi-instrument approach enabled a characterization of the
conditions governing the microwave emission from sea ice. A key component of the campaign was
the deployment of the Shipborne Sea Ice Monitoring System (SIMS; ), an instrument
based on an electromagnetic induction sensor, which provided continuous observations along the
ship track when navigating through the ice, shown in Figure [[.I0] Furthermore, during the ship
stops in the ice, drillings were done below the sensor to validate it, as shown in Figure [[.9b] The
temporal and spatial coverage of the campaign enabled the collection of a unique thin SIT dataset
using the SIMS instrument, which is highly valuable for validating satellite-derived products, as
done later in this thesis.

These measurements were complemented by dedicated stations where more detailed sampling
was performed, allowing a direct comparison between radiometric observations and colocated
geophysical properties. Despite being processed, the ARIEL measurements have not yet been used
for advancing sea ice microwave emission modeling, and so they are not part of the work done in
this thesis.
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SIMS Sea Ice Thickness Measurements
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Figure 1.10: SIMS measurements collected during the campaign. The raw and smooth data are
shown alongside the ice drillings collected for validation (red stars).

1.2 Objectives and motivation

The motivation of this thesis lies in the clear potential for improvement in the satellite-based
monitoring of sea ice, particularly regarding its thickness. As an essential climate variable, sea ice
has undergone a pronounced decline in recent decades, making accurate and reliable estimates of
its state more critical than ever.

Accordingly, the main objective of this work is to develop enhanced satellite-based retrievals of
thin SIT, leveraging the capabilities of ML techniques. To achieve this, the first step focuses on
improving the modeling of sea ice microwave emission, which constitutes a fundamental component
of retrieval methodologies. Building on this, the next objective is to develop a SMOS-based thin
SIT product using a ML approach, with the longer-term goal of moving towards an operational
framework. Finally, a synergistic combination of radiometry and altimetry observations is aimed
to be explored to enhance the SIT retrieval accuracy and reduce the uncertainties of single-sensor
approaches.

This thesis is structured as follows. Chapter [2] examines sea ice microwave emission in detail,
including RT modeling, formulations of sea ice permittivity, a comparison of different modeling
approaches, and an investigation of coherence effects, both based on in situ measurements. Chapter
describes the development of a hybrid SMOS thin SIT retrieval algorithm, also assessing multiple
more advanced ML approaches for this application. Chapter [ introduces a novel synergistic method
combining CS2 and SMOS observations, where CS2-derived sea ice permittivity is integrated into
the SMOS retrieval scheme to enhance performance. Finally, Chapter [p] presents the conclusions.



Chapter 2

Sea ice microwave emission modeling

Parts of the work presented in this chapter have been published as peer-reviewed articles.
Particularly, Section[2.4] was published in|Herndndez-Macia et al| [2024b], and Section is
currently under revision in|Herndndez-Macia et al| [20260)].

The retrieval of sea ice parameters, particularly thickness, from passive microwave observations
relies on the accuracy of the forward model, i.e., the mathematical framework that simulates the
microwave emission of the air-snow-sea ice-ocean system. As the Arctic transitions towards a thinner
FYTI regime due to climate change, the capability of L-band radiometry (e.g., SMOS and SMAP)
to monitor thin sea ice has become more critical. However, the inversion of these observations
is subject to numerous uncertainties arising from the complexity of the sea ice medium. Sea ice
emission modeling ranges from simple surface emission models to complex multi-layered RT schemes.
Early approaches treated sea ice as a semi-infinite medium, but the penetration depth at L-band
requires accounting for the vertical structure of the ice, including the snow cover and the underlying
ocean water. Current RT models are generally categorized into incoherent and coherent approaches.
Incoherent models, such as the widely used formulation by Burke et al|[1979|, treat the propagation
of energy intensities, neglecting phase information. These are computationally efficient and robust
for rough and heterogeneous media where phase coherence is destroyed. Conversely, coherent
models (Wilheit| [1978], Menashi et al.| [1993]) account for the wave nature of radiation, modeling
interference patterns as a function of the layers’ thickness. While theoretically significant within
smooth, parallel layers, the impact of these coherent effects in satellite footprints remains unclear.
In parallel to the RT model approach, the parameterization of sea ice permittivity represents the
major source of uncertainty. Sea ice is a multiphase medium consisting of pure ice, air bubbles,
and brine inclusions. The dielectric properties are thus dependent on the brine volume and the
geometry of these inclusions. Both empirical formulations, such as that from [Vant et al.|[1978], and
theoretical dielectric mixing models that calculate effective permittivity based on the ellipsoidal
shape of brine inclusions [Shokr| [1998], have been explored in this chapter.

