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SUMMARY

Assessing firn processes within Greenland and Antarctica is important in recent decades,
as melt–refreezing processes can result in accelerated meltwater runoff and land-ice dis-
charge. Meanwhile, surface and depth hoar crystal formation have an impact on the
surface warming and surface mass balance (SMB) of the ice sheets. Typically, these pro-
cesses are monitored using in situ firn core measurements, or estimated using climate
models. However, the in situ measurements are sparse due to the harsh conditions of
the polar regions, while the climate models are based on simplified assumptions which
introduce various uncertainties. The recent advancements of satellite remote sensing
techniques provide the opportunity to monitor the firn processes over the ice sheets,
due to a vast spatial coverage and a frequent revisit time.

This thesis explores the capability of satellite radiometers, scatterometers and al-
timeters to assess firn processes, including firn density variation and melt–refreezing
processes. Conventionally, satellite radiometers and scatterometers are used in detect-
ing melt events over the ice sheets, based on the principle that melt events change the
dielectric constant within the firn layer, while the satellite altimeter is typically used for
estimating surface elevation changes over ice sheets. This thesis, on the contrary, ex-
plores the feasibility of using radiometers and scatterometers to assess the dry-firn den-
sity; meanwhile, it assesses the potential of using the altimeters to observe the melt–
refreezing events of firn. The rationale behind this thesis is that the long-term varia-
tions in satellite radiometer and scatterometer observations depend on the changing
scattering properties due to variations in near-surface firn densities, which provides the
opportunity for using satellite radiometer and scatterometer observations to estimate
long-term changes in firn densities. Meanwhile, the shape of the waveform obtained
by a satellite radar altimeter can be influenced by volume and surface scattering of firn.
By assessing the variation of firn scattering properties using the waveform information,
the occurrence and impact of melt–refreezing processes within the firn layer can be as-
sessed. Therefore, more potentials lie in the application and interpretation of remote
sensing data in the studies of the cryosphere.

To study the aforementioned application and performance of different satellite re-
mote sensing techniques, this thesis consists of two main aspects which are further di-
vided into three studies. The first aspect as well as the first study (Chapter 2) uses a
combination of satellite radiometer and scatterometer observations (brightness temper-
ature TB and normalised backscatter intensity σ0

A , respectively) time series to estimate
the long-term firn density over Antarctic dry snow zone. First, the dry snow zone is dis-
tinguished from melt zones by identifying long-term anomalies in TB and σ0

A time series
using a clustering approach. Within the identified dry snow zone, we estimate the firn
density using a random forest (RF) regression approach with the combination of TB and
σ0

A time series as the input. Due to the sparsity of the in situ density measurements,
densities from a firn densification model (FDM) are used as the “true" densities. 10 %

xi
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of the FDM densities are used to train the RF regressor, while all the FDM densities are
used for the validation to assess the performance of the method. The estimated densities
using RF correspond well with the FDM densities spatially, when averaged over the long
time period. However, the temporal correspondence between the RF-estimated and the
FDM densities is compromised. The discrepancy is primarily due to the simple assump-
tion that TB and σ0

A variations are purely driven by variations in the firn density and are
therefore sufficient to be directly used as the input to the RF regressor. Another major
reason for the discrepancy is that TB and σ0

A variations can be driven by varying firn
grain sizes as a results of changing wind velocity and direction, while the wind pattern
has a simplified linear relationship with firn density within the FDM, which causes inac-
curacy in the FDM density. This study therefore provides indications and potentials for
further studies to incorporate in situ density measurements and better parametrisations
of climate parameters.

The second aspect of this thesis, which is composed of two studies, focuses on the
application of satellite altimeters to studying the melt–refreezing within Greenland firn.
The melt–refreezing events introduce the formation of high-density ice lenses, which al-
ters the scattering properties of Greenland firn. The altered scattering properties can
be typically represented by the difference between laser and radar altimeter height esti-
mates, as radar wavelengths have a larger penetration depth than laser. This difference
is usually at a sub-metre level. However, a complex topography can result in multi-metre
slope-induced errors in height estimates. Therefore, to accurately derive the laser–radar
height difference, we first put forward an (leading edge point-based; LEPTA) approach
(Chapter 3) to correct for the slope-induced errors with an improved accuracy compared
to the existing approaches. The principle of this approach is to identify which points on
the terrain contribute to the rise of the leading edge of the radar altimeter waveform
by utilising a high-resolution digital elevation model (DEM). We apply the approach on
the CryoSat-2 Low Resolution Mode (LRM) Level-1b (L1b) data. When validated with
height estimates obtained from a laser altimeter (ICESat-2), LEPTA outperforms the ex-
isting correction approaches as well as the height estimates provided by European Space
Agency (ESA) CryoSat-2 Level-2I (L2I) data. The study also demonstrates that the LEPTA
approach is sensitive to the definition of the leading edge width (LeW) and the bias and
resolution of the DEM. Finally, by increasing the retracking threshold from 20 % to 70 %,
the height difference between ICESat-2 and CryoSat-2 indicates that the height estimates
from CryoSat-2 transits from surface height to height within the firn layer.

Finally, we present the spatio-temporal variations of CryoSat-2 LeW (Chapter 4), in
order to assess the spatio-temporal variations of volume scattering of the Greenland firn,
especially under the condition of the recent recurrent melt–refreezing processes. This P
first distinguishes the regions where volume scattering dominates the LeW variations
from the regions where surface scattering dominates with an existing surface roughness
dataset as well as the DEM that indicates the complexity of topography. In addition, this
study will derive the height difference between ICESat-2 and CryoSat-2 as an indicator of
Ku-band radar penetration bias hence volume scattering. Following the results of Chap-
ter 3, a 50 % retracking threshold and the LEPTA method are used to derive the height
estimates from CryoSat-2 LRM L1b data. By comparing the LeW variation with external
datasets and the in-house derived height differences, this study successfully delineates
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the regions where volume scattering dominates LeW variations. Subsequently, we qual-
itatively compare the LeW variations with firn densities, firn air content (FAC), melt, re-
freeze and snow height change variations from an FDM model and a climate model. The
comparison shows that the LeW is most capable of indicating volume scattering changes
caused by melt–refreezing processes in the central dry snow zones of Greenland. This
study demonstrates the long-lived impact of the 2012 melt over Greenland on the vol-
ume scattering of Greenland’s firn, as well as the effect of the temporary yet increasing
frequent melt events in the recent years.

Overall, this thesis is an extensive research on the approaches to utilise and anal-
yse various sources of satellite remote sensing data for observing firn processes in polar
regions. At the same time, it also provides insights into the limitations and potential
improvements of using satellite remote sensing data for a quantitative measurement of
Greenland and Antarctic firn evolutions, such as estimating firn densities and assess-
ing the timing and the extent of melt events and the subsequent ice-lens formations.
This thesis also provides indications for improving the current firn models, including
better parametrisation of wind patterns and ice-lens formations. Such improvements
are expected to increase the accuracy of estimating meltwater storage and surface mass
balance over the Greenland and Antarctic ice sheets. In addition, this thesis provides a
method to correct for slope-induced errors in radar altimetry, which provides insights
into how the accuracy of height estimations from radar altimeters can be improved by
utilising the leading edge information from radar altimetry waveforms.





SAMENVATTING

De beoordeling van firnprocessen in Groenland en Antarctica is de afgelopen decennia
steeds belangrijker geworden. Smeltprocessen kunnen leiden tot versnelde afvoer van
smeltwater en landijs, wat directe gevolgen heeft voor de massabalans van de ijskappen.
Daarnaast beïnvloedt de vorming van rijpijskristallen, zowel aan het oppervlak als in
diepere lagen, de opwarming en massabalans (SMB) van de ijskappen. Deze processen
worden doorgaans gevolgd met in-situ metingen van firnkernen of geschat met klimaat-
modellen. In-situ metingen zijn echter schaars vanwege de extreme omstandigheden in
de poolgebieden, terwijl klimaatmodellen vereenvoudigde aannames hanteren die on-
zekerheden met zich meebrengen. De recente vooruitgang in satellietmeettechnieken
biedt nieuwe mogelijkheden om firnprocessen te monitoren. Dankzij hun brede ruim-
telijke dekking en frequente herhalingstijd kunnen satellieten bijdragen aan een beter
begrip van firndichtheidsvariaties en smelt-herbevriezingsprocessen.

Dit proefschrift onderzoekt het potentieel van satellietradiometers, -scatterometers
en -altimeters bij de beoordeling van firnprocessen, waaronder variaties in firndicht-
heid en de herbevriezing van smeltwater. Satellietradiometers en -scatterometers wor-
den doorgaans gebruikt om de aanwezigheid van smelt boven ijskappen te detecteren,
omdat smeltwater de diëlektrische eigenschappen van de firnlaag verandert. Satellietal-
timeters worden vooral ingezet voor het schatten van hoogteveranderingen. Deze studie
richt zich echter op het gebruik van radiometers en scatterometers om de dichtheid van
droge firn te bepalen en onderzoekt het potentieel van altimeters bij de detectie van
smelt- en herbevriezingsprocessen binnen de firnlaag. De achterliggende gedachte is
dat langetermijnvariaties in satelliet-radiometer- en scatterometerwaarnemingen wor-
den beïnvloed door dezelfde klimaatparameters (zoals temperatuur, wind en neerslag)
die ook firndichtheid bepalen. Hierdoor kunnen deze waarnemingen worden ingezet
voor het schatten van langetermijnveranderingen in firndichtheid. Daarnaast kan de
vorm van de golfvorm die door een satellietradaraltimeter wordt waargenomen, wor-
den beïnvloed door volume- en oppervlakteverstrooiing in firn. Door deze variaties in
verstrooiingseigenschappen te analyseren, kunnen smelt- en herbevriezingsprocessen
beter worden gekarakteriseerd. Dit onderzoek benadrukt daarom de mogelijkheden van
satellietdata bij het bestuderen van de cryosfeer.

Om deze toepassingen en de prestaties van verschillende aardobservatietechnieken
te evalueren, bestaat dit proefschrift uit twee hoofdaspecten, onderverdeeld in drie stu-
dies. Het eerste aspect richt zich op de schatting van firndichtheid met behulp van
satellietradiometer- en scatterometerwaarnemingen. In Hoofdstuk 2 wordt een clus-
teranalyse toegepast op langetermijnanomalieën in de helderheidstemperatuur (TB) en
genormaliseerde backscatterintensiteit (σ0

A) om de droge sneeuwzone in Antarctica te
onderscheiden van smeltzones. Binnen deze zone wordt firndichtheid geschat met een

The Summary is translated into Dutch on DeepL.com (free version) and proofread by Koen Haakman and Stef
Lhermitte.
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random forest (RF)-regressiemethode, waarbij TB- en σ0
A-tijdreeksen als input dienen.

Omdat in-situ dichtheidsmetingen beperkt beschikbaar zijn, worden dichtheden uit een
firnverdichtingsmodel (FDM) gebruikt als referentie. De resultaten tonen een sterke
ruimtelijke overeenkomst tussen de RF-geschatte dichtheden en FDM-dichtheden op
lange termijn. De temporele overeenkomst is echter minder nauwkeurig, voornamelijk
door de vereenvoudigde aanname dat TB en σ0

A direct worden beïnvloed door dezelfde
klimaatparameters als firndichtheid. Daarnaast spelen windsnelheid en -richting een
grotere rol in de variatie van TB en σ0

A dan het firnverdichtingsmodel momenteel aan-
neemt. Deze studie benadrukt daarom de noodzaak om in-situ metingen en verbeterde
parametrisaties van klimaatfactoren te integreren in toekomstige onderzoeken.

Het tweede aspect van dit proefschrift, bestaande uit twee studies, richt zich op de
toepassing van satellietaltimeters bij het bestuderen van smeltprocessen in de Groen-
landse firn. Smelten en herbevriezen leidt tot de vorming van ijslenzen met een hoge
dichtheid, wat de verstrooiingseigenschappen van firn verandert. Dit heeft invloed op
het hoogteverschil tussen laser- en radaraltimeters, omdat radiogolven dieper in firn
doordringen dan laserstraling. Dit hoogteverschil is doorgaans minder dan een meter,
maar complexe topografieën kunnen fouten in hoogteschattingen van meerdere meters
veroorzaken. Om deze fouten te corrigeren, introduceert Hoofdstuk 3 een nieuwe me-
thode, de Leading Edge Point Tracking Approach (LEPTA), die hellingseffecten in CryoSat-
2-radaraltimetrie corrigeert door gebruik te maken van een hoogresolutie digitaal hoog-
temodel (DEM). Validatie met laseraltimetergegevens van ICESat-2 toont aan dat LEPTA
nauwkeurigere hoogteschattingen oplevert dan bestaande correctiemethoden en de Level-
2I-gegevens van de European Space Agency (ESA). De studie toont tevens aan dat de
prestaties van LEPTA afhangen van de definitie van de leading edge width (LeW) en
de resolutie van het DEM. Bovendien bevestigt een verhoogde retrackingdrempel (van
20 % naar 70 %) dat CryoSat-2-hoogteschattingen kunnen verschuiven van oppervlakte-
hoogte naar een grotere diepte binnen de firnlaag.

Tot slot presenteren we de spatio-temporele variaties van CryoSat-2 LeW (Hoofd-
stuk 4), om de spatio-temporele variaties van de volumeverstrooiing van de Groenlandse
firn te beoordelen, vooral tijdens van de recente terugkerende smelt- en herbevriezings-
processen. Deze studie onderscheidt eerst de regio’s waar volumeverstrooiing de LeW-
variaties domineert van de regio’s waar oppervlakteverstrooiing domineert, met een be-
staande dataset voor oppervlakteruwheid en het DEM die de complexiteit van de to-
pografie aangeeft. Daarnaast leidt deze studie het hoogteverschil tussen ICESat-2 en
CryoSat-2 af als indicator voor de vertekening van de Ku-band radarpenetratie en dus
van de volumeverstrooiing. Op basis van de resultaten van Hoofdstuk 3 worden een
retrackingdrempel van 50 % en de LEPTA-methode gebruikt om hoogteschattingen af
te leiden uit CryoSat-2 LRM L1b-data. Door de LeW-variatie te vergelijken met externe
datasets en onze intern afgeleide hoogteverschillen, bakent deze studie met succes de
regio’s af waar volumeverstrooiing de LeW-variaties domineert. Vervolgens vergelijken
we de LeW variaties kwalitatief met firn dichtheden, firn air content (FAC), smelt, herbe-
vriezing en sneeuwhoogteveranderingen uit een FDM model en een klimaatmodel. De
vergelijking laat zien dat de LeW het best in staat is om veranderingen in de volumever-
strooiing aan te geven die worden veroorzaakt door smelt- en herbevriezingsprocessen
in de centrale droge sneeuwzones van Groenland. Deze studie toont de langdurige in-
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vloed aan van de smelt op Groenland in 2012 op de volumeverstrooiing van de Groen-
landse firn, evenals het effect van de tijdelijke maar in frequentie toenemende smeltge-
beurtenissen in de afgelopen jaren.

Over het geheel genomen is dit proefschrift een uitgebreid onderzoek naar de bena-
deringen voor het gebruik en de analyse van verschillende bronnen van satellietmetin-
gen voor het observeren van firnprocessen in poolgebieden. Tegelijkertijd geeft het ook
inzicht in de beperkingen en mogelijke verbeteringen van het gebruik van satellietdata
voor een kwantitatieve meting van de evolutie van de ijskap op Groenland en Antarctica,
zoals het schatten van de dichtheid van de ijskap en het beoordelen van de timing en
de omvang van smeltgebeurtenissen en de daaropvolgende vorming van ijslagen. Dit
proefschrift geeft ook aanwijzingen voor het verbeteren van de huidige firnmodellen,
waaronder een betere parametrisering van windpatronen en ijslensformaties. Derge-
lijke verbeteringen zullen naar verwachting de nauwkeurigheid van de schatting van de
smeltwateropslag en de massabalans aan het oppervlak van de Groenlandse en Antarcti-
sche ijskappen vergroten. Daarnaast biedt dit proefschrift een methode om te corrigeren
voor fouten in radarhoogtemetingen die door hellingen worden veroorzaakt, wat inzicht
geeft in hoe de nauwkeurigheid van hoogteschattingen van radarhoogtemeters kan wor-
den verbeterd door gebruik te maken van de leading edge-informatie van de golfvormen
van radarhoogtemetingen.
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INTRODUCTION

1.1. FIRN PROCESSES AND RESEARCH MOTIVATION
Greenland and Antarctic ice sheets have attracted increasing attention in recent decades
due to observed climate change impacts and their crucial role in regulating the global cli-
mate system by influencing sea levels (van den Broeke et al., 2016; Frederikse et al., 2020),
ocean circulation (Schmittner et al., 2011), and ecosystems (Constable et al., 2022). Over
both ice sheets, the changes in recent decades are characterised by mass loss due to ice
discharge and runoff typically originating from the firn layer (Vandecrux et al., 2019).