2.1 Fundamentals of radiative transfer modeling

Passive microwave sensors onboard satellites measure the natural thermal radiation emitted by
the Earth’s surface at specific frequencies, enabling the monitoring of various geophysical variables.
Fundamentally, all matter at a physical temperature 7' > 0 K emits electromagnetic radiation. For
a blackbody, an idealized physical body that absorbs all incident electromagnetic radiation, this
emission is described by Planck’s law:

2P 1
o ek 1]

(2.1)

v
where I, represents the spectral brightness, defined as the energy emitted per unit surface area, per

unit time, per unit solid angle, within the frequency range [v, v + dv]. The equation incorporates
Planck’s constant h, the speed of light in a vacuum ¢, and the Boltzmann constant k. In the context

13
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of microwave radiometry (e.g., the SMOS satellite operating at L-band, 1.4 GHz), the frequency v is
sufficiently low such that the photon energy is negligible compared to the thermal energy (hr < kT).
Under this condition, the exponential term in the denominator can be approximated using the
first-order Taylor series expansion (e* ~ 1+ ), leading to the Rayleigh-Jeans approximation:
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E (2.2)
This approximation implies a linear relationship between the emitted power and the physical
temperature of the object. However, natural geophysical media are not perfect emitters; they are
referred to as “gray bodies”. A gray body emits and absorbs less radiation than a blackbody at
the same physical temperature. To account for this, the concept of TB is introduced. TB is the
effective temperature a blackbody would need to have to emit the same intensity as the observed
gray body. For a semi-infinite medium at a uniform physical temperature 7', the TB is related to
the physical temperature by the emissivity (e):

where the emissivity e (0 < e < 1) is a dimensionless factor dependent on the observation angle 6,
polarization p, and the dielectric properties of the medium.
Now, following [Ulaby et al.| [2014], a plane wave’s electromagnetic field in the z direction can be
described at point z as
E(z) = Ey - exp(—v2), (2.4)

where Ej is the field intensity at z = 0, v = a + j3, and the absorption coefficient o = kgn'’ =
—koJdm {\/e} and the phase constant 8 = kon’ = koRe {y/e}. The complex permittivity of the
medium is € = ¢ — je”, and it is related to the index of refraction N = y/e. The wave vector is
ko = 2w /X, with A\g being the free-space wavelength. The power density at the point z is defined,
when neglecting the scattering, as

S(z) =Sy - exp(—kKa), (2.5)

with k., = 2a being the power absorption coefficient. With this defined, the penetration depth for
a scatter-free medium is

6p = 1/Ka, (2.6)

which in the particular case of €’/¢’ < 1 is

<
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For multi-layered media such as snow-covered sea ice or ice over sea, one must consider different
boundaries corresponding to layers with different permittivities. For describing refraction within
these layers, the reflectivity at the interface can be described with the Fresnel equations, which
define the reflection coefficients at horizontal (rg) and vertical (ry) polarization as:

_ Nacosthy — Nycosts
" Nycosty + Nycoshy’

. (2.8)

_ Njcostly — Nacosth
~ Nicosh; + Nycosby’

TV (29)
where 6, and 65 are the incoming and outgoing radiation angles. From these coefficients, the total
reflectivity for a plane-parallel medium with refraction indices n; and ns is thus R, = ||r,||?,
where p corresponds to the polarization state of the electric field.

Applying now Kirchhoff’s law, which states that in thermal equilibrium the absorbed radiation
is equal to that emitted, the radiation passing through this layered medium can be written, in
general, as

TByout = TBpin - exp(—£ad) - (1 = Ry pot) + T(1 — exp(—kad)) - (1 — Ry top) (2.10)
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where the first term corresponds to the absorption, and the second to the emission. The layer
thickness is d, the temperature is T', T'B,,; and T'B;,, correspond to the outgoing and the incoming
radiation, respectively, and bot and top refer to the bottom and the top of the layer. As R,
represents the squared absolute value of the Fresnel reflection coefficients, the radiation above the
interface is equivalent to the radiation below it, multiplied by the transmittance 1 — R,. This
expression can be recursively used for multi-layered mediums, i.e., snow-covered sea ice, and it
represents an incoherent approach to modeling the RT.
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Figure 2.1: Layered medium considered in the incoherent Burke model. Original Fig. 1 from
Burke et al|[1979].

Particularly, if only the first-order terms of equation are considered for each layer’s reflection,
it corresponds to the so-called Burke model [Burke et al., |1979]. This RT model was originally
developed for soil microwave emissivity, and it makes certain assumptions, including that the
radiation is treated with the conservation of energy approach (i.e., incoherent), that there is no
emission or attenuation between the surface and the sensor, and that the sky has an isotropic TB of
5 K. Additionally, the model assumes that the layers are homogeneous, with constant permittivity,
temperature, and salinity throughout each layer, and that the surface of the layered structure is
smooth. As shown in Figure each layer j can have a different thickness labeled as Az;, and they
are bounded by the jth surface on top and the jth+1 surface on the bottom. The full description
of the model is detailed in Appendix

However, the Burke model does not account for infinite reflections that can happen within the
layers. Another similar but different approach is presented in [Ulaby et al.| [2014] and |Gabarro et al.
[2017], hereafter called Ulaby model, where the incoherent TB for an infinite number of reflections
between three medias (particularly for a medium composed of air - snow - ice) is modeled as:

1_,,.(15

TB" = (1 TgsT;iexpp (_27)).[(1+r;iexp(—7'))(1—exp(—T))Tsm,w+(1—T;i)exp(—T)Tice]+Tskyrzs
(2.11)
where 73° and r;i correspond to the reflectivities computed from Fresnel equations and at

the air-snow and the snow-ice interfaces, respectively. Tsp0 and Tj.. are the physical temperatures
of the snow and sea ice layers. The attenuation factor is 7 = kydsec(6), where d is the snow depth
and £, is the power absorption coeflicient for the case of a low-loss medium (¢’ /¢’ < 1).