Firn is the intermediate state between snow and glacial ice (van den Broeke, 2008),
which is formed as fresh snow accumulates on the ice sheets and undergoes metamor-
phism, a process where the density, grain size, grain shape, impurity of snow, and the vol-
ume of pore space change over time and depth (Obbard et al., 2011). The firn layer con-
sists of interconnected pore spaces which, when surface melt occurs over the ice sheets,
are capable of accommodating meltwater in liquid or refrozen form (Harper et al., 2012).
With this feature, the firn layer acts as a buffer against the contribution of surface melt
to sea-level rise (Forster et al., 2013; Machguth et al., 2016). However, when the surface
melt increases due to atmospheric warming (van Angelen et al., 2013; Vandecrux et al.,
2018) and to the darkening of the ice sheets (van As et al., 2013), an increased amount of
meltwater refreezes in the porous firn (Harper et al., 2012; van Angelen et al., 2013); the
refreezing releases latent heat in this process, subsequently increasing firn compaction
and reducing the space of firn pores and their capacity to store more meltwater (van den
Broeke et al., 2016; Machguth et al., 2016; Vandecrux et al., 2019). The reduction of firn
pore spaces is referred to as firn air depletion, and can be parametrised by a decrease in
firn air content (FAC; Vandecrux et al., 2019), a parameter defined as the vertical distance
over which the firn layer can be compressed until its density reaches that of the glacial
ice (917 kg m−3). The increased firn compaction can be parametrised by an increase in
firn density (Vandecrux et al., 2018).

In addition, an increased grain size can cause the darkening of the ice sheets, which
is parametrised by a decreased surface albedo (Tedesco et al., 2016). In the snow–firn
metamorphism process, the structure of firn is affected by the temperature gradient in
the firn layer. A small temperature gradient allows the formation of small, well-bonded
grains, while a high temperature gradient contributes to the increase of grain size (Ob-
bard et al., 2011). In particular, surface and depth hoar crystals, typically characterised

1



1

2 1. INTRODUCTION

by a decreased firn density and an increased grain size, are formed under a high tem-
perature gradient (Fukuzawa and Akitaya, 1993). Therefore, their formation can result
in a decrease in surface albedo (Flanner and Zender, 2006), which contributes to sur-
face warming (Picard et al., 2012; van Angelen et al., 2012), the subsequent increase in
meltwater production, and finally the mass loss from the ice sheets (Arthern et al., 2006).

In Greenland, melting across higher elevations and runoff across the margins can
be observed (Trusel et al., 2018). The surface melt and runoff have been a main con-
tributor of Greenland mass loss since the early 2000s (Enderlin et al., 2014), which con-
tributes to the global sea-level rise by approximately 0.7 mm a−1 (van den Broeke et al.,
2016). Over the entire Greenland ice sheet (GrIS), the aforementioned melt–refreezing
process within the firn layer occurs. When this process reoccurs, the ability of firn to re-
tain meltwater decreases due to firn air depletion, hence the further produced meltwater
penetrates the ice layer of the ice sheet, creating a lubricating effect and resulting in an
increased runoff and mass loss (Joughin et al., 2008).

Similar yet distinct processes and impacts of firn can also be observed over the Antarc-
tic ice sheet (AIS), where the main source of mass loss is the ice loss from the land. Un-
der normal circumstances, the ice loss is modulated by the buttressing effect of the ice
shelves fringing the continent (Dupont and Alley, 2005). However, when the stability of
ice shelves is disrupted by increased surface melt or instability, it can lead to increased
mass loss from the land (Pritchard et al., 2012). The melt–refreeze process originating
from the firn layer is a precursor of the ice-shelf collapse, as surface melt has been ob-
served over the Antarctic ice shelves (Kingslake et al., 2017; Dunmire et al., 2020; Spergel
et al., 2021; Li et al., 2021) due to climate forcing such as turbulent heat fluxes, foehn
winds (Lenaerts et al., 2016; Wille et al., 2019) and regional climate warming (Scambos
et al., 2000). Firn air depletion and repeated compression and uplift following melt–
refreeze cycles can result in ice shelf instability, hydrofracture and collapse (van den
Broeke, 2005; Banwell et al., 2013; Munneke et al., 2014; Bell et al., 2017). The collapse
of Antarctic ice shelves leads to accelerated ice discharge from the land (Rignot, 2004;
Scambos, 2004; Pritchard et al., 2012). For example, the West Antarctic ice sheet has
shown increasing ice loss as well as instabilities (Joughin and Alley, 2011). Modelled re-
sults also depicted potential vulnerabilities of the East Antarctic ice sheet under a warm-
ing climate (Mengel and Levermann, 2014; Golledge et al., 2017; Garbe et al., 2020). Fi-
nally, the formation of depth hoar crystals can be occasionally observed over both ice
sheets, which has the potential to increase surface warming (Picard et al., 2012).

To sum up, the firn over the GrIS and the AIS acts as a buffer for meltwater runoff
with its pore spaces. As firn pore spaces deplete and albedo decreases, both of which
contribute to ice mass loss, the resulting sea-level rise becomes a significant global con-
cern (van den Broeke et al., 2016; Bamber et al., 2019; Frederikse et al., 2020). Given that
mass loss from both the Greenland and Antarctic ice sheets often originates in the firn
layer, continuous monitoring and assessment of firn conditions are essential for under-
standing future sea-level rise projections.
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1.2. ASSESSMENT OF FIRN PROCESSES USING IN SITU AND MOD-
ELLED DATA

In this PhD thesis, the melt–refreeze process and variations in firn properties (such as
firn density and grain size) are referred to as firn processes. In the aforementioned firn
processes, for example, the melt–refreeze process can be usually characterised by an
increase in firn density and a decrease in FAC (Nilsson et al., 2015; Otosaka et al., 2019;
Vandecrux et al., 2019); the hoar crystal formation can be characterised by a decreased
firn density and an increased grain size (Fukuzawa and Akitaya, 1993; Champollion et al.,
2013). Typical approaches to study firn processes include field measurements (Harper
et al., 2012) and firn models (Reijmer et al., 2012; Brils et al., 2022; Veldhuijsen et al.,
2023).

In situ measurements generally refers to firn core measurements. By using the mass
and geometry of the firn cores, the firn density can be estimated (Schaller et al., 2016;
Graeter et al., 2018). Using the density, furthermore, the firn air content can be estimated
with (Vandecrux et al., 2019)

FACz =
N∑

k=1
mk

(
1

ρk
− 1

ρice

)
(1.1)

where z is the depth of the retrieved firn core, N is the number of sections composing
the firn core, ρk and mk are the firn density and mass at the k-th depth interval, and
ρice is the ice density conventionally assumed to be 917 kg m−3. Chemical components
of the firn core can also be obtained, which are an important indicator of firn processes
(Capron et al., 2013; Graeter et al., 2018). The most up-to-date and standardised dataset
of in situ measurements of firn properties is the Surface Mass Balance and Snow on Sea
Ice Working Group (SUMup) dataset (Montgomery et al., 2018; Vandecrux et al., 2024).
The dataset contains measurements of firn density, temperature and accumulation over
the ice sheets collected between 1989 and 2024. Although the in situ measurements are
expected to have high resolution and reliability, as they show the real firn condition at
specific locations (Montgomery et al., 2018), the availability are restricted by the spatial
and temporal sparsity of measurements (Brucker et al., 2011; Johnson et al., 2020).

To simulate the firn properties on a large and continuous spatial and temporal scale,
as well as to complement the sparse in situ data, regional climate models (RCMs) and
firn models are commonly used. In the models, a large variety of firn processes such as
densification, metamorphism, retention and refreezing of meltwater have been param-
eterised. MAR (Modèle Atmosphérique Régional) is a widely used RCM, combining an
atmospheric modelling (Gallée and Schayes, 1994) and the Soil Ice Snow Vegetation At-
mosphere Transfer (SISVAT) scheme (Gallée et al., 2001). The SISVAT scheme employs
a multilayered snowpack model which simulates melting, percolation, refreezing and
albedo changes as a result of snow metamorphism (Brun et al., 1989, 1992; Fettweis,
2022). The IMAU Firn Densification Model (IMAU-FDM) is on the other hand a semi-
empirical firn model which uses physics-based densification equations combined with
parameters calibrated with observed firn density profiles (Ligtenberg et al., 2011; Veld-
huijsen et al., 2023). The model can provide information on firn temperature, firn den-
sity, liquid-water content, FAC and surface height changes due to firn and surface mass
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balance (SMB) processes (Veldhuijsen et al., 2023). In this model, fresh snow density
and firn densification rate are expressed as a function of climate parameters, such as
snow accumulation, surface temperature and wind velocity. The coefficients within the
function are determined by fitting the measured firn densities to climate parameters.
In Greenland, the most up-to-date version (IMAU-FDM v1.2G) defines the fresh snow
density ρs as (Brils et al., 2022)

ρs = AGRE +BGRE ·Ta (1.2)

where T̄a is the annual mean near-surface (usually 2 m) air temperature, and AGRE and
BGRE are the fit coefficients; whereas in Antarctica, ρs is defined by IMAU-FDM v1.2A as
(Veldhuijsen et al., 2023)

ρs = AANT +BANT ·Ts +CANT ·V10 (1.3)

where Ts is the instantaneous surface temperature, V10 is the 10 m wind velocity, and
AANT, BANT and CANT are the fit coefficients. Over time, the dry-firn densification rate is
defined as (Arthern et al., 2010)

dρ

d t
= Dḃg (ρice −ρ)e−

EC
RT + Eg

RTave (1.4)

where ḃ is the long-term average accumulation rate, g is the gravitational acceleration,
ρ is the density of the layer, Ec and Eg are the activation energies for creep and grain
growth, respectively, R is the gas constant, T is the instantaneous layer temperature,
Tave is the long-term average surface skin temperature, and D is a constant determined
empirically, which can be 0.03 or 0.07 depending onρ. The FAC is also available in IMAU-
FDM, calculated as (Brils et al., 2022)

FAC =
nz∑
j

ρice −ρ j

ρice
∆z j (1.5)

where nz is the number of layers in the modelled firn profile, and ρ j and ∆z j are the firn
density and thickness of the j -th layer, respectively.

Despite the high availability of the models, inter-comparisons between different mod-
els as well as between models and available field measurements show discrepancies,
which means that not all the processes or local climate phenomena are described ad-
equately (Reijmer et al., 2012; Keenan et al., 2021). For example, MAR does not include
drifting snow transport fluxes, which can result in a bias in modelled SMB (Agosta et al.,
2019; Kittel et al., 2021); a simplification of accumulation can cause a bias in the mod-
elled surface elevation in IMAU-FDM (Veldhuijsen et al., 2023); in IMAU-FDM v1.2G,
the effect of wind velocity on fresh snow has not been parametrised due to insufficient
wind measurements over Greenland, while in IMAU-FDM v1.2A, the linear relationship
between fresh snow and wind velocity can be an over simplification (Veldhuijsen et al.,
2023). Furthermore, the coarse spatial resolution of models cannot capture the small-
scale, local climate phenomena (Dethinne et al., 2023). Therefore, new methods are
necessary to assess and monitor firn processes.
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1.3. SATELLITE REMOTE SENSING FOR ICE SHEETS

The recent developments in satellite remote sensing techniques have demonstrated po-
tential for assessing firn processes as they can overcome spatial and temporal restric-
tions. However, how physical phenomena over GrIS and AIS influence signals acquired
from remote sensing instruments remains to be better explored. Efforts have been made
to simulate satellite signals through radiative transfer modelling. The inputs of the mod-
els typically include firn properties such as firn density, temperature, grain size (or corre-
lation length) and microstructure. The developments of the microwave emission model
of layered snowpacks (MEMLS; Mätzler and Wiesmann, 1999; Wiesmann and Mätzler,
1999), the Helsinki University of Technology (HUT, now referred to as TKK; Pulliainen
et al., 1999) model, and the dense-medium radiative theory (DMRT; Tsang et al., 2000)
enable the modelling of passive satellite signals, among which DMRT and MEMLS can
also simulate active satellite signals (Tsang et al., 2007; Proksch et al., 2015). In addi-
tion, multiple radiative transfer modelling theories have been integrated into the Snow
Microwave Radiative Transfer (SMRT) thermal emission and backscatter model (Picard
et al., 2018; Larue et al., 2021). Despite these advancements, however, all models exhibit
uncertainties compared to real satellite signals due to various assumptions on layering
and characterisations of scatterers (Tedesco and Kim, 2006). The surface roughness is
also under-represented in modelling active signals (Larue et al., 2021; Shukla et al., 2024).
As such, the interpretation of satellite signals in relation to firn processes remains a sig-
nificant challenge. This PhD therefore aims to address this gap by leveraging datasets
from multiple satellite missions covering Greenland and Antarctica over a long period.
This PhD will be data-driven, where the focus is to interpret the combination of long-
term satellite data time series, with the help of radiative transfer modelling as well as the
firn models. Using the satellite missions with different measurement principles and op-
erating in different frequencies, this PhD will offer a more integrated understanding of
firn processes across the Greenland and Antarctic ice sheets.

Various studies have been conducted using satellite remote sensing techniques to
study different aspects (e.g. elevation change, ice velocity) and geophysical phenomena
(e.g. melt and refreezing, precipitation) of the cryosphere, especially over GrIS and AIS.
This thesis focuses on the use of satellite radiometers, scatterometers and altimeters to
assess the long-term firn processes. The major advantage of satellite radiometers, scat-
terometers and radar altimeters is that their measurements are not hindered by the vary-
ing weather conditions, such as cloud and rain (Brucker et al., 2010; Picard et al., 2012;
Ridley and Partington, 1988). Their ability of penetrating into the firn layer by decime-
tres to metres (Surdyk, 2002; Michel et al., 2014; Nilsson et al., 2015) also facilitates the
monitoring of firn processes, such as the variations in firn density (Nilsson et al., 2015)
and grain size (Brucker et al., 2010). In addition, although the operating frequency is
comparable between a satellite scatterometer and a synthetic aperture radar (SAR), the
satellite scatterometer has the advantage of a higher data availability both spatially and
temporally over both Greenland and Antarctica, allowing a more continuous monitoring
of firn processes. Finally, the high accuracy and little penetration ability of satellite laser
altimeters make them a reliable reference for the surface height of the firn layer. This
feature is especially beneficial, when the derivation of penetration bias of radar signals
is required. Typically, satellite radiometers and scatterometers are used for melt detec-
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tion, while satellite altimeters are used for estimating elevation changes of the ice sheets.
However, due to the impact of firn processes on radar scattering, these satellite sensors
all have the potential of revealing firn processes including melt–refreezing process, and
variations in firn density and grain size. For a general understanding of the state of the
art, the typical instruments, applications and potentials of satellite remote sensing mis-
sions on GrIS and AIS are elucidated in the following sub-sections.

1.3.1. MICROWAVE RADIOMETERS
The microwave radiometer is a calibrated passive microwave receiver that measures
thermally-emitted electromagnetic radiation. The amount of radiation a microwave ra-
diometer receives is expressed as the equivalent blackbody temperature or brightness
temperature (Le Vine and Skou, 2006). According to Planck’s Law, for a blackbody, the
specific intensity is given by (Lubin and Massom, 2006):

Bλ(T ) = 2hc2λ−5

exp(hc/λkT )−1
(1.6)

where c is the speed of light in a vacuum, h is Planck’s constant, k is Boltzmann’s con-
stant, λ is the wavelength and T is the absolute temperature. In the microwave (cen-
timetre) wavelengths, hc/λkT ≪ 1, therefore Eq. 1.6 reduces to the Rayleigh-Jeans ap-
proximation (Lubin and Massom, 2006):

Bλ(T ) = 2ckT

λ4 (1.7)

The measured radiation intensity Bλ(T ) divided by 2ck
λ4 is therefore referred to as bright-

ness temperature (TB). Depending on the configuration and utilisation of different satel-
lite microwave radiometers, the sensors measure TB at a range of frequencies and in
horizontal or vertical polarisation. The most recent available satellite sensors provid-
ing TB datasets are summarised in Table 1.1; the AMSR-U instruments are from Japan
Aerospace Exploration Agency (JAXA); AMSU-B was from National Oceanic and Atmo-
spheric Administration (NOAA); MIRAS onboard Soil Moisture and Ocean Salinity (SMOS)
is from European Space Agency (ESA); and SSM/I and SSMIS are from the Defense Mete-
orological Satellite Program (DMSP). An example of the TB data from SSMIS over Antarc-
tica and Greenland is shown in Figure 1.1, where the TB is acquired from the vertically
and horizontally polarised channels of 19 GHz, and averaged over the entire period be-
tween 2011 and 2020. Over both ice sheets, high TB values (> 240 K) are generally ob-
served in coastal areas where atmospheric warming and recurrent melting occur (Kingslake
et al., 2017; Tedesco and Fettweis, 2020). However, TB values decrease in regions where
an increasing heterogeneity of the firn–ice transition occurs due to occasional melting
(Nicolas et al., 2017; Tedesco and Fettweis, 2020), causing an increasing scattering (Houtz
et al., 2021), such as in West Antarctica close to the Ross Sea, and the percolation zone
of Greenland. Overall, TB values from the vertical polarisation are approximately 20 K
higher than those from the horizontal polarisation.