When there is more than one plane-parallel layer involved, i.e., dielectric variations along the
vertical column, the electromagnetic plane waves can interact with their own reflected signal. These
interferences can lead to coherence effects, which modulate the TB at certain layer depths. A
suitable coherent model is based on Wilheit| [1978], and hereafter called the Wilheit model. This
model uses wave-based RT for plane-parallel layered media. Here, each layer is described only by
its temperature and permittivity, so that scattering effects are not part of the model, and also an
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infinite number of reflections between the layers are considered. The detailed description of the
model can be found in Appendix [A22]

2.2 Sea ice permittivity modeling

The permittivity (also known as the dielectric constant) is a key parameter for sea ice emission
modeling. A dielectric medium refers to a material lacking significant free charges, but capable of
having charges relocated within molecular distances when subjected to an external electric field. In
an ideal dielectric material, there is homogeneity, no loss, and zero conductivity. When exposed
to an electric field, charges within neutral molecules are minimally displaced, resulting in the
formation of dipoles. Alternatively, polar molecules align themselves to create a more polarized
state. Non-ideal dielectric materials typically have a limited number of free charges, which results in
some level of conductivity. Their primary characteristic is the capacity to dissipate energy through
the motion of free charges or the dynamic behavior of oscillating molecules. The frequency of energy
dissipation relies on the frequency of molecular vibration and rotation. For instance, freshwater ice
is an example of an ideal dielectric medium, whereas saline sea ice is non-ideal within the microwave
spectrum due to the presence of free ions in liquid brine and rotational resonance resulting from
the bent structure of its water molecules.

Following [Ulaby et al.| [2014], it can be represented in a complex formulation:

e=¢ —jé’, (2.12)

where €’ is the real part, and €’ is the imaginary part. The relative permittivity constitutes the
real part €/, while the imaginary part €’ is the dielectric loss factor, which is directly proportional
to the electrical conductivity. In qualitative terms, the permittivity determines the extent to which
energy can penetrate a material, whereas the loss decides the amount of energy dissipated within
the material. Higher permittivity indicates less penetration, whereas higher loss denotes more
energy dissipation. Please be advised that from this point forward, the terms "dielectric constant"
and "permittivity" are used interchangeably, as usually done in the bibliography.

Focusing now on sea ice, in [Vant et al.| [1978] an empirical linear relationship between the brine
volume fraction and the complex dielectric constant is established, which is valid for both FYI and
MYT. FYI corresponds to the sea ice with no more than one year’s growth developing, while MYT is
the ice that has survived at least one melting season, and these two ice types can differ importantly
in their conditions like salinity, roughness, and others (Cox and Weeks| [1974], Tucker et al.| [1987]).
Interpolating the fit parameters to the L-band frequency, i.e., 1.4 GHz:

¢ =3.140.0084V; x 103, (2.13)

¢’ =0.037 + 0.00445V;, x 10°, (2.14)

where Vj, is the brine volume fraction. This parameter is obtained from the Lepparanta and
Manninen| [1998] coefficients for T;.. > —2°C, and from the Cox and Weeks| [1983] coefficients for
Tice < —2°C. In any case, this volume of brine is computed as (Vant et al|[|1978]):

piS

A
b Fy — p;SFy’

(2.15)

where p; = 0.917 — 0.1404 x 10737 is the pure ice density in gm = obtained from Pounder [1965],
S is the salinity of the sea ice, and F; and F; are the following polynomial functions:

Fi =ag+ a1 T+ axT? + asT?, (2.16)

Fy =by+ /T + boyT? + b3T3, (2.17)

where the coefficients a and b can be found in the appendix [Bl As shown, for the Vant model, the
permittivity relies solely on the temperature and salinity of the sea ice.
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A more theoretical approach treats sea ice as a combination of two distinct dielectric materials:
pure ice and brine. These formulations utilize a dielectric mixture model to determine the permit-
tivity of this mixture. The outcome of this approach is dependent on the shape and orientation of
the brine inclusion within the mixture (Shokr|[1998], Jones and Friedman| [2000]). A first step can
be the computation of two extreme inclusion shapes, both of which were verified through crystalline
structure observations (Shokr| [1998]). The first shape is a spherical inclusion, while the second is a
randomly oriented needle-like inclusion. Under harsh conditions during ice formation, the brine
inclusions may lack any preferred orientation and may be represented as randomly oriented needles
Shokr] [1998]. However, under calmer conditions with minimal temperature fluctuations, the brine
inclusions may assume a spherical shape or deposit as vertically oriented needles or ellipsoids (Shokr:
[1998], [Vant et al.| [1978]). In both cases, apart from the volume brine fraction shown in equation
[2.17] the brine salinity is necessary for computing its permittivity. Empirically, this salinity is
frequently expressed as a polynomial function of temperature (Assur| [1960]):

Sy =a+bT + cT? +dT?, (2.18)

where the coefficients a, b, ¢, and d are provided in the appendix [B] with T representing the
temperature in °C.