The typical applications of satellite microwave radiometers for studying ice sheets
include snow melt detection and snow metamorphism observation.
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Figure 1.1: SSMIS brightness temperatures (TB) from 19 GHz, both vertical and horizontal channels over AIS
and GrIS, temporally averaged between 2011 and 2020. The TB data are acquired from the National Snow and
Ice Data Center (NSIDC; Meier et al., 2021); the coastline of AIS is from Depoorter et al. (2013) and the coastline
of GrIS is from Gerrish (2020).

MELT DETECTION USING SATELLITE RADIOMETERS

A variety of methods have been developed to detect melt events based on the consider-
ably increasing TB as a consequence of an increase in liquid water content and hence an
increase in the imaginary part of snow permittivity (Ulaby et al., 1986; Tedesco, 2007).
Melt detection is usually performed on time series of TB (19 GHz or 37 GHz) or parame-
ters derived from multiple channels of TB.

Using a single channel of TB time series, Mote et al. (1993) and Zwally and Fiegles
(1994) detect melt in Greenland and the Antarctic Peninsula, respectively, when TB ex-
ceeds a threshold over the winter average. Such a threshold varies depending on the
exact location of pixel, and is re-calculated every year. Based on the Zwally and Fiegles
(1994) study, Torinesi et al. (2003) adopted TB time series acquired with the 19 GHz hor-
izontal polarisation channel to detect melt on AIS with a two-fold detection method. TB

values that are 30 K above the TB values averaged over the entire studied time and region
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are first masked out as strong melt signals. After masking out the strong melt, the mean
and standard deviation of TB are computed, and TB values deviating from the mean by 3
times of the standard deviation are identified as melt.

Another typical method to detect melt is a clustering approach. Johnson et al. (2020)
proposed a K-means approach, where TB time series are divided into two clusters using
K-means clustering method. However, comparison of different methods shows large dif-
ferences in detecting melt, and the performances of all methods vary spatially; ice lenses
and firn stratigraphy can also bias the detection results (Johnson et al., 2020).

The combination of different channels, furthermore, can facilitate melt detection as
meltwater has a larger impact on emissions at a higher frequency. Abdalati and Stef-
fen (1995) proposed a TB-derived parameter, cross polarisation gradient ratio (XPGR),
defined as

XPGR = TB(19H)−TB(37V)

TB(19H)+TB(37V)
(1.8)

where TB(19H) is the TB from the 19 GHz horizontal polarisation channel, and TB(37V)
is the TB from the 37 GHz vertical polarisation channel. The threshold of XPGR, above
which melt is detected, is dependent on the instrument; for SSM/I and SSMIS, the thresh-
old for XPGR is -0.0158 (Abdalati and Steffen, 1997; Johnson et al., 2020).

OBSERVATION OF VARIATIONS IN FIRN PROPERTIES USING SATELLITE RADIOMETERS

The observation of snow metamorphism using satellite microwave radiometers is fo-
cused on temporal variations of snow grain sizes on AIS, which have an impact on snow
albedo (Flanner and Zender, 2006; Picard et al., 2012). Due to the insufficient data on
AIS snow albedo, Picard et al. (2012) used satellite radiometry (AMSU-B) to obtain infor-
mation on snow grain size which can then be used to estimate snow albedo. The study
defined snow grain index (GI) as

GI = 1−TB(150GHz)/TB(89GHz) (1.9)

which increases as grain size increases.
Champollion et al. (2013) conducted a study utilising the 18.7 GHz and 36.5 GHz

channels of AMSR-E to observe hoar-crystal formation and disappearance at Dome C,
Antarctica. For both frequencies, the study defined a polarisation ratio (PR) as

PR( f ) = TB( f ,H)/TB( f ,V) (1.10)

where f represents the frequency, and H and V refer to horizontal and vertical polari-
sation channel, respectively. The hoar-crystal formation is characterised by a decrease
in snow density and an increase in snow grain size, which is linked to an increase in PR
(Champollion et al., 2013). Using ESA’s SMOS satellite data, Leduc-Leballeur et al. (2017)
correlated the increase of H-polarisation TB to low-density hoar crystal formation, and
the decrease of the TB to a storm that removed or compacted the layer of the surface light
snow. However, the aforementioned studies are conducted at Dome C, within a tempo-
ral period when field measurements were available; whether the methods can be valid
in a wider range of locations and temporal periods remains to be assessed.
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1.3.2. SCATTEROMETERS
Scatterometers are side-looking, active instruments that emit microwave signals and re-
ceive the reflected signals from the objects in the line-of-sight (Hanssen, 2001). For an
illuminated surface, the received power (Pr ) is expressed as (Ulaby et al., 2019):

Pr (θa ,φa) = Pt G2(θa ,φa)λ2

(4π)3R4 σ (1.11)

where Pt is the transmitted power, G is the antenna gain, (θa ,φa) is the direction from the
radar to the target, R is the range between the surface and the sensor,λ is the wavelength,
and σ is the radar cross section (RCS) of the observed surface. The observation is usually
referred to as sigma-nought (σ0), which is defined as the RCS normalised with respect to
the surface area A (Ulaby et al., 2019):

σ0 =σ/A (1.12)

and is expressed in the unit of decibel (dB). The most recent satellite scatterometers in-
clude the Ku-band (13.4 GHz) Quick Scatterometer (QuikSCAT) from National Aeronau-
tics and Space Administration (NASA) and the C-band (5.255 GHz) Advanced Scatterom-
eter (ASCAT) from European Organisation for the Exploitation of Meteorological Satel-
lites (EUMETSAT). The available spatial resolutions of σ0 are originally approximately
25 km, and are enhanced to 4.45 km using the scatterometer image reconstruction (SIR)
algorithm (Long et al., 1993; Early and Long, 2001; Trusel et al., 2012). Both instruments
can provide data from daily polar overpasses. In addition, the SIR algorithm provides AS-
CAT σ0 normalised to a reference incidence angle, conventionally defined as 40 ◦ (Lind-
sley and Long, 2010). An example of the normalised σ0 data from ASCAT over Antarctica
and Greenland is provided in Figure 1.2. Over Antarctica, higher σ0 (between −15 dB
and −5 dB) can be observed mainly over the high-elevation regions with megadunes
and regions with undulating topography (Fahnestock et al., 2000; Fraser et al., 2016).
Towards the coastal regions, low σ0 (< −15 dB) can be observed. Fraser et al. (2016) at-
tributed the lowσ0 primarily to a high precipitation, as a higher thickness of the firn layer
cased by the high precipitation increases the on-way loss of the radar signal (Drinkwater,
1989). Over Greenland, the highest σ0 values (> −5 dB) are observed in the percolation
zone, where the occasional melt–refreezing processes produce ice lenses that are char-
acterised by a high ice grain and act as a strong scatterer (Long and Drinkwater, 1994).
The low σ0 (between −15 dB and −10 dB) in central Greenland is due to the weak vol-
ume scattering of the fine-grained firn, while the comparably low σ0 in the Greenland
ablation zone is due to the lack of volume scattering caused by a uniform refrozen layer
(Joughin et al., 2016).

Scatterometers are typically used to detect melt and interpret the surface or near-
surface snow or firn properties in the dry snow zone of ice sheets.

MELT DETECTION USING SATELLITE SCATTEROMETERS

The common practice of using backscatter intensity information for melt detection in-
volves thresholding, as σ0 is greatly reduced by the high dielectric constant of liquid wa-
ter due to a reduced volume scattering and an increased microwave absorption (Stiles
and Ulaby, 1980). The melt detection approaches over both GrIS and Antarctic ice shelves
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Figure 1.2: ASCAT backscatter intensity (σ0) normalised to 40◦ incidence angle over AIS and GrIS, temporally
averaged between 2011 and 2020. The σ0 data are acquired from Brigham Young University (BYU) Microwave
Earth Remote Sensing (MERS) laboratory (2010), and down-sampled to the same spatial resolution of NSIDC’s
Polar Stereographic Projection; the coastline of AIS is from Depoorter et al. (2013) and the coastline of GrIS is
from Gerrish (2020).

usually use a reduction in σ0 compared with its winter mean; for each pixel, melting day
(MD) is defined as

MD =
{

1, if σ0
i <σ0

w −b

0, if σ0
i ≥σ0

w −b
(1.13)

where σ0
i is the i th daily backscatter value for a pixel, σ0

w is the mean austral winter
backscatter per pixel before the melting season, and b is an empirically determined
threshold. Common choices of b can vary between 2 dB using Ku-band QuikSCAT (Trusel
et al., 2012) and 3 dB using C-band scatterometer and SAR (Nagler and Rott, 2000; Wis-
mann, 2000; Luckman et al., 2014; Johnson et al., 2020).

ASSESSMENT OF FIRN PROPERTIES USING SATELLITE SCATTEROMETERS

Apart from melt events, various studies have tried to explore the relationship betweenσ0

and other firn properties, however such relationship is not straightforward and can be
driven by multiple surface processes simultaneously. A comparison between snow accu-
mulation andσ0 from C-band and Ku-band scatterometer in dry-snow zones of GrIS was
performed by Drinkwater et al. (2001). The study cannot derive an explicit relationship
between snow accumulation and C-band σ0, but can establish a relatively more direct
negative correlation between snow accumulation and Ku-bandσ0. Rotschky et al. (2006)
assessed snow accumulation as a linear function of C-band and Ku-band σ0. While a
negative correlation between σ0 and accumulation is valid along certain (sub-)transects
over AIS, the correlation established by the study is restricted to low-accumulation dry
snow zone areas. The conclusion is especially compromised with the presence of small-
scale surface roughness features or scattering layers, such as ice lenses and depth hoar.
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Fraser et al. (2016) explored the relationship between normalised ASCATσ0 and parame-
ters from atmospheric and firn models, such as slope aspect, precipitation, surface tem-
perature, wind speed and persistence, upper 1 m grain size, and upper 1 m firn density,
between July 2007 and January 2012. The study manages to reconstruct the long-term
mean σ0 using the modelled atmospheric and firn parameters, and establishes a cor-
relation between σ0 and precipitation on long timescales in dry snow zones of AIS. On
average, the upper 1 m grain size has a positive correlation with σ0. The upper 1 m den-
sity shows a reasonably negative correlation with σ0. However, both density and grain
size are not as highly correlated with σ0 as precipitation. The correlation between the
seasonal cycle of both parameters and the σ0 cycle also cannot be established. Finally,
the study shows strong links between σ0 and temperature anomalies.

The aforementioned studies show that using the σ0 information from scatterometer
and SAR is promising in assessing certain firn processes, i.e. melt and accumulation.
It is important to note that the relationship between σ0 and snow accumulation is not
applicable to areas with melting, as subsurface meltwater retention and refrozen layer
can bias σ0 (Fraser et al., 2016). Furthermore, while dry snow grain size and density can
be drivers of σ0 variation, they are driven by firn temperature, surface precipitation and
wind which are also divers of variations in multiple satellite signals. Therefore, a multi-
source remote sensing data assimilation method is expected to improve the assessment
in this aspect (Fraser et al., 2016).

1.3.3. ALTIMETERS

The altimeter is an active, nadir-looking instrument that emits pulses and receives the
reflected pulses from the Earth surface. Depending on the measurement principles,
satellite altimeters can be categorised into radar altimeter, which sends microwave pulses
to the ground and receives the echos as waveforms (Chelton et al., 2001; Quartly et al.,
2021), and laser altimeter, which sends laser pulses to the ground and receives the re-
flected photons and their travel times (Smith et al., 2019). The most recent and available
satellite missions with radar altimeters include European Remote Sensing (ERS) satel-
lites ERS-1, ERS-2, Envisat, CryoSat-2 and Sentinel-3 from ESA, operating in Ku-band;
Envisat also operates in S-band in addition. The most recent satellite missions with laser
altimeters are Ice Cloud and land Elevation Satellite (ICESat) and ICESat-2 from NASA;
the laser of both altimeters is at 532 nm.

Among the satellite radar altimeter missions, CryoSat-2 has the advantage of being
operated in different modes: the Low Resolution Mode (LRM) is a conventional pulse-
limited altimeter which illuminates the measured surface with a 1.65 km diameter pulse-
limited footprint (Schneider et al., 2018); the Synthetic Aperture Radar (SAR) transmits a
burst of pulses and reduces the along-track footprint to 300 m with Delay-Doppler pro-
cessing (Schneider et al., 2018; Abdalla et al., 2018); and the Synthetic Aperture Radar In-
terferometry (SARIn) mode uses two antennas to derive the across-track angle by calcu-
lating the difference between the measurements from different antennas (Jensen, 1999;
Wingham et al., 2004; Schneider et al., 2018; Aublanc et al., 2021). To derive height es-
timates from radar altimetry operated in all modes, a retracking process which identi-
fies the location of the surface echo in the waveform needs to be performed (Otosaka
et al., 2019). For the polar regions, LRM is operated over ice-sheet interiors, SAR mode is
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Figure 1.3: An example of a radar altimeter waveform from CryoSat-2 Low Resolution Mode (LRM) over Green-
land. Leading edge and trailing edge are key features used for various studies.

operated over the oceans, and SARIn mode is operated over ice-sheet margins (Calafat
et al., 2017). An example of a LRM waveform is illustrated in Figure 1.3, with key fea-
tures labelled. The backscatter intensity can also be calculated from the waveform and
expressed as σ0; the method of σ0 calculation depends on the retracking method (Gom-
menginger et al., 2010).

Pulse-limited radar altimeters and laser altimeters are primarily used in deriving ice-
sheet elevation or SMB changes. Various studies have been conducted over both Green-
land and Antarctica over different time periods and, different satellite radar altimeters
have been employed accordingly, including ERS-1, ERS-2, Envisat, and CryoSat-2 (Davis
and Ferguson, 2004; Zwally et al., 2005; Khvorostovsky, 2012; Flament and Rémy, 2012;
Liu et al., 2023). When deriving elevation changes from radar altimeters, uncertainties
can be introduced due to radar penetration into snow and the impact of near-surface
snow properties on radar signals (Rémy and Parouty, 2009). Different processing meth-
ods for radar altimetry data and for correction of waveform parameters can also intro-
duce biases in such estimations (Simonsen and Sørensen, 2017). Laser altimeters, on
the other hand, reduces the uncertainties introduced by radar waveform processing and
snow penetration effects. By comparing heights derived from ERS-2 and obtained from
ICESat, Thomas et al. (2008) demonstrated that the radar altimeter has a lower height es-
timate than the laser altimeter due to the penetration effect when snowfall occurs, while
a lifted height from radar altimeter can be observed due to the melt events.

Although the radar penetration acts as an error source in the study of ice-sheet el-
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evation changes, it facilitates the study of firn properties. Brenner et al. (2007) com-
pared Envisat elevation measurements with ICESat measurements over GrIS and AIS,
and showed that when the surface slope is below 0.1 ◦, the difference between Envisat
and ICESat was 9 cm over GrIS and −40 cm over AIS. Michel et al. (2014) calculated the
difference between Envisat and ICESat, and showed that the difference varied between
−1 m and −0.5 m over AIS. Although the results can be retracker-dependent (Brenner
et al., 2007), both studies indicated the penetration depth of Ku-band radar into snow.
Tran et al. (2008) combined the dual-frequency σ0 from Envisat and the TB and TB ratio
from ERS satellites to classify the snow types over GrIS and AIS, and managed to distin-
guish melt zones in GrIS. Following the intensive melt event over GrIS in 2012, Nilsson
et al. (2015) studied the time series of several parameters derived from radar altimeter
waveforms: the backscatter intensity σ0, the leading edge width (LeW), the trailing edge
slope (TeS), the waveform peakiness, and the elevation difference between CryoSat-2 el-
evations and a reference DEM. The study showed that the intensive melt event can be
observed in the time series as an increase in σ0, peakiness and elevation difference, and
as a drop in LeW and TeS. This indicates that the formation of ice lenses following the
meltwater refreezing results in a specular surface and a reduction of penetration depth.
Adodo et al. (2018) assessed the spatial and temporal variations of Ku-bandσ0 in Antarc-
tica with an electromagnetic model, and showed that the σ0 variation over the interior
or flat regions is dominated by volume scattering, and in the other regions dominated by
surface scattering. Larue et al. (2021) translated field measurements of firn properties in
Antarctica into waveforms using a radiative transfer model. Using CryoSat-2σ0, Scanlan
et al. (2023) derived an inverted backscattering model to estimate surface roughness and
density over GrIS between 2013 and 2019.

Finally, while Michel et al. (2014) and Nilsson et al. (2015) derived and demonstrated
the Ku-band penetration depths, their application of such depths is mainly focused on
the flat regions of AIS and GrIS. Over terrains with more complex topography, slope-
induced errors should be better corrected for, as Ku-band penetration depths are usually
at the centimetre and decimetre level, whilst the slope-induced errors are at the metre
level (Levinsen et al., 2016). Conventional correction methods show compromised per-
formances over both AIS and GrIS (Roemer et al., 2007; Levinsen et al., 2016), therefore
improvements are required in this aspect.

1.4. RESEARCH OBJECTIVES
The aforementioned studies demonstrate overall well-established methods for satellite
radiometers and scatterometers to detect surface melt, and for altimeters to estimate el-
evation changes over ice sheets. However, studies that explored how variations in firn
properties can affect satellite observations usually lack the discussion on whether one
can deduce the firn property variations from satellite observations. For instance, the
correlation of radiometer and scatterometer observations with temperature, precipita-
tion and wind (Champollion et al., 2013; Fraser et al., 2016) shows the theoretical po-
tential of these observations in assessing firn properties over dry snow zones (mainly
located in AIS). On the other hand, due to radar’s penetration into firn, the waveform in-
formation from radar altimeter can indicate sub-surface firn property variations, which
are most influenced by melt and subsequent ice-lens formation (Nilsson et al., 2015). In
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particular, the height difference between laser and radar altimeters can be an indicator
of penetration depth (Michel et al., 2014; Nilsson et al., 2015), and the variations in lead-
ing edge width (LeW) can be indicative of variations in volume scattering. Currently, a
long-term and ice-sheet-wide study of the aforementioned potentials has not yet been
performed. Furthermore, the slope-induced error in radar altimeter has a major influ-
ence on studying the radar penetration depth in firn, hence should be better accounted
for before studying the penetration effect of radar altimetry.

Therefore, this PhD aims to explore the possibility of using the spatio-temporal vari-
ations in satellite observations to interpret variations in firn properties. Specifically, we
explore the novel methods to utilise and interpret radiometer, scatterometer and altime-
ter observations with respect to firn processes. This PhD exploits the impact of varying
firn densities on radiometer and scatterometer data, and the impact of melt–refreezing
cycles on altimeter data. In this PhD, decadal, ice-sheet wide time series of satellite mea-
surements will be processed, and interpreted with the help of the most advanced firn
models as well as radiative transfer models. Within this process, a method to improve the
correction of slope-induced errors in radar altimeter height estimates will be proposed
and assessed. The detailed research objectives are hence formulated into the following
research questions:

• What is the added value of combining radiometer and scatterometer data in es-
timating firn density in the Antarctic dry-snow zone?

Firn density is one of the most indicative parameters of firn status, as their varia-
tion can contribute to the varying estimation of SMB and the subsequent sea-level
change. While many climate and snow models are created to estimate firn density
profiles over AIS, discrepancies may occur between the modelled densities and the
real densities. Previous studies showed that the precise mechanisms underlying
the impact of firn density on either TB from radiometers or σ0 from scatterome-
ters were not always fully understood, as a linear relationship between firn densi-
ties and satellite observations could not be established. However, as firn densities
theoretically have an impact on microwave scattering properties, we aim to pro-
pose and assess a method to estimate firn densities using satellite microwave data
and a non-linear model. Furthermore, melt events and subsequent refreezing can
also introduce anomalous microwave signals which hinder the interpretation and
quantification. As a simple thresholding method for melt detection can also be as-
sociated with uncertainties, depending on the particular threshold used to define
melts, we propose a melt-detection method where we exploit the long-term time
series of TB and σ0. The study is two-fold: firstly, we use a combination of TB and
σ0 time series anomalies to identify dry regions using an unsupervised approach.
Secondly, a combination of TB and σ0 time series is used as input to a random for-
est (RF) regressor to estimate firn densities in dry regions. Due to the sparsity of
field measurements, we use modelled densities from IMAU-FDM as a priori den-
sity data. A part of the modelled densities is used for training the RF regressor, and
the IMAU-FDM densities are also used to assess the performance of RF.

• How can radar altimeter waveform information be used to improve the correc-
tion for slope-induced errors in height estimation?
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Assessments of the volume scattering properties of radar altimeter signals within
the firn layer often require deriving variations in the penetration ability of radar.
The penetration ability is assessed by comparing the radar altimeter height esti-
mates with a reference surface height. However, errors can be introduced in the
interior of Greenland where conventional pulse-limited radar altimeters are op-
erated due to certain undulations of topography and the large pulse-limited foot-
print of radar altimeters. Since the leading edge of radar can be affected by sur-
face scattering, we propose a method adopting leading edge information of the
radar altimeter waveform to correct for slope-induced errors by identifying poten-
tial points on the ground that have an impact on the leading edge. The method
will be compared with standard ESA products and methods from previous studies.
Factors that can potentially affect the performance of our method will be identi-
fied and sensitivity analyses will be performed.

• To what extent can a long-term analysis of radar altimeter data improve the un-
derstanding of firn processes over Greenland?

Previous studies have shown that the waveform information from radar altimeters
can be affected by variations in firn processes through varying surface and volume
scattering. Among all the parameters derived from radar altimeter waveform, the
leading edge width (LeW) is a parameter sensitive to the reduction of penetration
depth following a melt event, showing a simultaneous reduction. The subsequent
long-term LeW variation should also be indicative of the new-snow deposition: the
new snow is characterised by fine grain with low densities, contrary to the high-
density, subsurface reflective ice lenses. As new snow deposits, it forms a firn layer
with regular volume scatterers, increases the penetration ability of radar altime-
ter signal, and hence the LeW increases. However, surface scattering, mainly due
to topography and surface roughness, can also affect LeW variations. Therefore,
this study explores the spatial and temporal variations of LeW, and compares the
variations with external datasets indicating both surface and volume scattering to
assess the potential and limitations of using long-term time series of LeW to in-
dicate the variations in Greenland firn volume scattering. In addition, this study
also tries to derive the penetration depth of Ku-band radar altimeter by comput-
ing the height difference between laser and radar altimeters. In deriving the height
with the radar altimeter, the novel approach to correct for slope-induced errors
proposed in this study is adopted. The penetration depth is also used to support
the interpretation of LeW variations and to provide indications for future studies.
Based on the analysis of the long-term LeW variations, finally, we aim to provide
an assessment of the firn conditions over Greenland.

The first research question aims to develop a machine-learning method that esti-
mates the firn density in dry-firn zones. The second research question serves as a pre-
liminary research to the third research question: by improving the accuracy of height
estimation using pulse-limited radar altimeter, the penetration ability of the radar al-
timeter signal into firn can be reliably estimated. The third research question focuses
on the melt–refreezing patterns over Greenland, where the abrupt high-density ice lay-
ers form within the firn instead of the conventional firn densification process (e.g. over
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Antarctic dry zones). By investigating these research questions, this PhD will cover the
study of both dry and melt firn conditions over the ice sheets using long-term satellite
data. It will also provide indications for future studies to effectively integrate the satellite
data into models that could potentially monitor firn processes over Greenland, Antarc-
tica and small ice caps worldwide.

The satellite data utilised in this PhD are listed as follows:

• Radiometer data: SSMIS, 19 GHz and 37 GHz, both vertical and horizontal polari-
sation;

• Scatterometer data: ASCAT;
• Radar altimeter data: CryoSat-2 operating in LRM, Level-1b (L1b) and Level-2I

(L2I);
• Laser altimeter: ICESat-2 L3A Land Ice Height (ATL06) product.

1.5. THESIS ROAD-MAP
Based on the aforementioned motivation, the state of the art and the objectives, this PhD
thesis is unfolded as follows.

Research question 1 is addressed in Chapter 2 by combining SSMIS TB and ASCAT
σ0 to identify non-melt zones in AIS with a clustering approach and to estimate the firn
densities over these zones using a random forest approach. This chapter aims to provide
insights into the possibility of using a combined satellite dataset and a machine learning
method to estimate unknown firn densities from the known ones. It is important to note
that due to the limited availability of continuous field measurements, our “known den-
sities” are modelled densities from a firn densification model (FDM). The performance
of our method will be assessed and the potentials and limitations will be analysed.

Chapter 3 focuses on research question 2, where we compare our novel method to
correct for slope-induced errors in pulse-limited radar altimeters with previous meth-
ods. The region of interest is the interior of GrIS. Data from CryoSat-2 LRM L1b will be
used to obtain height assessments from a “slope” method, a “point-based” method and
our novel method. CryoSat-2 LRM L2I heights will also be used as comparison. Our
results are validated using height measurements from ICESat-2 ATL06 product, as we
assume the heights obtained by laser altimeters to be a proxy of the surface height. We
also perform a sensitivity analysis by tuning several parameters that can affect the per-
formance of our method, such as the definition of LeW, the retracker threshold, the DEM
bias and the DEM resolution.

Chapter 4 aims to answer research question 3. In this chapter, we use CryoSat-2 LRM
L1b data to derive LeW and heights. The heights are then subtracted by ICESat-2 ATL06
heights to obtain a proxy of radar penetration ability. By analysing the time series of the
obtained parameters, we can identify the formation of ice lenses from a melt–refreeze
process over GrIS and assess the subsequent snow deposition and firn status. The den-
sity profiles from a regional atmospheric model (MAR) and an FDM, the available field
measurements of densities, and available airborne radar data will be used as reference.

Chapter 5 lists the conclusions of this PhD, summarises the answers to the research
questions, and provides analyses and recommendations for further works.
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2
ESTIMATING ANTARCTIC FIRN DENSITY BY

COMBINING RADIOMETER AND

SCATTEROMETER DATA

The understanding of the spatial and temporal variations in Antarctic firn density is lim-
ited due to i) spatial and temporal limitations of in situ measurements, ii) potential mod-
elling uncertainties, and iii) lack of firn density products driven by satellite remote-sensing
data. To address this gap, this chapter explores the potential of satellite microwave ra-
diometer (SMISS) and scatterometer (ASCAT) observations for assessing spatial and tem-
poral dynamics of dry-firn density over the Antarctic ice sheet. Since a linear relationship
with individual satellite observations is insufficient to explain the spatial and temporal
variation in snow density, we investigate the potential of a non-linear random forest (RF)
machine learning approach trained on radiometer and scatterometer data to derive the
spatial and temporal variations in dry-firn density. In the estimation process, 10 years of
SSMIS observations (TB) and ASCAT observations (σ0

A) is used as input features to a ran-
dom forest (RF) regressor. The regressor is first trained on time series of modelled density
and satellite observations at randomly sampled pixels and then applied to estimate den-
sities in dry-firn areas across Antarctica. The RF results reveal a strong agreement between
the spatial patterns estimated by the RF regressor and the modelled densities. However,
the temporal patterns show some discrepancies, as the RF regressor tends to overestimate
summer densities, except for high-elevation regions in East Antarctica and specific areas in
West Antarctica. These errors may be attributed to underestimations of short-term or sea-
sonal variations in the modelled density and the limitations of RF in extrapolating values
outside the training data. Overall, our study presents a potential method for estimating
unknown Antarctic firn densities using known densities and satellite parameters.

2.1. INTRODUCTION
The accelerated loss of mass from the Antarctic ice sheet, a trend anticipated to persist
in the coming decades and centuries, underscores Antarctica’s pivotal role as a major

This chapter has been published as Li, W., Veldhuijsen, S. B. M., and Lhermitte, S.: Machine learning of Antarc-
tic firn density by combining radiometer and scatterometer remote-sensing data, The Cryosphere, 19, 37–61,
https://doi.org/10.5194/tc-19-37-2025, 2025.
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source of future sea level rise (Pattyn and Morlighem, 2020). Recognising the critical con-
tribution to sea level rise uncertainty highlights the urgency of comprehending Antarc-
tica’s surface mass balance (SMB). A typical method to estimate the SMB of the Antarctic
ice sheet is to convert satellite altimetry height measurements into SMB (Zwally et al.,
2005; Kuipers Munneke et al., 2015; Schröder et al., 2019) with the help of firn (an inter-
mediate state between snow and glacial ice; van den Broeke, 2008; Amory et al., 2024)
density. In Antarctica, firn density is highly variable in space and time due to the vary-
ing surface climate conditions (Craven and Allison, 1998; Li and Zwally, 2004; van den
Broeke, 2008; Fujita et al., 2016). Therefore, it is necessary to continuously monitor firn
density in Antarctica.

A variety of methods have been developed to assess firn density. In situ measure-
ments from firn cores, snow pits, and local near-infrared pictures are valuable for ac-
curately understanding firn densities; however, these measurements are sparse in both
space and time due to cost efficiency considerations, making them insufficient for com-
prehensive monitoring requirements (Macelloni et al., 2007; Picard et al., 2012; Cham-
pollion et al., 2013). In the absence of in situ data, firn densification models (FDMs), such
as the semi-empirical IMAU-FDM (Ligtenberg et al., 2011; Veldhuijsen et al., 2023) are
commonly utilised to estimate firn density and subsequent elevation changes (Schröder
et al., 2019). Nonetheless, FDMs suffer from significant uncertainties (Verjans et al.,
2020). For instance, the relationship between wind velocity and density, as derived by
Sugiyama et al. (2012) and van den Broeke et al. (1999) exhibits notable discrepancies,
introducing uncertainties when parametrising the effects of wind. Therefore, to ob-
tain spatially and temporally continuous assessments of changes in firn densities, satel-
lite remote sensing serves as an important complementary method (Picard et al., 2007;
Brucker et al., 2014; Meredith et al., 2019). While numerous studies have investigated
these assessments, they have identified intricate relationships between remote-sensing
observations and firn density, making it challenging to implement remote-sensing mod-
els. Consequently, a satellite-based firn density product remains elusive.

Among satellite remote-sensing techniques, radiometers are a primary tool used for
studying firn properties, offering various frequencies and polarisations that facilitate as-
sessments of different firn properties at different depths (Picard et al., 2007, 2012; Cham-
pollion et al., 2013; Brucker et al., 2014; Amory et al., 2024). Radiometers measure the
thermal radiation emitted by the ground surface and subsurface within the range of
microwave penetration (Picard et al., 2007) and typically have a spatial resolution of
∼ 25 km. The observed parameter is referred to as the brightness temperature (TB),
which has typically been used to derive Antarctic surface melting extent by detecting
the sharp increase in emissivity and hence TB (Picard et al., 2007; Tedesco, 2009; Nicolas
et al., 2017; de Roda Husman et al., 2022). However, studies show that TB can also be
used to assess firn densities. For example, Champollion et al. (2013) used the temporal
variation in the polarisation ratio of TB at 19 GHz and 37 GHz to evaluate the density
changes in firn induced by hoar crystal formation and disappearance at Dome C (75.06◦
S, 123.21◦ E; indicated in Figure 2.2a). Alternatively, Tran et al. (2008) classified seven
firn facies over Antarctica using a combination of TB, a specific ratio defined by TB at
23.8 GHz and 36.5 GHz, and information from Ku- and S-band altimeters acquired in
2004. They attributed the different facies to varying surface roughness or firn grain size
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driven by differences in climate parameters such as wind patterns, firn accumulation,
and temperature, which are known to influence firn density (Lehning et al., 2002; Cham-
pollion et al., 2013).

Alternatively, active microwave observations, specifically radar scatterometer and
synthetic aperture radar (SAR), with spatial resolutions of ∼ 25 km and up to ∼ 5 m, re-
spectively, have been used to assess firn properties. The backscatter intensity (σ0) is a
common parameter measured by both scatterometer and SAR. Numerous studies have
been performed to link the spatial or temporal variation in σ0 to variations in certain
firn properties. Fraser et al. (2016) analysed the drivers of spatial variation in C-band
scatterometer σ0 acquired between 2007 and 2012 in dry-firn zones of Antarctica. Their
study concluded that (i) the seasonal variation in σ0 is primarily driven by precipitation
and firn temperature cycles and that (ii) σ0 exhibits a high correlation with long-term
precipitation, which also affects long-term densities. On the other hand, Rizzoli et al.
(2017) exploited interferometric acquisitions of X-band SAR σ0 from TanDEM-X, using
the combination of σ0 and a volume correlation factor to classify Greenland into four
firn facies with an unsupervised machine learning method. The firn facies classified by
this study can be attributed to different melt extents.

The aforementioned studies indicate the capability of various passive and active satel-
lite observations, either individually or in combination, to evaluate spatial and temporal
patterns of firn density. However, the precise mechanisms underlying the impact of firn
density on satellite observations cannot always be fully understood (Champollion et al.,
2013; Fraser et al., 2016; Rizzoli et al., 2017). In addition, previous studies using satellite
observations to assess firn properties are restricted either to a specific location where in
situ measurements are available (Champollion et al., 2013) or to a specific time period
(Tran et al., 2008). Implementation of these aforementioned approaches to other areas
or time periods therefore requires further assessment. Hence, it is crucial to identify
suitable combinations of satellite observations and data fusion methods that enable the
assessment of firn density across extensive regions and multiple seasons.