As for the dielectric mixing formulas, the complex dielectric constants of pure ice and of brine
are required. The first depends on the temperature and the frequency as it is modeled after |[Méatzler
[2006], while the brine’s is obtained from |Stogryn and Desargant| [1985]. Considering the pure ice
as the host and the brine as the inclusions, the expressions for the two types of sea ice inclusions
can be extracted from [Shokr| [1998]:

e Random needles:
n Viei—en
€m = € —
" AR € + €k,

(5ep, + €i), (2.19)

e Spheres:
€; — €Ep

€m = €y + 3Vied —————
m M e+ 2ek,

(2.20)
The notation used follows the convention established in existing literature. In this sense, V; repre-
sents the volume fraction of inclusions, in our case equivalent to the brine volume fraction V;, while
€n, and ¢; refer to the permittivity of the host and inclusion, respectively. Additionally, €,, denotes
the complex dielectric constant of the mixture. When the volume fraction is small (V; < 0.1), €, is
equivalent to €. However, for larger volume fractions (V; > 0.1), the mixture formulas are applied
recursively, with €, equal to the €,, from the previous iteration. This process starts with €}, = €,
for the first iteration, and converges after a few iterations.

This theory can be extended to model any ellipsoidal-shaped brine inclusions within the ice,
following the description in|[Jones and Friedman| [2000]. The effective permittivity for an anisotropic
mixture medium composed of two materials, containing ellipsoidal randomly-oriented inclusions, is:

€eff = €0 T

> g Vi(er — €o) [0 + v(eess — €0)] ]

[eo +v(eefs — €0) + N'(e1 — €o)]

i=a,b,c

. -1
ViN*'(e1 — €o)
-1 — -
[ i§)c3[eo+v(eeff—60)—|—N’(61—60)]

where €g and €; correspond to the complex permittivities of the host and the inclusion materials,
respectively. The v parameter defines which classic mean field theory is used, particularly v = 0
for Mazwell-Garnett (MG), v =1 — N* for Polder van Santen (PVS), and v = 1 for the coherent
potential (CP). These three models differ in how they define the background permittivity experienced
by inclusions. The MG approach assumes dilute inclusions and neglects their mutual interactions,
typically yielding an effective permittivity closer to that of the host medium. The CP model instead
assumes that the effective medium itself acts as the background, leading to the largest contrast with
the original host permittivity. The PVS formulation provides an intermediate solution, treating

(2.21)
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Figure 2.2: Sea ice permittivity at L-band frequency (1.4 GHz) as a function of the axis ratio of
the brine inclusions, modeled as randomly-oriented ellipsoids (from Polder-van Santen model). The

axis ratio (z/x) corresponds to the ratio between the vertical (z) and horizontal (x) axes of the
ellipsoid.

both phases symmetrically so that each contributes equally to the effective permittivity. N? is the
depolarization factor in the 7th axis, which in the case of spheroid inclusions, N® can be computed
as a function of the axis ratio a : b, also represented in the literature by z/x:

1

N =
14 1.6(a:b) +0.4(a:b)?’

N’ =0.5(1 — N%), N® = N® (2.22)

Namely, a sphere is described by N%¢ =1/3,1/3,1/3, a thin disc by N*%¢ =1,0,0, and a needle
by N%b¢ =0,1/2,1/2. Figure illustrates the L-band sea ice permittivity (real and imaginary
components) as a function of the brine inclusion shape. The values are computed using the PVS
model, assuming randomly oriented ellipsoidal inclusions with varying axis ratios, and a fixed
temperature and salinity of —10°C and 5, respectively.

2.3 Sensitivity analysis of the emission models

The sea ice medium can be described as a layered structure with four layers: air, snow, ice, and
water. Although in particular situations the sea ice conditions can take other values, the typical
range of the Arctic sea ice conditions, i.e. SIT (d;..), sea ice temperature (T;c.), and sea ice salinity
(Sice), are extracted from Demir et al|]2022] and summarized in Table Remarkably, salinity is
currently defined as dimensionless, even though it used to be expressed in the practical salinity unit
(PSU), which is nothing but a ratio. Based on these values, the modeling approaches described in

Sea ice thickness (m) Sea ice temperature (°C) Sea ice salinity
0.00 - 1.00 -18.00 — -3.00 0.00 - 18.00

Table 2.1: Standard intervals of the Arctic sea ice conditions.
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Figure 2.3: Real (upper) and imaginary (lower) parts of the refractive index at 1.4 GHz for three
described permittivities, Vant, random needles and spheres, as a function of the sea ice temperature
and salinity.

the previous sections can be assessed. Notably, SIT is capped at 1 m due to the demonstrated lack
of sensitivity at L-band beyond that depth |[Kaleschke et al.| [2012]. Additionally, in the context of
modeling, the primary difference between FYI and MYT lies in the type of scattering produced:
brine scattering in the former and air inclusions in the latter. However, since scattering is negligible
at this frequency, there is no need for differentiation between the two ice types in this study.