Consequently, the objective of this study is to propose and assess a methodology to
derive firn density and its spatial and temporal variations over the Antarctic ice sheet
based on daily satellite observations. To achieve this, we conduct a 3-fold experiment
involving the comparison of time series data from the Special Sensor Microwave Im-
ager/Sounder (SSMIS) and Advanced Scatterometer (ASCAT) satellites with the output of
a semi-empirical firn densification model (IMAU-FDM). In the first experiment, we jux-
tapose the satellite time series with the output of IMAU-FDM to evaluate the potential
of individual satellite parameters in linearly explaining density variations. The second
experiment involves cluster analysis on the combined SSMIS and ASCAT satellite data to
identify spatial and temporal patterns of satellite observations and compare them with
IMAU-FDM density patterns. Then, we assess the potential of a non-linear random for-
est (RF) machine learning approach (Breiman, 1996, 2001) trained on SSMIS and ASCAT
data to derive spatial and temporal variations in dry-firn density. More specifically, as-
suming firn densities in certain regions are known, this experiment aims to estimate
firn densities of the unknown regions in space and time using a combination of satellite
observations. Due to the currently limited availability of in situ density measurements,
however, our study uses part of the modelled IMAU-FDM densities as “known” densities
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to train the RF regressor. Finally, we evaluate our RF predictions with external reference
data, i.e. available in situ firn density measurements (Surface Mass Balance and Snow
on Sea Ice Working Group (SUMup)) and ERA5 climate parameters.

2.2. DATA
In this study, we evaluate the potential of satellite microwave radiometer (SSMIS) and
scatterometer (ASCAT) observations in assessing the spatial and temporal dynamics of
dry-firn density across the Antarctic ice sheet. We focus on the grounded Antarctic ice
sheet only, where wet firn and melting that potentially affect the satellite microwave ob-
servations are less pronounced (Lenaerts et al., 2016; Kingslake et al., 2017; Spergel et al.,
2021; Li et al., 2021; de Roda Husman et al., 2022). To account for this, we mask out all
satellite observations over the ice shelves using the grounding line defined by Depoorter
et al. (2013).

2.2.1. RADIOMETER DATA

Time series of brightness temperature (TB) from the SSMIS are used in this study, as they
are widely used to assess variations in firn properties (Tedesco and Kim, 2006; Tran et al.,
2008; Brucker et al., 2010). The available measurement channels include vertically and
horizontally polarised 19 GHz, 37 GHz and 91.655 GHz, and vertically polarised 22 GHz
(Kunkee et al., 2008). However, for the purposes of this study, our focus is solely on the
19 GHz and 37 GHz channels, since the atmospheric influence is negligible at these fre-
quencies (Picard et al., 2009; Brucker et al., 2011; Champollion et al., 2013). Theoreti-
cally, the penetration depths are 1–7 m (at 19 GHz) and 0.1–2 m (at 37 GHz) in dry-snow
zones of Antarctica (Surdyk, 2002; Brucker et al., 2010). With the presence of liquid wa-
ter, the imaginary part of snow permittivity increases, therefore TB increases (Tedesco,
2007). However, the actual penetration depths can still vary per region (Picard et al.,
2009). These characteristics ensure the possibility for SSMIS at 19 GHz and 37 GHz to
monitor the changes in firn properties at a variety of depths. The daily polar-gridded TB

data are acquired from the National Snow and Ice Data Center (NSIDC) with a spatial
resolution of 25 km for both the 19 GHz and 37 GHz channels (Meier et al., 2021). All
data are acquired by the F17 sensor, as it provides continuous daily data acquisition in
the period between January 1, 2011 and December 31, 2020.

2.2.2. SCATTEROMETER DATA

Backscatter intensity (σ0) from synthetic aperture radar (SAR) was also previously used
to assess density variations due to the melting–refreezing process of certain firn types
(Rizzoli et al., 2017) and to examine variations in firn facies (Fahnestock et al., 1993).
In this study, we employ time series of backscatter intensity from the Advanced Scat-
terometer (ASCAT) satellite sensor as an alternative to SAR σ0, primarily due to its high
temporal resolution (daily) and its coverage over the entire Antarctica. ASCAT is an op-
erational C-band (5.255 GHz) fan-beam scatterometer (Figa-Saldaña et al., 2002; Fraser
et al., 2016) that has been in operation on MetOp satellites since 2006. It operates in V
polarisation and covers multiple incidence angles. For dry firn, the penetration depth
of C-band ASCAT is approximately 20 m (Rignot, 2002). Following Larue et al. (2021),
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we also performed a simulation using the Snow Microwave Radiative Transfer (SMRT)
model (Picard et al., 2018), where firn properties at different depths of the firn layer are
altered, and the impacts on both backscattering and brightness temperature are pre-
sented (Appendix 2.A). However, the top 1 m is most exposed to atmospheric drivers,
which also affect the variability in C-band microwaves (Fraser et al., 2016). The ASCAT
products used in this study are obtained from the Brigham Young University (BYU) Mi-
crowave Earth Remote Sensing (MERS) laboratory (2010) (Long et al., 1993; Early and
Long, 2001; Lindsley and Long, 2010). The data are processed using the scatterometer
image reconstruction (SIR) algorithm, which enhances the spatial resolution of images
from 25 km to 4.45 km. The backscattering product adopted in our study is referred to
as the A product in Long and Drinkwater (2000):

σ0(θ) = A+B(θ−40◦) (2.1)

where A (in dB) is the originally measuredσ0 normalised to 40◦ and B (in dB per degree)
is a parameter describing the dependence of the originalσ0 on θ. The processing of Long
and Drinkwater (2000) accounts for the incidence angle dependence of the originally
measured σ0, as the measurements are made over multiple incidence angles (between
20◦ and 55◦). In this study, we only use the isotropic normalised A parameter (hereafter
σ0

A), as it has been shown to better correlate with various climate parameters and with
the long-term firn density (Fraser et al., 2016). In addition, the presence of liquid wa-
ter can reduce the volume scattering and increase the microwave absorption (Stiles and
Ulaby, 1980); this should be taken care of and will be elaborated in Section 2.3. To en-
sure consistent analysis between TB and σ0

A , the BYU σ0
A products are interpolated to

the same polar grids as the SSMIS TB products using bi-linear interpolation. The data
acquisition time is the same as that of the radiometer data.

2.2.3. DENSITIES FROM IMAU-FDM
To understand the spatio-temporal variation in satellite data, we compare the SSMIS and
ASCAT satellite data to the output of a semi-empirical firn densification model. There-
fore, we use output from the latest version of the IMAU firn densification model (IMAU-
FDM v1.2A; Veldhuijsen et al., 2023). IMAU-FDM simulates the transient evolution of the
Antarctic firn column, and is forced at the upper boundary by outputs of the Regional At-
mospheric Climate Model (RACMO2.3p2) at a 27 km horizontal resolution (van Wessem
et al., 2018) and with a temporal resolution of 10 days. The model employs up to 300 lay-
ers in thicknesses of 3 to 15 cm, which represent the firn properties in a Lagrangian way.
The output is resampled to a regular grid with layers of 4 cm. The density of the freshly
fallen snow is a function of instantaneous wind speed and temperature in IMAU-FDM.
Over time, the simulated firn layers become denser due to dry-snow densification and
meltwater refreezing.

To estimate at which depth the firn density has an impact on satellite microwaves, we
perform a correlation estimation between satellite observation time series and IMAU-
FDM density at different depths, as elaborated in Section 2.3.1. The unrealistically large
values in IMAU-FDM densities (more than 917 kg m−3) are treated as invalid. To facilitate
comparison with the satellite products, the firn density data from IMAU-FDM are re-
projected using bi-linear interpolation to the same polar grids as the satellite data, where
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valid data are restricted to pixels within the Antarctic coastline provided by Depoorter
et al. (2013).

2.2.4. REFERENCE IN SITU DENSITY MEASUREMENTS

Furthermore, we employ in situ density measurements obtained from the SUMup dataset
(Koenig and Montgomery, 2018; Montgomery et al., 2018) as a reference for spatial eval-
uation of the satellite data and the RF regressor. SUMup provides information on the
start point, end point and mid-point of measurements. We use the mid-point here to
define the depth of the reference data. For each date of measurement at each location, if
multiple measurements are available, only the density measurements at the shallowest
mid-point depths are used. Such depths are also restricted to < 1 m. The measurements
within the depth restriction were taken between January 22, 1984 and January 23, 2017
and consist of 67 valid points. The SUMup dataset does not contain time series but only
single measurements on specific irregular dates throughout the time period between
1984 and 2017. Therefore, we use the SUMup dataset only for spatial evaluation of the
potential uncertainties from both the IMAU-FDM densities and the densities estimated
by the RF regressor.

2.2.5. ERA5 CLIMATE PARAMETERS

As mentioned in Section 2.1, IMAU-FDM can introduce discrepancies due to simplified
parametrisation (Verjans et al., 2020), which can be propagated in the estimation pro-
cess with the RF regressor. Therefore, to interpret the difference between the measured
(SUMup or Leduc-Leballeur et al. (2017) data), modelled (IMAU-FDM) and estimated
(RF) densities, it is important to understand the effects of climate conditions. Therefore,
we use ERA5 wind speed estimated at midday (Muñoz-Sabater, 2019; Muñoz-Sabater
et al., 2021) as an approximation of the daily wind conditions. By incorporating this in-
formation, we aim to better understand the discrepancies between the observed and
IMAU-FDM densities and the source of discrepancies between the IMAU-FDM densities
and the densities estimated from satellite observations with the RF regressor. The ERA5
wind speed data have a horizontal resolution of 9 km. Similarly to the IMAU-FDM data,
we interpolate these climate variables to the same polar grids as the SSMIS data using
bi-linear interpolation to ensure consistency in the analysis.

2.3. METHODS
We assess the potential of SSMIS and ASCAT satellite observations to assess dry-firn den-
sity in a 3-fold experiment. Firstly, we compare the satellite time series with the output
of IMAU-FDM to evaluate the potential of individual satellite parameters to linearly ex-
plain density variations (Section 2.3.1). Secondly, we perform a cluster analysis on the
combined SSMIS and ASCAT observations to identify spatio-temporal patterns in satel-
lite observations. These patterns are then compared with the density patterns obtained
from IMAU-FDM, and dry-snow zones are determined (Section 2.3.2). Finally, we quan-
tify the potential of a non-linear random forest (RF) machine learning approach trained
on SSMIS and ASCAT observations to derive the spatial and temporal variations in dry-
firn density (Section 2.3.3). For clarity, the content of Section 2.3.2 and Section 2.3.3 is
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summarised and visualised as a flowchart in Figure 2.1.

Figure 2.1: Overview flowchart of the data and method used in this study. The clustering process uses TBanom

and σ0
Aanom

as input to derive dry snow zones over the Antarctic ice sheet. Then, pixels clustered as dry snow

are included to estimate firn density with the RF regressor. Parameters used as features of the RF regressor are
further elaborated in Section 2.3.3. Among the derived parameters, Antarctica dry zones, Dataset I and Dataset
II are selected proportionally based on the number of pixels per cluster.

2.3.1. CALCULATION OF CORRELATION BETWEEN SATELLITE PARAMETERS

AND FIRN DENSITY
To gain a general understanding of the spatial patterns of the satellite parameters and
densities from IMAU-FDM, we calculate and visualise the map of TB and σ0

A and the
IMAU-FDM firn density at a selected depth averaged between January 1 2011 and De-
cember 31 2020 (shown in Appendix 2.B). Then, to observe the temporal correlation be-
tween the satellite parameters and the IMAU-FDM densities, for each pixel, the corre-
lation coefficient between different satellite parameters and the firn density over time
is calculated and visualised. To ensure consistent temporal resolution for the analysis,
the satellite parameters are downsampled from daily resolution to 10-day resolution to
match the temporal resolution of the IMAU-FDM densities. Since the scattering proper-
ties of microwaves are affected by firn properties along the penetration depth (Ulaby
et al., 1996; Bingham and Drinkwater, 2000; Arndt and Haas, 2019; Cartwright et al.,
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2022), this analysis utilises densities from a range of depths, including 12 cm, 40 cm,
1 m, 2 m, 5 m and 10 m. The density of each depth is defined not as the specific density
at a single depth but as the average density from the surface to this depth. The reason
for this comparison is that, although the theoretical penetration depth can be larger than
20 m for the C-band in Antarctic dry firn (Rott et al., 1993), the surface conditions, such
as temperature, wind, and precipitation have more impact on the shallow depth of the
firn layer and on the satellite parameters (Tran et al., 2008; Picard et al., 2012; Champol-
lion et al., 2013; Fraser et al., 2016). By calculating the correlation coefficients between
IMAU-FDM densities and satellite parameters, we need to understand at which depth
the densities cannot be affected by the surface conditions. We also need to estimate a
depth threshold from which 37 GHz cannot penetrate the firn layers and hence cannot
provide information on spatial and temporal variation in firn in this experiment, as the
penetration ability reduces with an increasing frequency (Rott et al., 1993; Surdyk, 2002).
Finally, the density at the depth where there is the best overall correlation between satel-
lite observations and density time series is adopted for the RF experiment.

2.3.2. CHARACTERISATION OF FIRN TYPES USING TIME SERIES OF MICROWAVE

OBSERVATIONS
In our study, the clustering of satellite observations is primarily carried out as a prepara-
tory step aimed at ensuring that all the representative regions, i.e. the regions with dis-
tinctive satellite data patterns, are correctly accounted for in the RF model training pro-
cedure in Section 2.3.3. Moreover, we aim to rule out pixels where melt events can be
observed, as the melt-induced liquid water and ice-lens formation complicate the satel-
lite measurements (Stiles and Ulaby, 1980; Brucker et al., 2010; Trusel et al., 2012), ren-
dering density estimations invalid in such cases. This step facilitates a comprehensive
understanding of the spatio-temporal variations in firn properties based on the avail-
able satellite observations. We expect that clustering the time series of satellite obser-
vations will effectively differentiate pixels experiencing melting from those unaffected.
By identifying and excluding melt-affected pixels, we can ensure the validity of density
estimations using the RF regressor described in Section 2.3.3. Additionally, to enhance
the ability of the RF regressor to capture the characteristics of various dry snow types, we
choose training samples based on the identified dry snow types. This approach enables
the representation of diverse snow types in the training dataset, improving the accuracy
of the RF regressor in estimating density across different snow types.

To cluster and distinguish the different snow types, we propose to use the anomalies
in TB and σ0

A described as follows. Since TB is strongly dependent on seasonal varia-
tions in firn temperature, the average seasonal signal is removed in the clustering pro-
cess to obtain time series anomalies that reflect the variations in temporary events such
as melt–refreeze (Nicolas et al., 2017), and density or grain size variations (Picard et al.,
2012; Champollion et al., 2013). We also derive the σ0

A anomalies due to the impact from
temperature seasonal cycles (Fraser et al., 2016). The time series anomalies are calcu-
lated by taking the 10-year average of TB or σ0

A for each day in a year, defined as T B and

σ0
A , and subtracting this averaged time series from the absolute observations for each

year, leading to TBanom = TB −T B and σ0
Aanom

= σ0
A −σ0

A . The time series anomalies of

TBanom and σ0
Aanom

are then normalised and stacked for clustering.
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The adopted clustering solution is a simple hierarchical algorithm (Ward, 1963) which
uses the normalised and stacked TBanom andσ0

Aanom
time series as input. For pre-processing,

we remove outliers in the TBanom and σ0
Aanom

time series per pixel by defining an interval
of 3 standard deviations above and below average. Then, the temporal gaps are filled
with a linear interpolation. The application of the clustering algorithm is illustrated with
an example (Figure 2.2). The clustering process starts from all clusters, each contain-
ing one pixel, and the clusters are then hierarchically grouped together based on the
similarity of features, which refers to the Euclidean distance between the normalised
and stacked TBanom and σ0

Aanom
time series of different pixels in our study (however, only

σ0
Aanom

from January 14, 2016 is used in Figure 2.2 for illustration). The grouping pro-
cess is typically represented by a dendrogram, as in Figure 2.2b. Finally, the number of
clusters is determined empirically; different numbers of clusters result in different out-
comes, as in Figure 2.2c–e. For our study where the normalised and stacked TBanom and
σ0

Aanom
time series between 2011 and 2020 are used, we select 7 clusters as the optimal

number of clusters. To provide a brief overview of the clustering result, we visualise the
time series of the mean, 20th percentile, and 80th percentile of different satellite param-
eters, together with an IMAU-FDM density for each cluster in Appendix 2.C. This allows
a comparison of the changes in satellite parameters with density variations across the
clusters and an assessment of the reliability of our study to distinguish melt zones from
dry ones.