Finally, it is remarkable that the real part of the complex dielectric constant for the snow layer
is obtained from Matzler| [1996], while the imaginary part is extracted from |Tiuri et al.| [1984] and
Miétzler| [2006]. This formulation depends on snow density, and a typical value for the Arctic of
0.3 gem™? is used (Warren et al. [1999]). Also, the complex permittivity of seawater is obtained
from [Klein and Swift| [1977], in which a standard Arctic Ocean salinity of 33 is assumed.

To accurately model sea ice, it is crucial to carefully select the complex permittivity for each
layer, with particular emphasis on the saline ice layer, as discussed in Section To analyze the
differences between the formulations, the real and imaginary parts are computed for the extreme
cases, spheres and needles, and for the empirical Vant formulation, as a function of the temperature
and salinity conditions outlined in Table 2.1} To make the analysis more straightforward and ease
the visualization of the dielectric properties, the complex refractive index N = /€’ 4 €’ is computed,
from which the real (Re(N) = n’) and imaginary (Im(N) = n') parts are further extracted and
shown. Figure presents the complex refractive index at 1.4 GHz (real and imaginary components)
as a function of sea ice temperature and salinity for different permittivity formulations. Based on
their absorption behavior, the models can be grouped into three categories: high, moderate, and
low absorption. The random needles formulation falls into the high-absorption group, as its large
permittivity leads to rapid signal saturation and emission dominated by surface conditions. The
Vant formulation shows moderate absorption, characterized by lower permittivity values and a
correspondingly reduced saturation effect. The spheres model exhibits an intermediate real part
but a very small imaginary part, resulting in low absorption and the absence of saturation even at
large ice thickness.
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and a coherent (Wilheit) radiative transfer models, combined with the permittivity formulations,
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Figure 2.5: Brightness temperature as a function of the sea ice temperature for an incoherent
(Burke) and a coherent (Wilheit) radiative transfer models, combined with the permittivity for-
mulations, Vant, random needles and spheres. The assumed sea ice temperature and salinity is
Tice = —10°C, S;cc = 5, respectively.
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Figure 2.6: Brightness temperature as a function of the sea ice salinity for an incoherent (Burke) and
a coherent (Wilheit) radiative transfer models, combined with the permittivity formulations, Vant,
random needles and spheres. The assumed sea ice temperature and salinity is T;.. = —10°C, S;ce = 5,
respectively.

To further assess the impact of permittivity modeling, Figure 2.4] shows the sensitivity of
TB to SIT for both incoherent (Burke) and coherent (Wilheit) RT models, combined with three
permittivity formulations: the two theoretical extreme cases (spheres and needles) and the empirical
Vant model. Clear differences emerge among the dielectric models in the TB—thickness relationship,
with deviations reaching up to 50 K in some cases, consistent with the absorption regimes discussed
in Section 2.2} Regarding the RT schemes, the Wilheit model allows for both lower and higher
TB values and exhibits oscillatory behavior due to coherence effects, in contrast to the smoother
response of the incoherent Burke model.

In order to analyze the dependence of TB on the bulk temperature and salinity of the sea
ice layer, Figures 2.5 and [2.6] present the corresponding sensitivities for the different modeling
approaches. A clear distinction between the permittivity formulations is again observed: the Vant
and random needles models show relatively similar behavior, whereas the spheres formulation
yields consistently lower intensities under all simulated conditions. In contrast to the thickness
dependence, the RT models exhibit more comparable responses overall, although the coherent model
systematically reaches higher intensities. No qualitative differences are found between polarizations,
apart from the consistently higher values obtained for vertical polarization compared to horizontal
polarization. The case Tj.e = —10 °C and S;.c = 8 can be regarded as representative of typical
central Arctic conditions, while T;.. = —5 °C and S;.. = 3 corresponds to post-melt conditions
(e.g., September), and T;.e = —18 °C and S;.. = 12 to the freeze-up period, when newly formed ice
retains high brine content before progressive desalination during growth, as described in [Nakawo
and Sinhal[1981]. In all cases, the sensitivity of the intensity to ice thickness is mainly confined to
the upper ~1 m, extending slightly deeper for low-salinity conditions. This supports the assumption
of simulating SIT within the 0-1 m range. Additionally, to investigate the combined dependence on
bulk ice temperature and salinity, Figure [2.7] presents the TB intensity modeled with an incoherent
model as a function of both variables for four fixed thicknesses between 0 and 1 m, using the Vant
formulation for the sea ice permittivity. For thin ice, the emitted intensity is low, as expected,
and shows only weak sensitivity to temperature and salinity, except under conditions of high
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Figure 2.7: Brightness temperature modeled with the incoherent Burke model as a function of
the sea ice bulk temperature and salinity for fixed sea ice thickness.