Figure 2.2: An example of the principle of hierarchical clustering. (a) Map of σ0
Aanom

acquired on January 14,

2016 following the melt event detected by Nicolas et al. (2017); (b) dendrogram obtained from panel (a), with
low-hierarchy nodes simplified and n referring to the number of clusters; and (c)–(e) clustering results using
different numbers of clusters. Several locations mentioned in this study are labelled in panel (a). The coastline
is from Depoorter et al. (2013).
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2.3.3. DERIVING FIRN DENSITIES USING SATELLITE PARAMETERS AND RAN-
DOM FOREST REGRESSOR

Given the complex and often non-linear relationships between satellite observations
and firn density (Fraser et al., 2016), a non-linear regression model based on machine
learning is explored to relate the satellite time series to firn density. The method relies
on a certain amount of known density measurements as the training dataset, and on
the continuous satellite parameters as the trained features. We opt for a random forest
regressor as machine learning model (RF regressor hereafter) due to the simplicity and
usability (Vafakhah et al., 2022; Viallon-Galinier et al., 2023).

Ideally, in situ measurements should be used as the training dataset. However, in situ
measurements are often single measurements that lack temporally continuous observa-
tions. As our goal is to relate the satellite time series to assess spatio-temporal variations
in firn density, we adopt an alternative approach that uses the output of IMAU-FDM as
training data instead of relying on in situ data. Although this approach has the disad-
vantage of training the RF regressor on a noisy IMAU-FDM dataset, which may exhibit
spatial and temporal differences compared to actual in situ densities (e.g., biases be-
tween the model and in situ observations), we leverage the strengths of RF regression
for pattern recognition in noisy datasets. The use of multiple decision trees and random
feature selection can reduce the variance of the model and reduce overfitting, resulting
in better generalisation performance on noisy data (Hastie et al., 2008). Therefore, we ex-
pect that the RF regressor generalises on the density estimations of IMAU-FDM, which
is known to capture the spatial variation in in situ density measurements well and the
temporal variations reasonably well (Veldhuijsen et al., 2023).

The training, testing, and implementation of the RF regressor involve three main
steps:

• Training and hyperparameter tuning: a subset of IMAU-FDM densities (Subset I)
is used as the training dataset in a 5-fold cross-validation procedure: in each fold,
20 % of the training set is used for validation and 80 % for training. The goal is to
identify the configuration that achieves the best cross-validation score, indicating
the optimal set of hyperparameters for the RF regressor. Multiple models are eval-
uated, representing different combinations of hyperparameters defined for the RF
regressor (see Table 2.1).

• Testing and model evaluation: a different subset of temporally and spatially coreg-
istered SSMIS and ASCAT measurements for the given pixels (Subset II) is used as
input to the RF regressor, which has been trained on Subset I. The purpose of this
step is to evaluate the performance of the model and assess the accuracy of the RF
density estimations. Additionally, it helps to determine the importance of satellite
parameters in the predictions of the regressor.

• Antarctica-wide implementation: the satellite time series covering the entire study
area are fed into the RF regressor, which has been trained on Subset I. This step
aims to estimate densities across the entire Antarctic dry-firn region. The output
densities are then evaluated by comparing them to both the IMAU-FDM densities
and the SUMup densities.
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Table 2.1: Hyperparameter range and optimal values used to specify the random forest (RF) model.

Hyperparameter Range Optimal
value

Number of trees 50, 100, 200 100
Maximum depth of the tree 12, 15, 18 12
The minimum number of samples at a leaf
node

1, 3, 5, 7 5

The minimum number of samples to split an
internal node

2, 3, 4, 5 4

The number of features to consider when
searching for the best split

1, 3, 5 1

Both Subset I and Subset II consist of pixels randomly selected from the non-melting
pixels clustered in Section 2.3.2. Subset I contains 10 % of the non-melting pixels, and
Subset II contains 100 pixels in total. The selection ensures that the pixels from both
subsets do not overlap. The time series of each feature (X in Eq. 2.2) in each pixel cover
the period between January 1 2011, and December 31 2020 with a 10-day resolution. To
ensure consistent temporal resolution between the input features and the target IMAU-
FDM densities, the daily satellite parameters are also downsampled to the 10-day tem-
poral resolution of the IMAU-FDM firn density by selecting satellite parameters that are
acquired on the same dates as the available IMAU-FDM density, resulting in 366 samples
in total for each feature in each pixel. Finally, Subset I consists of 1,748 pixels multiplied
by 366 samples (639,768 samples in total), Subset II consists of 100 pixels multiplied by
366 samples (36,600 samples in total), and the Antarctica-wide dataset consists of 17,478
pixels multiplied by 366 samples (6,396,948 samples in total).

The RF regressor is implemented with the target variable, which is the IMAU-FDM
density at the depth selected from the correlation analysis, and the input feature X ini-
tially defined as follows:

X = (TB(19V), TB(19H), TB(37V), TB(37H), σ0
A) (2.2)

Within X , we include TB and σ0
A , as they theoretically account for variations in tempera-

ture, precipitation, and other potential climate parameters that show a potentially strong
seasonality (e.g. Champollion et al., 2013; Fraser et al., 2016).

In the testing and evaluation step, we assess the performance of the optimal RF re-
gressor. This is achieved by comparing the RF and IMAU-FDM densities of Subset II
using a scatterplot, the root-mean-square error (RMSE) and the correlation coefficient
between the RF densities and the IMAU-FDM densities. The importance of satellite pa-
rameters in the RF regressor is computed by calculating the Gini importance, which is
a measure of feature importance based on the Gini gain, i.e. impurity reduction (Strobl
et al., 2007). For each feature used to split the data, the decrease in the Gini node impu-
rity is recorded at each split, and the Gini importance is calculated as the average of all
decreases in the Gini impurity in the forest where this feature forms the split (Archer and
Kimes, 2008).

In the Antarctic-wide implementation, the optimal RF regressor is implemented to
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Table 2.2: Average temporal correlation coefficient between satellite parameters and IMAU-FDM density from
different depths.

Depth TB(19V) TB(19H) TB(37V) TB(37H) σ0
A

12 cm 0.19 0.18 0.20 0.20 -0.05
40 cm 0.24 0.23 0.20 0.19 -0.06
1 m 0.23 0.20 0.12 0.12 -0.06
2 m 0.18 0.12 0.03 0.02 -0.06
5 m 0.08 0.02 -0.07 -0.08 -0.04
10 m 0.05 0.01 -0.07 -0.07 -0.03

predict the spatial and temporal variations in firn density. These predictions are then
compared with IMAU-FDM and the SUMup densities. The spatial agreement is assessed
by comparing the temporal averages of the RF predictions, IMAU-FDM, and SUMup by
using the mean difference and the RMSEs. The temporal agreement is assessed by the
RMSE and by the correlation coefficient between the per-pixel time series of RF predic-
tions and IMAU-FDM density. We also compare the spatial patterns of the RF-predicted
densities with the ERA5 wind velocity as it is a potential driver for spatial variation in firn
density, especially for the uncertainties in IMAU-FDM. Finally, we illustrate this tempo-
ral agreement by showing time series over four pixels that show representative differ-
ences between RF and IMAU-FDM densities (locations visualised in Figure 2.4).

In addition, since satellite parameters may exhibit a certain level of correlation with
densities in the long term (Fraser et al., 2016), we also conduct a linear regression (LR)
process, which fits a linear function between X and the target density. The RMSE and
correlation coefficient between the LR-obtained density and the IMAU-FDM density are
also used to assess the advantages and drawbacks of RF.

2.4. RESULTS

2.4.1. CORRELATION BETWEEN SATELLITE PARAMETERS AND FIRN DENSITY

The temporal correlation between satellite parameters and the average density from the
upper x m depth (x refers to 12 cm, 40 cm, 1 m, 2 m, 5 m and 10 m) is calculated per
pixel, and the spatial average of the correlation coefficient is summarised in Table 2.2.
The results show that on average, the maximum absolute correlation coefficient can be
obtained at 40 cm depth. The correlation between density and TB at 19 GHz frequency
drastically decreases at 5 m, and the correlation between density and TB at 37 GHz fre-
quency largely decreases at 2 m, similar to the penetration ability from Surdyk (2002).
The correlation between densities and σ0

A is constantly negative, and the absolute cor-
relation coefficient is constantly low; however, it also demonstrates a slight decrease as
the depth increases from 2 m to 10 m, showing a certain degree of sensitivity. Despite
the low correlation, however, our study still includesσ0

A due to the long-term correlation
derived by Fraser et al. (2016).

The lack of spatial and temporal consistency between satellite and density is illus-
trated in Figure 2.3, which shows the pixel-wise temporal correlation of each satellite
parameter with the 40 cm density in IMAU-FDM. All TB channels generally show a pos-
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Figure 2.3: Map of temporal correlation calculated per pixel between 40 cm IMAU-FDM density and (a) bright-
ness temperature (TB) from 19 GHz vertical polarisation, (b) TB from 19 GHz horizontal polarisation, (c) TB
from 37 GHz vertical polarisation, (d) TB from 37 GHz horizontal polarisation, and (e) backscatter intensity
(σ0

A ). The coastline is from Depoorter et al. (2013).
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itive correlation with ρ40cm in East Antarctica but a negative correlation in parts of West
Antarctica and many coastal regions. The negative correlation in coastal regions can be
attributed to melt, as shown in the masked-out regions in Figure 4 of Picard et al. (2012).
The correlation between ρ40cm and σ0

A is generally low, except for the region next to the
Ross Ice Shelf (location shown in Figure 2.2a), where the correlation coefficient can be
up to 0.75.

Overall, this correlation analysis indicates that the relationship between satellite pa-
rameters and firn density is complex and that simple linear relationships may not ade-
quately describe the IMAU-FDM density based on different satellite parameters. There-
fore, non-linear approaches such as the RF regressor should be employed to assess the
potential of relating the IMAU-FDM firn density to various satellite parameters (Vafakhah
et al., 2022; Anilkumar et al., 2023).

2.4.2. FIRN-TYPE CLUSTERS

Figure 2.4: Clustering results from the combination of normalised TB and σ0
A after removing the seasonal

trend. Triangles show the locations where temporal assessment per pixel is performed. The coastline is from
Depoorter et al. (2013).

Figure 2.4 shows the map of clusters derived from time series of the combined satel-
lite parameters, where each cluster represents a natural grouping of pixels with similar
satellite time series behaviour. The map shows that four large clusters (referred to as
firns 1–4) cover the dry-firn interior of Antarctica, with firns 1–3 in East Antarctica and
firn 4 in West Antarctica. Firn 5 is a cluster in West Antarctica close to the Ross Sea which
corresponds to the region that showed a strong melt event in January 2016 (Nicolas et al.,
2017), while firn 6 and firn 7 show small regions near the coastline in East Antarctica and
West Antarctica, respectively that also show clear melting signals (details shown in Ap-
pendix 2.C).

2.4.3. ASSESSMENT OF RF DENSITIES AT SAMPLE PIXELS

Figure 2.5a presents the results of the RF regressor for estimating firn densities based
on satellite parameters. It demonstrates that the non-linear multivariate approach of
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Figure 2.5: (a) Density comparison between RF densities and IMAU-FDM densities at sample pixels referred to
as Subset II, with the colour of each point showing the density distribution of points; the colour bar is in log-
arithmic scale. (b) RF feature importance of different input satellite parameters. (c) The temporally averaged
difference between IMAU-FDM and RF densities at the pixels, visualised on top of the map of the difference
between the summer (vsmr ) and winter wind velocity (vwnt ) from ERA5. The coastline is from Depoorter et al.
(2013).

the RF regressor captures the spatial variations in IMAU-FDM density, exhibiting a lin-
ear relationship between IMAU-FDM and RF densities with a slope of 0.86. The RMSE
is 19.23 kg m−3, and the correlation coefficient between the estimated and training den-
sities is 0.67. Moreover, the RF regressor performs most ideally between approximately
325 kg m−3 and 375 kg m−3, whereas it fails to capture the large densities, as no RF es-
timate exceeds 410 kg m−3, which can partially be due to a well-known extrapolation
problem intrinsic to the RF regression (Hengl et al., 2018). The RF densities also exhibit
an overestimation when the IMAU-FDM density is lower than 325 kg m−3. The pixels
with large overall underestimation (in dark red) and overestimation (in dark blue) of RF
is also visible in Figure 2.5c. In general, the large underestimation of RF occurs in the
coastal regions of East Antarctica, where the winter wind velocity largely exceeds the
summer wind velocity (by approximately 3 m s−1). The large overestimation of RF oc-
curs along the Transantarctic Mountains, where the topography is more complex, intro-
ducing strong surface scattering instead of volume scattering. The feature importance
provided by the Gini impurity index (Figure 2.5b) shows the ranked importance of satel-
lite parameters in the predictive performance of the model, indicating that the vertical
polarisation of TB is dominant in predicting ρ40cm. The higher importance of 19 GHz
is also clearly visible in the temporal correlation coefficients in Figure 2.3. We attribute
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the high importance of σ0
A to the fact that it can be influenced by other parameters that

have an impact on dry-snow scattering properties, such as wind and precipitation; the
mechanism may not necessarily be linear, but rather complex (Fraser et al., 2016).

2.4.4. SPATIAL ASSESSMENT OF RF DENSITIES

Figure 2.6: Maps of (a) temporally averaged IMAU-FDM 40 cm densities, (b) temporally averaged RF densities,
and (c) the difference between averaged IMAU-FDM densities and RF densities (F DM −RF ). Differences be-
tween the modelled or estimated densities and the SUMup densities are shown in scattered points in panels
(a) and (b) as FDM-SUMup or RF-SUMup. Panels (a) and (b) share the same colour bar, in which blue–red
shows the difference between the IMAU-FDM or RF densities and the SUMup densities (ρ40cm − SU Mup)
and green–light blue shows the IMAU-FDM or RF densities (ρ40cm). The coastline is from Depoorter et al.
(2013). Panel (d) shows the relationship between IMAU-FDM or RF densities and SUMup densities. The sizes
of the scattered points indicate the time difference between the SUMup measurements and the year 2020, and
the colour shows the difference in depth between IMAU-FDM or RF measurements (both fixed at 40 cm) and
SUMup measurements (dρ −dSUMup).

In Fig 2.6, the temporally averaged RF density estimates and their differences relative
to IMAU-FDM densities at the 40 cm depth and SUMup in situ densities are presented.
The comparison in Figure 2.6c shows that temporally averaged RF density estimations
are in general larger than temporally averaged IMAU-FDM density in interior regions
of Antarctica except for megadune regions, whereas they are lower towards coastal re-
gions. The RMSE between the IMAU-FDM and RF averages (referred to as FDM-RF) is
17.30 kg m−3 and the mean FDM-RF difference is −0.40 kg m−3. An overestimation of
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Figure 2.7: Maps of (a) the root-mean-square error (RMSE) between IMAU-FDM 40 cm densities and RF densi-
ties, (b) the correlation coefficient between IMAU-FDM 40 cm densities and RF densities, (c) root-mean-square
error (RMSE) between IMAU-FDM 40 cm densities and LR densities, (d) the correlation coefficient between
IMAU-FDM 40 cm densities and LR densities, and (e) the difference between the summer (vsmr ) and winter
(vwnt ) wind velocity from ERA5. (f) Scatterplot of the density difference between IMAU-FDM and RF versus
the difference between summer and winter wind velocities, coloured by the density distribution of points. The
coastline of the maps is from Depoorter et al. (2013).
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RF is most pronounced in West Antarctica close to Vinson Massif (location shown in Fig-
ure 2.2a), which possibly corresponds to the overestimation in Figure 2.5a. Meanwhile,
the comparison with the SUMup densities shows that RF and IMAU-FDM densities have
comparable error patterns. The RMSE of FDM-SUMup is 59.17 kg m−3, and the mean
of FDM-SUMup bias is 23.92 kg m−3; the RMSE of RF-SUMup is 62.22 kg m−3, and the
mean of RF-SUMup is 26.46 kg m−3. This shows a general overestimation and a large
bias of both the IMAU-FDM and the RF model when validated with the SUMup mea-
surements. In Figure 2.6d, it can be observed that neither IMAU-FDM nor RF manages
to follow the large SUMup dynamics. This difference between models and in situ mea-
surements can be attributed to the temporal discrepancies between the measurements
and the IMAU-FDM and satellite observations and to the IMAU-FDM model errors or
uncertainties that can also be learned by the RF regressor.

Aided by Figure 2.7, we then analyse the temporal distribution of the offsets be-
tween the IMAU-FDM densities and the RF densities in more depth. Figure 2.7a gen-
erally shows a low RMSE between IMAU-FDM and RF densities in high-elevation re-
gions of East Antarctica and part of West Antarctica. The errors increase towards the
coastal regions. The low correlation coefficients in Figure 2.7b indicate a low temporal
agreement between IMAU-FDM and RF densities. Furthermore, the correlation coeffi-
cients are generally positive: high correlation coefficients (≥ 0.5) can mainly be observed
in high-elevation regions of East Antarctica (except for megadune regions; Fahnestock
et al., 2000) and a part of West Antarctic Peninsula. The regions with high correlation
coefficients also mainly correspond to regions with high correlation coefficients (≥ 0.5)
in Figure 2.3a, with parts of West Antarctica as an exception, which generally matches
the observation in Figure 2.5 where TB(19V) has the highest importance. The tempo-
ral mismatch and low correlation between IMAU-FDM and RF may be in part due to
the modelling errors of IMAU-FDM. The density changes that are not modelled by the
IMAU-FDM but affect the satellite observations are expected to degrade the quality of
the RF regressor. The satellite data might be affected by other climate parameters that are
not included in the IMAU-FDM model. The comparison with LR density shows that RF
largely outperforms LR in terms of RMSE, especially in the interior of the ice sheet. While
the average correlation coefficient is comparable between RF and LR, RF outperforms
LR in high-elevation regions of East Antarctica, and performs worse in the megadune re-
gions. By assessing the temporal agreement (mainly correlation coefficients) with ERA5
wind velocity (Figure 2.7d and e), we can learn that a high temporal correspondence is
spatially correlated with a small wind velocity difference (>−2.5 m s−1) between Antarc-
tic summer (October–March) and winter (April–September). However, despite the small
wind velocity difference and a relatively high temporal correspondence, the RMSE be-
tween IMAU-FDM and RF is high in regions close to Vinson Massif and along the Transantarc-
tic Mountains (locations shown in Figure 2.2a), indicating uncertainties potentially in-
troduced by topography, and this has an impact on coarse-resolution satellite data. Fi-
nally, a potential usability of the RF regression at other depths persists; therefore a com-
parison between the performance of RF at different depths is provided in Appendix 2.D.
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Figure 2.8: Comparison between time series of IMAU-FDM densities (in blue) and RF densities (in orange)
at four representative sample points and Dome C. Panels (a)–(d) correspond to A–D labelled in Figure2.4. The
RMSE and correlation coefficient (corr_coef) between the IMAU-FDM densities and the RF densities are shown
above each figure.

2.4.5. TEMPORAL ASSESSMENT OF RF DENSITIES AT RANDOM PIXELS

In Figure 2.8, individual pixels are inspected to assess the temporal differences between
IMAU-FDM and RF densities. Pixel A shows a low RMSE and a low correlation. Pixel
B shows a relatively low RMSE but a negative correlation. Pixel C shows a reasonable
correlation coefficient, but a large bias. Pixel D shows the overall most ideal RF perfor-
mance. From the time series, it is apparent that the RF density estimations generally
exhibit a stronger and more consistent seasonal cycle compared to the IMAU-FDM den-
sities, which display a less consistent seasonal pattern with stronger inter-annual vari-
ations. This discrepancy explains the relatively low correlation coefficients, as only the
pixels with similar seasonal cycles to the satellite observations (e.g., panels C and D) ex-
hibit a higher correlation between the two datasets.

2.5. DISCUSSION
In this study, we developed an approach to estimate Antarctic firn densities using satel-
lite radiometer and scatterometer observations using an RF regressor and IMAU-FDM
density outputs as reference data. Our study is based on the complexity of the relation-
ship between satellite observations and firn density: despite a theoretical impact of sur-
face climate conditions, such as temperature, wind, and precipitation on both satellite
parameters and firn density at a shallow depth (Fraser et al., 2016), the lack of a consis-
tent linear relationship was evident in the examination of the individual satellite obser-
vations, as the highest mean temporal correlation between satellite observations and the
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40 cm IMAU-FDM firn density is 0.24.

Our study first adopted an unsupervised machine learning method (hierarchical clus-
tering) to distinguish dry-snow zones from zones that experienced melt as a preparation
step to the density estimation using the random forest (RF) regressor. In contrast to Tran
et al. (2008), our study could distinguish melt occurrences, possibly based on the abrupt
rise in TB during melt (Johnson et al., 2020) and the σ0

A rise due to ice-layer formation
following melt events (Trusel et al., 2012). However, in some coastal regions in East
Antarctica, our clustering method may be less sensitive to melt compared to Brucker
et al. (2010) and Picard et al. (2012), resulting in more dry-snow pixels. Among dry-
snow zones, firn 1 consists of the most interior regions and is hence characterised by
the smallest variations in satellite parameters and is overall the most stable, whilst firn
4 is located in West Antarctica and is hence the least stable with the largest variations in
satellite parameters. The main difference between firn 2 and firn 3 is characterised by a
larger σ0

Aanom
variation in firn 2; the spatial separation between the two clusters resem-

bles Figure 4 in Stokes et al. (2022), in which the region overlapping with firn 2 tends to
lose mass, while the region overlapping with firn 3 tends to slightly gain mass. Therefore,
we infer that this result might indicate that firn 2 has less stable conditions than firn 3.

To address the non-linear and complex nature of the relationship between satellite
parameters and firn density, we employed an RF regressor model. This model allowed
us to incorporate multiple input parameters and handle non-linear relationships effec-
tively. The implementation of the RF regressor successfully reproduced the spatial pat-
tern of the IMAU-FDM density, achieving a low RMSE of 14.92 kg m−3, which outper-
forms the RMSE of a simple LR model (17.87 kg m−3). This highlights the potential of
using satellite parameters to create a map of long-term mean densities, matching the
conclusion of Fraser et al. (2016), who managed to reconstruct one of the satellite obser-
vations (σ0

A) using climate and firn parameters in the long term.

However, it is important to note some limitations and discrepancies in the RF den-
sity map. We observed a slight overestimation of densities in the interior of the Antarctic
ice sheet, coupled with an underestimation towards the coastal regions, when compared
to the IMAU-FDM densities. This discrepancy may arise from the inability of the RF re-
gressor to extrapolate beyond the training data, leading to the restricted density range in
the RF density map (maximum density of ≤ 450 kg m−3). Furthermore, when compar-
ing the RF and IMAU-FDM densities with the in situ SUMup measurements, we found
comparable errors. Similar errors were reported by Keenan et al. (2021), who attributed
them to local meteorological phenomena not captured by climate models and possi-
ble measurement uncertainties. These factors, which are not explicitly accounted for
in the IMAU-FDM model or the RF regressor trained on that dataset, may contribute to
the discrepancies observed. Finally, our combination of satellite parameters cannot be
used to assess densities at depths deeper than approximately 80 cm. This limitation is
first because of the theoretical penetration depth as shown in Appendix 2.A: a depth ex-
ceeding 80 cm is physically not meaningful for the 37 GHz microwave. Another reason
for this limitation is that our study is based on the assumption that the surface climate
conditions can affect both shallow-depth firn densities and satellite parameters simul-
taneously (Fraser et al., 2016). Firn densities at larger depth are not largely affected by
surface conditions, hence our combination of satellite parameters is not applicable, even
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if 19 GHz and C-band microwaves have a theoretical penetration depth larger than 5 m
(as shown in Appendix 2.D). Finally, C-band microwaves are more sensitive to surface
roughness than to densities at larger depths (as shown in Appendix 2.A).

While the RF regressor successfully captures the spatial variability in the long-term
mean density, it falls short in accurately predicting the temporal variation in IMAU-FDM,
particularly in coastal regions and megadune areas. Apart from the aforementioned po-
tential underestimation of melt pixels of our clustering method in coastal regions, the
temporal discrepancies between the RF regressor and IMAU-FDM can be attributed to
the differences in seasonal patterns and the presence of complex climate conditions near
the ice shelves. Coastal regions, characterised by large negative differences in wind ve-
locity between summer and winter, exhibit larger temporal discrepancies. These find-
ings suggest that IMAU-FDM may not capture the seasonal cycle of fresh snow density
in these regions with high wind speeds during winter. The simplicity of how the density
of freshly fallen snow is calculated within IMAU-FDM, assuming linear dependencies
with wind speed and surface temperature (Veldhuijsen et al., 2023), fails to account for
the intricate processes involving crystal size, shape, and riming, which are influenced by
temperature and wind speed conditions (Judson and Doesken, 2000). The dependence
of fresh snow density on wind speed may differ under various temperature conditions,
which contributes to the discrepancies observed.

In summary, the RF regressor trained using IMAU-FDM and satellite parameters demon-
strates promising results in capturing the spatial pattern of firn density. However, it may
not fully capture the temporal fluctuations of IMAU-FDM, primarily due to the dom-
inant influence of surface temperature (represented by TB) in the RF estimation. The
effects of precipitation (e.g. represented by changes in σ0

A ; Fraser et al., 2016), and wind
velocity (e.g. documented by Champollion et al., 2013) are therefore potentially com-
promised in the RF model. Additionally, the discrepancy between the meteorological
forcing in the IMAU-FDM model and the actual meteorological phenomena can also
play a role. The meteorological phenomena can affect the satellite parameters, which in
turn influence the RF results, but may not be reflected in the IMAU-FDM output. Our
approach of training the RF regressor on IMAU-FDM, which may exhibit spatial and
temporal differences compared to actual in situ densities, can therefore be considered a
major shortcoming. This limitation should be taken into consideration when interpret-
ing the RF density estimations. Future research could benefit from incorporating more
in situ measurements for training the RF regressor, which would improve the accuracy
of the temporal density estimates. Furthermore, care should also be taken when using
the coarse-resolution IMAU-FDM and satellite data to represent the local firn densities.
The firn property variation may be small in pixels with relatively flat topography such as
Dome C (Picard et al., 2014). However, towards the coastal or mountainous regions, the
ability of such coarse resolution to represent firn densities could be compromised, as
a mismatch between the local meteorological phenomena, the satellite parameters and
the modelled densities can be introduced. Indirect correlations between different layers
of firn should also be considered when applying data fusion of multiple microwave fre-
quencies. Additionally, exploring alternative machine learning algorithms, neural net-
works or ensemble approaches may further enhance the performance of density esti-
mation and capture the complex relationships between satellite observations and firn
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density, as assessed by Santi et al. (2012b) and Anilkumar et al. (2023). Finally, our study
only demonstrated a simple approach in understanding the long-term correlation be-
tween firn density and satellite parameters, based on climate conditions that potentially
affect them (Fraser et al., 2016). However, due to the different penetration abilities of dif-
ferent microwave frequencies (Surdyk, 2002) at different locations (Picard et al., 2009),
future research can benefit from a more quantitative assessment regarding the extent
to which the penetration depths and other climate parameters affect the results. Better
parametrisation of satellite observations which can indicate the variation in firn depth
(Santi et al., 2012a; Michel et al., 2014) and the formation and disappearance of surface
and depth hoar-crystal (Champollion et al., 2013) can also be adopted.

Despite the limitations and discrepancies observed, the RF density map generated
in this study can serve as an important intermediate step in translating satellite data
into density estimations. It provides valuable insights into the discrepancy between firn
models and satellite observations, shedding light on the complexities of the relationship
between satellite parameters and firn density. The RF regressor captures the long-term
mean density pattern, offering a useful tool for investigating spatial variations in firn
density across Antarctica. However, it is essential to exercise caution when interpreting
the temporal variations, particularly in coastal regions with complex climate conditions.
Our study is also mainly limited to firn densities at shallow depths where the climate
phenomena have a large impact; it cannot indicate the actual scattering of firn grains, as
a more complicated mechanism persists (Picard et al., 2022).

Further improvements can be made to enhance the accuracy of the RF regressor in
capturing the temporal variations in firn density. This could involve refining the training
data and incorporating additional meteorological parameters that influence the satellite
observations, as also suggested by Kar and Aksoy (2024). By better accounting for the
effects of precipitation and wind velocity on the satellite parameters, the RF regressor
could potentially capture a more accurate representation of the temporal dynamics of
firn density. Furthermore, advancements in the parametrisation of fresh snow density
within firn models, considering the complex processes driven by temperature and wind
speed conditions, could help bridge the gap between model predictions and satellite
observations. Finally, as the performance of the machine learning method varies based
on different meteorological phenomena and topography, it can also be recommended
for further studies to apply different parametrisations for different regions or test other
machine learning methods.

2.6. CONCLUSION
In conclusion, this study demonstrates the potential of using multiple satellite obser-
vations to estimate Antarctic firn densities, with the IMAU-FDM densities serving as a
reference. Our findings highlight several key points. Firstly, while satellite observations
exhibit a certain level of spatial correlations with firn densities, a consistent linear re-
lationship cannot be established. The correlations between ρ40cm and satellite param-
eters, particularly TB, indicate the potential influence of firn density on variations in
satellite observations.

Secondly, the impact of firn melt and refreeze on satellite observations is signifi-
cant. Temporal anomalies in satellite parameters can be adopted to differentiate be-
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tween wet- and dry-firn regions. Clustering of satellite observation time series helps to
identify melt extents and assess the temporal correlation with densities at the cluster
level. Notably, the scattering impact of refrozen melt layers is reflected in prolonged el-
evated σ0

A anomalies. However, in dry-snow clusters, the correlation between densities
and satellite observations is not evident.

Based on these complexities, a non-linear model, such as the random forest (RF)
regressor, is necessary to capture the relationship between firn densities and satellite
observations. Our implementation of the RF regressor successfully reproduces the spa-
tial pattern of firn densities, exhibiting good agreement with IMAU-FDM and even out-
performing it in certain locations when compared with SUMup density measurements.
However, the temporal simulation of densities by the RF regressor is compromised. In-
dividual pixel analyses reveal that the RF densities tend to overlook the inter-annual
variations in firn densities when the variations in satellite observations are not in phase
with IMAU-FDM densities. In coastal regions, where satellite signals with strong vari-
ability dominate, the RF densities are not directly comparable to IMAU-FDM densities.
These temporal discrepancies can be attributed to the simplifications in the IMAU-FDM
model, particularly in capturing wind and temperature dependencies that strongly influ-
ence satellite observations. Furthermore, limitations of the RF regressor, including the
inability to extrapolate from the training dataset and its strong dependence on bright-
ness temperatures, result in a limited range of density estimation and primarily reflect
surface temperatures.





APPENDICES

2.A. SENSITIVITY OF MICROWAVES TO CHANGES IN FIRN PROP-
ERTIES AT DIFFERENT DEPTHS

Table 2.A.1: Firn properties adopted from Larue et al. (2021), including geographical coordinates, annual tem-
perature, vertically averaged density, and vertically averaged specific surface area (SSA) at different locations.

Name Latitude
(◦)

Longitude
(◦)

Temperature
(◦C )

SSA
(m−2 kg−1)

Density
(kg m−3)

charcotA -69.38 139.02 -37.9 12.0 433
ago5E -77.24 123.48 -54.4 7.4 361
paleoE -79.85 126.20 -50.5 7.7 392

For setting up the experiment, it is important to understand up to which depth differ-
ent microwave frequencies can indicate firn properties. This appendix presents a simple
sensitivity analysis using SMRT, where densities and grain sizes at different depths of the
firn are varied, and the impact of changes in firn properties onσ0

A and on TB is presented.
The initial state is a firn layer with a 20 m thickness, composed of small internal layers
of 40 cm. The density and grain size are changed by 50 kg m−3 and 0.5 mm, respectively.
The changes are applied to one layer at a time. The sensitivity can also vary per location;
therefore we adopt the field measurements in East Antarctica from Larue et al. (2021)
to define the initial density, temperature, and grain size. The locations and parameters
are summarised in Table 2.A.1. For the implementation of SMRT, we use a sticky hard
spheres microstructure model represented by the grain radius and a stickiness parame-
ter (Picard et al., 2018). The grain radius is derived from SSA with

r = 3×2.3

SS Aρi ce
(2.3)

where ρi ce = 917 kg m−3 (Larue et al., 2021). The stickiness is defined as 0.2 for all loca-
tions (Picard et al., 2018, 2022). For solving the radiative transfer equation, SMRT uses
the discrete ordinate and eigenvalue (DORT) method, and the empirical electromagnetic
theory we adopt is the improved Born approximation (IBA) (Mätzler, 1998). The simu-
lated results are shown in Figure 2.A.1, where the changes in σ0

A and TB with respect to
the original state are presented. In general, the sensitivity of both σ0

A and TB decreases
with an increasing depth. Respectively, 19 GHz and 37 GHz are sensitive up to 6–10 m
and 0.8–1 m. However, the variation in σ0

A is below 1 dB (the radiometric uncertainty;
Schmidt et al., 2018), indicating that the C-band may not be sufficiently sensitive to vol-
ume scattering. Therefore, we consider the effect of surface scattering, which can be
modelled by SMRT using the Integral Equation Method (IEM) (Fung et al., 1992). Apply-
ing the IEM requires the snow surface to be defined by the surface roughness expressed
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Figure 2.A.1: Change in σ0
A and TB as a function of the depth of the layer whose density and grain size are

changed.