temperature and very high salinity. Such combinations are uncommon in practice, since high
salinities are typically associated with early growth stages characterized by lower temperatures.
As thickness increases, both the overall intensity and its sensitivity to temperature and salinity
become more pronounced. With increasing ice growth, the region of maximum intensity shifts
from high-temperature/high-salinity conditions toward high-temperature/low-salinity conditions,
which are more representative of the post-melt period. The results also indicate that different
combinations of thickness, temperature, and salinity can produce similar TB values, complicating
the use of simple linear regression approaches to retrieve ice thickness from this emission model. For
the coherent framework, Figure 2.8 illustrates the TB sensitivity as a function of sea ice temperature
and salinity, shown as heatmaps derived from the Wilheit coherent model. At small ice thickness
(dice = 0.1 m), the variability is limited, but for d;ce = 0.3 m the response becomes more comparable
to that of the incoherent model (Figure . As the ice thickens toward 1 m, the overall variability
decreases further, while the simulated TBs increase across the full temperature—salinity range
compared to the incoherent case. This behavior is consistent with Figure 2.4] where the coherent
results (right column) using the Vant permittivity formulation exhibit progressively damped oscilla-
tions with increasing thickness, leading to reduced sensitivity of TB to variations in sea ice conditions.

Another relevant parameter for the TB variation is the incidence angle at which the emission is
measured.
Figure 2.9 shows the dependence of TB on incidence angle for fixed SIT, temperature, and salinity,
for the two RT approaches. The results indicate that TB remains nearly constant within the range
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Figure 2.9: Brightness temperature, modeled with both the incoherent (Burke) and the coherent
(Wilheit) models, as a function of the incidence angle for fixed sea ice conditions (d;ce = 0.5 m,
Tice = _10007 Sice = 8)

of 0° to 40° for both models. In practice for satellite observations, this angular sensitivity is further
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reduced in SMOS observations, since the measured TB represents an average over a relatively broad
range of incidence angles rather than a single viewing geometry.

Finally, as demonstrated in Maass et al.| [2015], and due to the dielectric contrast, the impact of
snow on the TB is significant in the horizontal polarization, but not in the vertical polarization.
Furthermore, the snow acts as an insulator and does not conduct heat effectively due to its high air
content. However, this influence is found to be unrelated to the thickness of the snow layer.
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Figure 2.10: Brightness temperature, modeled with both the incoherent (Burke) and the coherent
(Wilheit) models, as a function of the snow depth for fixed sea ice conditions (d;.. = 0.5 m,
Tice = 7100C7 Sice = 8)

Figure [2.10] presents the dependence of TB on snow depth for both the incoherent and coherent RT
models. As expected, the incoherent model shows almost no sensitivity to snow depth, apart from
a slight increase in horizontal polarization in the presence of snow |[Maass et al., [2015]. Overall, its
response can be considered largely independent of this parameter aside from the systematic increase
in intensity. In contrast, when phase interactions and coherence effects are taken into account, a
dependence on snow depth emerges. For specific snow thicknesses, coherence peaks appear, whose
position and width depend on snow density, as density and depth jointly determine the effective
wave propagation path length within the layer. This behavior is analyzed in more detail in Section
2.0l

2.4 Modeling evaluation using MOSAIiC in situ observations

Since several modeling approaches can be used to compute the TB of snow-covered sea ice, their
use can lead to substantial differences in the results. In this section, three approaches are considered:
the Burke model [Burke et al., [1979|, which neglects both coherence effects and scattering; the
Snow Microwave Radiative Transfer model (SMRT; [Picard et al., [2018]), which includes scattering
but also neglects coherence; and the Wilheit model [Wilheit|, [1978|, which accounts for coherence
effects while neglecting scattering. In addition to the RT scheme, the choice of sea ice permittivity
formulation also plays a key role in determining the modeled TB, as shown before. Here, the
two theoretical extreme cases proposed by [Shokr| [1998], namely the random needles and spheres
configurations, are evaluated together with the empirical formulation of [Vant et al|[1978|. All
simulations consider a four-layer configuration: air-snow-ice-water, with the upper (air) and lower
(water) media treated as semi-infinite. The model inputs include SIT, bulk temperature, and
salinity, with temperature and salinity determining the sea ice permittivity. The snow layer is
assumed to be non-saline, isothermal with the underlying ice, and to have a thickness equal to 10%
of the ice thickness [Doroninl [1971]. Seawater is represented as a semi-infinite layer with typical
Arctic properties, namely a temperature of —1.8°C and a salinity of 33.
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Although the incoherent Burke model and the coherent Wilheit model have already been
described in Section 2.1 SMRT has to be introduced. The SMRT model is a flexible toolbox that
integrates multiple modeling approaches, enabling the definition of a customized configuration. This
flexibility allows the selection of different electromagnetic theories, snow and sea ice microstructure
representations, and other related physical parameters. SMRT solves the RT equation accounting for
reflections at layer interfaces while assuming incoherent power transfer. The medium is represented
as plane-parallel, horizontally infinite, and homogeneous layers. In this study, SMRT is implemented
using the Improved Born Approximation (IBA) scattering formulation combined with the PVS
mixing model, considering two types of brine inclusions for the sea ice permittivity: random needles
and spheres.

2.4.1 MOSAIC field campaign and data collection

For analyzing the different modeling approaches, in situ data collected during the MOSAiC
expedition |Nicolaus et al., [2022]| is used (see Section . Particularly, the ETH L-Band
Radiometer (ELBARA, [Schwank et al, [2010]) and the Ultra Wideband Microwave Radiometer
(UWBRAD, [Johnson et al|[2016]) measurements are utilized. These instruments measured at
different periods and locations, thus allowing for the study of various sea ice conditions. The ARIEL
L-band portable radiometer [Gabarro et al., 2022| was also deployed, but no data is included in the
study as the instrument faced technical problems during part of the expedition.

ELBARA is an L-band radiometer designed to measure thermal microwave emission [Schwank
et al., [2010]. During the MOSAiC expedition, it was mounted on a sledge and equipped with a
picket-horn antenna and a manual elevation positioner. The antenna features a field of view of
+23° at —3 dB relative to the boresight. Since the measured antenna temperature at horizontal or
vertical polarization differs from the TB of the central footprint facet, a conversion is applied to
derive a representative footprint TB. The conversion methodology and calibration procedures are
detailed in [Naderpour and Schwank][2021]. In total, 25,904 measurements were collected during
MOSAIC, acquired at a nominal off-nadir angle of 60° with a temporal resolution of 5 minutes.
For consistency with sea ice growth simulations, the data are averaged on a daily basis to obtain
a day-to-day evolution. ELBARA operated at the MOSAIC Remote Sensing (RS) site during
three main periods in 2019: from October 29 to November 20, from December 2 to 13, and from
December 22 to 30.

UWBRAD is a microwave radiometer that measures sea ice thermal emission at four frequencies:
540, 900, 1380, and 1740 MHz [Johnson et al. [2016]. In this study, only the 1380 MHz channel
is analyzed to remain consistent with the focus on L-band emission modeling; a comprehensive
assessment of the other channels is provided by [Demir et al.| [2022]. The instrument operates in
right-hand circular polarization, with a bandwidth of 125 MHz per frequency divided into 512
sub-channels. Data samples are acquired every four seconds with an antenna integration time of
100 ms. The lowest frequency channel offers enhanced sensitivity to deeper ice layers compared
to conventional L-band radiometers, improving thickness retrieval capability [Demir et al., [2022].
UWBRAD also incorporates a radio-frequency interference (RFI) mitigation algorithm, enabling
measurements in unprotected frequency bands. The instrument was deployed at the MOSAiC
RS site during two main periods: December 4-13, 2019 [Demir and Johnson) 2021a| and January
17-23, 2020 |[Demir and Johnson| [2021b|. Measurements were performed at configurable oblique
angles (35-50° off-nadir) using a stationary telescopic mast with adjustable height and a pro-
grammable rotator controlling antenna orientation. The acquisition sequence included periodic
sky observations (5 minutes every 15 minutes) for calibration purposes. Post-processing involved
RFI detection and mitigation, followed by internal calibration with a noise diode (Level 1 to
Level 2) and external calibration using sky measurements (Level 2 to Level 3). A final smooth-
ing step was applied to Level 3 data using a 100-sample running average. As with ELBARA,
daily averages are computed to enable direct comparison with the modeled day-to-day evolution.
Complementary measurements of sea ice internal temperature and salinity profiles, basal growth
rates, and snow thickness were collected by other MOSAiIC team members. The ice observed by
UWBRAD was predominantly undeformed, low-salinity second-year ice, likely associated with
a refrozen melt pond, and covered by an undisturbed snow layer of approximately 5—15 cm thickness.
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MOSAIC’s event code Date MOSAIC’s event code Date MOSAIC’s event code Date

PS122/1 4-29 2019-10-24 PS122/1 7-718 2019-11-14 PS122/1 11-11 2019-12-10
PS122/1 5-24 2019-10-30 PS122/1 8-22 2019-11-19 PS122/2 15-12 2019-12-15
PS122/1 6-61 2019-11-07 PS122/1 10-39 2019-12-04 PS122/2 20-92 2020-01-18

Table 2.2: Overview of the BGCI ice cores used in the work.

In order to obtain sea ice conditions continuously throughout time, ice cores that were taken
nearby are used, as only a few ice cores were collected directly in the same RS site where the
radiometers were deployed. Specifically, the cores from the BioGeoChemistry-1 (BGC1) site
(Angelopoulos et al.|[2022]) are selected. A summary of the used ice cores is shown in Table
The BGC1 site represents a FYI area that likely formed from open water in October 2019. Its
characteristics may differ from the mid-December ice conditions at the RS site described by [Demir
et al.||2022|. In any case, the implications of these differences are considered and discussed where
relevant. In addition to ice core profiling data, the temporal evolution of sea ice temperature
is derived from continuous measurements obtained with digital thermistor chains (DTC). These
data are also used to evaluate the SIT simulations based on the Cumulative Freezing Degree Days
(CFDD) model. Specifically, DTC12 data [Salganik et al., 2023a| are used for the first ELBARA
observation period, while DTC20 data [Salganik et al.l 2023b| are employed for the subsequent
periods.

2.4.2 Sea ice growth modeling: the Cumulative Freezing Degree Days
model

The CFDD model is an empirical formulation (Bilello| [1961],Weeks| [2010]) used to estimate sea
ice growth according to

dice = 1.33 (CFDD)%5®, (2.23)
where d;. is the ice thickness in cm. The CFDD variable represents the cumulative daily mean
2 m air temperature difference relative to the seawater freezing point, T,, = —1.8°C.

To simulate the temporal evolution of sea ice temperature (Tj..), a linear vertical gradient is
assumed following Huntemann| [2015]. Using the 2-m air temperature (Ta,,) from the ECMWF
ERADS5 reanalysis [Hersbach et al., 2020], the bulk ice temperature can be approximated as
T2m + Tw

5 .

Sea ice salinity (S;ce) is estimated using the empirical relationship proposed by Nakawo and Sinha
[1981):

Tice = (2.24)

0.125,,
0.12 4+ 0.88¢—4-2x107%v”’
where S, = 33 represents typical Arctic seawater salinity and v is the simulated ice growth rate.

Sice = (2.25)

2.4.3 Assessment of the radiative transfer and permittivity modeling
approaches

ELBARA and UWBRAD observations collected during MOSAiC are evaluated through com-
parison with model simulations. Before computing the microwave emission, the CFDD model is
applied to simulate the temporal evolution of sea ice growth. In several figures, abbreviated labels
are used for clarity: the permittivity formulations Vant, random needles, and spheres are denoted
as vant, rn, and sp, respectively. The first two MOSAIC legs took place in autumn 2019, a period
characterized by continuous sea ice growth. Under these conditions, the static measurements from
the L-band radiometers deployed on the ice floe can be directly compared with the CFDD-based
simulations. The simulations rely on in situ sea ice properties derived from ice coring, which are
combined with a RT model to compute the emitted TB. To further validate the simulations, digital
thermistor chains (DTC) measurements are used to constrain the temporal evolution of SIT and
temperature during the analyzed periods.
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Figure 2.11: Temporal evolution of sea ice thickness, temperature, and salinity during late autumn
and early winter 2019/2020 as simulated with the CEFDD model, together with in situ observations
from BGC1 ice cores and DTC measurements.

Temporal evolution of sea ice growth

Figure [2.I1] presents the simulated evolution of SIT, temperature, and salinity during the 2019
growth season, compared with BGC1 ice core data and DTC observations. Hereafter, CFDD
refers to the configuration described in Section where thickness is derived from the CFDD
formulation, temperature from the linear gradient assumption using ERAS5 air temperature, and
salinity from the empirical relationship of [Nakawo and Sinha [1981]. Each simulation period is
initialized with the corresponding BGC1 ice core: October 24, December 4, and December 15, 2019.
The small discontinuities between periods arise from these updated initial conditions. SIT increases
steadily throughout the period, as indicated by both ice cores and DTC data, and is generally
well reproduced by the CFDD model. The simulated temperature captures the overall cooling
trend during freeze-up, although the linear gradient assumption based on ERAS air temperature
leads to a substantial cold bias. This discrepancy is likely related to the insulating effect of the
snow cover |Maass et al.l [2015]. In contrast, bulk salinity remains nearly constant in both model
and observations (around 5), with only minor variations, consistent with the behavior described
by |Angelopoulos et al. [2022] and the typical C-shaped salinity profiles reported by
Weeks| [1988]. DTC-derived thickness is obtained from the distance between snow-ice and ice-water
interfaces [Salganik et al. |2023a|,|§|, while bulk ice temperature is calculated by averaging all
thermistor measurements within the ice layer. During November, four ice cores and DTC12 data
serve to assess the CFDD performance. The model slightly overestimates thickness relative to ice
cores (by approximately 5 cm) but remains close to DTC estimates, generally lying between the two
in situ sources. Given spatial variability across the floe, definitive conclusions are limited. However,
due to the significant temperature bias in the CFDD simulation, DTC-derived temperatures are used
for TB calculations, as they better agree with ice core profiles. Missing DTC12 data (October 29
to November 5) are filled by adjusting the CFDD temperature with its mean offset relative to
DTC12, given their similar temporal trends. For the second period, when UWBRAD was operating,
Figure shows the simulated <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>