Figure 2.A.2: Change in C-band σ0
A when the surface roughness (expressed as root-mean-square heights; rms)

is changed. The dashed line indicates when the sensitivity exceeds 1 dB.
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as root-mean-square (rms) heights and correlation length (Larue et al., 2021). In this
experiment, we fix the correlation length to 0.1 cm and vary the surface roughness be-
tween 0 and 1 cm. The sensitivity of σ0

A to surface roughness is shown in Fig. 2.A.2,
where the change in σ0

A indicates the difference between an increased surface rough-
ness and a smooth surface. For all tested locations, σ0

A shows a reduction that exceeds
1 dB when surface roughness increases by 0.7 cm, indicating a sufficient sensitivity to
surface roughness. Typically, the changes in surface roughness are related to both wind
patterns and surface firn density. Therefore, for the setting of our study, an optimal range
to assess firn densities should be chosen between the surface and a depth of 80 cm.

2.B. TEMPORALLY AVERAGED SATELLITE PARAMETERS AND DEN-
SITY FROM IMAU-FDM

Figure 2.B.1 displays the averaged maps of satellite parameters and ρ40cm. This figure
aims to demonstrate an overview of the spatial patterns of the data applied in this study.
The figure shows that, although all satellite parameters reflect some of the spatial pat-
terns of firn density, none of the parameters shows a spatially consistent relation with
ρ40cm. For example, in high-elevation regions of East Antarctica, firn densities show sim-
ilar spatial patterns to TB and reversed spatial patterns of σ0

A . However, these patterns
are not consistently observed in West Antarctica, along the Transantarctic Mountains
(location shown in Figure 2.2a), and in firn 5 (Figure 2.4), where a significant melt event
in 2016 affected the satellite observations (Nicolas et al., 2017).

2.C. TIME SERIES OF CLUSTERING RESULTS
This appendix presents the time series of different clusters following Sect. 2.3.2. Figure
2.C.1 presents the time series of the mean and 20th–80th percentiles of each parameter
for each cluster, with panels (a)–(g) corresponding to clusters 1–7, respectively. Firns 1–
4 exhibit small and short-term variations in TBanom and σ0

Aanom
; the extent of variations

differs between different clusters. Firn 1 has the smallest variations in TBanom and σ0
Aanom

,
which are within ±5 K and ±0.25 dB, respectively. Firn 2 and firn 3 have a TBanom between
−5 K and 10 K; however, firn 2 has a σ0

Aanom
within ±1 dB, while Firn 3 has a σ0

Aanom
within

±0.5 dB. Firn 4 is characterised by a TBanom variation within ±10 K and a σ0
Aanom

variation
within ±0.5 dB.

On the contrary, firns 5–7 all show large and abrupt variations in TBanom and σ0
Aanom

,
mainly as a result of melt events (e.g. Nicolas et al., 2017) that drastically change absorp-
tion, emission and scattering of microwave radiation and thus the TBanom and σ0

Aanom
.

The effects of these melt events are also evident in the time series of the IMAU-FDM
densities, as the abrupt changes in firn density are associated with the occurrence of
melt events (Amory et al., 2024). For example, this can clearly be seen in the time series
of firn 5, where the melt event of 2016 shows a prolonged effect on the σ0

Aanom
time series

due to the formation of a sub-surface refrozen high-density layer in IMAU-FDM. The
high-density layer is detected by the scatterometer with stronger snow-penetrating ca-
pability. In IMAU-FDM, this high-density layer also appears in ρ40cm, where it increases
by approximately 100 kg m−3. The comparison of all clusters highlights the dominant
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Figure 2.B.1: Temporally averaged map of (a) brightness temperature (TB) from 19 GHz vertical polarisation,
(b) TB from 19 GHz horizontal polarisation, (c) TB from 37 GHz vertical polarisation, (d) TB from 37 GHz
horizontal polarisation, (e) backscatter intensity (σ0

A ), and (f) 40 cm IMAU-FDM density (ρ40cm). Panels (a)–
(d) are acquired or derived parameters from SSMIS, and panel (e) is derived from ASCAT. The coastline is from
Depoorter et al. (2013).
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influence of melt events on TBanom and σ0
Aanom

in the wet-firn pixels, whereas the dry-firn
pixels exhibit a more pronounced seasonal variation in satellite parameters. It is impor-
tant to note that the wet-firn clusters are not used in the following RF steps due to the
complex impact of the melt–refreeze cycle on satellite observations.

Figure 2.C.1: Time series of the mean (curves) and 20th–80th percentiles (shaded areas) of the clustering results
in Figure 2.4, with panels (a)–(g) corresponding to firns 1–7. The visualised satellite observations are as follows:
time series anomalies of brightness temperature (TB) from 19 GHz and 37 GHz, both horizontal and vertical
polarisation (TBanom (19V), TBanom (19H), TBanom (37V), and TBanom (37H), respectively), time series anomalies

of backscatter intensity (σ0
Aanom

), and IMAU-FDM density at 40 cm (ρ40cm) depth. The colours of the curves

correspond to the legends in panel (g).

2.D. RF PERFORMANCE WITH VARYING DEPTH
In this section, we demonstrate the impact of the depth on the performance of RF. The
result shows that, as the depth increases, the mean correlation coefficient decreases.
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Figure 2.D.1: Maps of root-mean-square error (RMSE; upper panel) and correlation coefficients (lower panel)
at different depths. The coastline is from Depoorter et al. (2013).

Table 2.D.1: Average temporal correlation coefficient between IMAU-FDM near-surface density (4 cm) and
IMAU-FDM density at deeper depths.

Depth 12 cm 40 cm 1 m 5 m
4 cm 1.00 0.73 0.36 0.10

Moreover, the reduction in correlation coefficients first occurs in the megadune regions;
this observation corresponds with e.g. Picard et al. (2009), who modelled and demon-
strated that the penetration depth of 19 GHz is compromised in these regions. When we
apply the RF regressor at 5 m density, the RMSE is the highest and the correlation is the
lowest, showing most compromised performance. Since our study is based on the im-
pact of surface climate conditions on firn depth, similar performances can be obtained
at different depth due to similar impacts from surface climate conditions. We present
in Table 2.D.1 the correlation coefficients between IMAU-FDM near-surface density (at
4 cm depth) and density at different depths, and we show that this correlation decreases
with increasing depths. Therefore, the explanations for different performances in Fig-
ure 2.D.1 can be as follows: (i) the temporal variation in deeper firn layers is not as
sensitive as the upper firn layers and the satellite parameters to climate conditions on
the surface, (ii) the penetration ability of 37 GHz and 19 GHz largely decreases with firn
depths, and (iii) there are biases in IMAU-FDM. This experiment depicts the limitation
of our approach, as our combination of satellite parameters is mostly sensitive to surface
temperature and potentially to wind patterns and precipitation on the surface; therefore,
it is not indicative of properties of deeper firn layers, although they should be within the
radar penetration depths (Rott et al., 1993; Surdyk, 2002). Further studies are therefore
encouraged to incorporate better parametrisation of satellite data.
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3
A LEADING-EDGE-BASED METHOD FOR

CORRECTION OF SLOPE-INDUCED ERRORS

IN ICE-SHEET HEIGHTS DERIVED FROM

RADAR ALTIMETRY

Satellite radar altimetry has been an important tool for cryospheric applications such as
measuring ice-sheet height or assessing anomalies in snow and ice properties (e.g. the
extensive melt in Greenland in 2012). Although accurate height measurements are key for
such applications, slope-induced errors due to undulating topography within the kilometre-
wide beam-limited footprint can cause multi-metre errors. In this study, a leading edge
point-based (LEPTA) method is presented that corrects for the slope-induced error by in-
cluding the leading edge information of the radar waveform to determine the impact
point. The principle of the method is that only the points on the ground that are within
the range determined by the beginning and end of the leading edge are used to determine
the impact point. The LEPTA method demonstrates a stable performance both in the flat,
interior regions of Greenland and in regions with more complex topography. It also has
good performance in both the median or the median absolute deviation when compared
with existing methods. Based on that, we recommend considering LEPTA for obtaining
accurate height measurements with radar altimetry data, especially towards the margins
of the LRM coverage where the surface slopes increase; we also adopt LEPTA for further
studies on assessing snow and ice properties.

3.1. INTRODUCTION
Satellite radar altimetry is a key tool for assessing the status and dynamics of the cryosphere
as it allows constructing digital elevation models (DEMs) (Slater et al., 2018), deriving
height change in ice sheets (Hurkmans et al., 2012; Helm et al., 2014a), understanding
seasonal variations in snow (Adodo et al., 2018), and estimating snowpack properties

This chapter has been published as Li, W., Slobbe, C., and Lhermitte, S.: A leading-edge-based method for
correction of slope-induced errors in ice-sheet heights derived from radar altimetry, The Cryosphere, 16,
2225–2243, https://doi.org/10.5194/tc-16-2225-2022, 2022. Minor changes have been made to
correct for typographical errors and to improve consistency.
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(Lacroix et al., 2008). To obtain accurate information on heights, altimetry processing
involves correction for instrument errors, atmospheric effects, tidal effects, and slope-
induced errors (Helm et al., 2014a; Hai et al., 2021). Of crucial importance is the cor-
rection for slope-induced errors as they can affect the obtained height measurements
significantly. For example, according to the error propagation in Brenner et al. (1983),
the CryoSat-2 satellite at an altitude of 717 km can give a vertical offset of approximately
39 m and a horizontal offset of 7.5 km when measuring heights of a terrain with a 0.6◦
slope.

To correct for the slope-induced errors, different methods have been developed (Bren-
ner et al., 1983; Remy et al., 1989; Bamber, 1994; Roemer et al., 2007). The most widely
used methods involve both a correction to the height and a relocation of the satellite
measurement location from the nadir to the expected impact point (i.e. the radar reflec-
tion point) on the terrain. Two implementations of this so-called "relocation method"
are known as the "slope" method and the "point-based" method (Bamber, 1994; Roe-
mer et al., 2007). The slope method assumes constant surface slope parameters within
the beam-limited altimeter footprint and calculates the relocated latitude, longitude,
and height according to trigonometry (Levinsen et al., 2016). The point-based method
uses a topographic model within the beam-limited satellite footprint and searches for
minimum range between the satellite and a surface area in the size of the pulse-limited
footprint (Roemer et al., 2007; Levinsen et al., 2016).

Although both methods have been refined and applied with reliable results, they
both show methodological shortcomings. The slope method, for example, tends to ig-
nore the local topography within the footprint and therefore may not be accurate enough
in undulating areas (Levinsen et al., 2016). The point-based method of Roemer et al.
(2007), on the other hand, is more accurate in the undulating regions (Roemer et al.,
2007; Levinsen et al., 2016) as it considers the detailed topography, but by assuming a
fixed footprint size, it neglects the actual footprint illuminated by the satellite on the
terrain. For example, by taking the averaged range within the assumed footprint, this
method may ignore part of the terrain that actually contributes to the return signal or
assumes that part of the terrain not visible to the satellite could contribute to the return
signal (Figure 1). The recent availability of high-resolution DEM products provides the
opportunity to determine the part of the terrain contributing to the rise of the leading
edge and therefore can determine the actual footprint of the radar altimeter. To over-
come the shortcomings of both methods, we present a leading edge point-based (LEPTA)
method that exploits high-resolution DEM information to correct for the slope-induced
error by including the leading edge information of the radar waveform to determine the
impact point. The principle of the method is that only the points on the ground that are
actually within the range interval determined by the beginning and end of the leading
edge are used to compute the impact point.

The chapter is organised as follows. Section 3.2 describes the data used for radar
altimetric processing and assessment of the results. In Section 3.3, the different meth-
ods used for the correction of the slope-induced errors as well as the assessment work-
flow are introduced. To assess the performance of the LEPTA method, we apply it to all
CryoSat-2 Low Resolution Mode (LRM) acquisitions over Greenland in 2019 and bench-
mark it to the slope and point-based methods by comparing it with laser altimeter ICESat-
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2 height measurements. In Section 3.4 and Section 3.5 we present, analyse, and discuss
the results. Finally, we conclude by emphasising the main findings.

3.2. DATA AND PRE-PROCESSING

3.2.1. CRYOSAT-2 OBSERVATIONS

In the interior of the Greenland ice sheet, data acquired by CryoSat-2 are in LRM. LRM
is the conventional pulse-limited mode that requires correction for slope-induced er-
rors. The pulse-limited LRM footprint is approximately 1.65 km in diameter, and the
beam-limited footprint is approximately 14.39 km in diameter (Hai et al., 2021). Our
evaluation employs all data acquired from 1 January to 31 December 2019, resulting in
approximately 2.2×106 measurements. In particular, we use Level-1b (L1b) Baseline D
data (European Space Agency, 2019a; Meloni et al., 2020).

To process the waveform information and obtain height estimations, the L1b wave-
forms are retracked using the offset centre of gravity (OCOG) method (Wingham et al.,
1986) documented in Bamber (1994). We use OCOG because of its precision and robust-
ness (Bamber, 1994; Schröder et al., 2019). According to Davis (1997), a 10 % thresh-
old is ideal for detecting ice-sheet height change (or strong volume scattering; Aublanc
et al., 2018), a 20 % threshold is the most appropriate for estimating the absolute or true
ice-sheet height, and a 50 % threshold is the most appropriate for estimating the abso-
lute height when the waveform is dominated by surface scattering (Davis, 1997; Aublanc
et al., 2018). In this study, we follow the recommendation of Davis (1997) and use a 20 %
threshold to obtain estimates of the true ice-sheet elevation. This allows a comparison
with ICESat-2 data. Aublanc et al. (2018), who used a 25 % threshold, highlighted that
this choice is a compromise between pure surface scattering (in which case the thresh-
old should be around 50 %) and volume scattering (10 %). In the first case, one would
underestimate the true elevation and in the other overestimate it. Hence, as pointed out
by Davis (1997), "the 20 % retracking point provides a reasonable estimate of the true
ice-sheet elevation in only an average sense". In addition, waveforms are removed if
they meet one of the following empirically derived criteria: (i) the integrated normalised
power exceeds 150; (ii) the normalised power in the first 10 range bins is larger than 0.2;
or (iii) no peaks are identified in the waveform.

To benchmark our results, Level-2I (L2I) height data obtained with the OCOG re-
tracker from the European Space Agency (2019b) are used. In the L2I products the slope-
induced error is corrected with the Helm et al. (2014b) DEM, which has a resolution
of 1 km × 1 km (Helm et al., 2014a). To enable a fair comparison with our in-house-
processed L2I data, all L2I height measurements are removed for which the waveforms
meet one of the criteria mentioned above.

3.2.2. ARCTICDEM
To compute a correction for the slope-induced errors, a DEM is needed. Here, the slope
method uses a low-resolution DEM as it assumes a constant slope within the pulse-
limited footprint (Levinsen et al., 2016). On the contrary, the point-based methods (i.e.
LEPTA and the point-based method proposed by Roemer et al. (2007)) require DEMs
with higher resolution to provide the full information of the local terrain.
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In this study, ArcticDEM is used as reference DEM as it is constructed from recent
stereo satellite imagery and is available in high resolution (2 m× 2 m) (Porter et al., 2018).
The systematic error in ArcticDEM is less than 5 m (Noh and Howat, 2015), and the DEM
has been updated since 2016. ArcticDEM is low-pass filtered to a 2 km resolution by
applying a block-mean filter for the slope-based method and to a 100 m resolution for
the point-based and LEPTA methods. The use of a 100 m resolution instead of 2 m is
a compromise for computational efficiency. To assess the impact of DEM resolution on
the correction methods, we vary the resolutions from 100 m (200 m for the slope method,
for computational efficiency) to 900 m with a 100 m interval and from 1 to 8 km with a
1 km interval.

3.2.3. ICESAT-2 OBSERVATIONS
For validation of the different slope correction methods, the ICESat-2 L3A Land Ice Height
(ATL06) product (Smith et al., 2020a) is used. ICESat-2 uses the Advanced Topographic
Laser Altimeter System (ATLAS), which emits green light pulses and counts the received
photons (Abdalati et al., 2010) The laser beams are configured in a 2 × 3 array. The
distance between and within beam pairs is ∼ 3.3 km and ∼ 90 m, respectively (Smith
et al., 2019). The along-track resolution of the land ice height product is ∼ 20 m (Smith
et al., 2020b). The ATL06 products have a known geolocation accuracy (or bias) of less
than 10 m (National Snow and Ice Data Center (NSIDC), 2021). A comparison between
ICESat-2 and ArcticDEM is shown in Appendix 3.A. The results show that the median
ICESat-2 height for the different beam pairs is up to 0.21 m higher than ArcticDEM. The
median absolute deviation of the differences is 0.72 m for all beam pairs.

3.3. METHODOLOGY

3.3.1. METHODS TO CORRECT FOR SLOPE-INDUCED ERRORS

Figure 1: Conceptual illustration of different slope-induced error correction methods. The impact points es-
timated from the slope method, the point-based method, and LEPTA are represented by Ps , Pp and Pl . The
slope method computes a correction based on the surface slopes obtained from a DEM, whereas the point-
based method and LEPTA are based on the range between the satellite and the terrain.

The different slope-induced error correction methods are conceptually illustrated in
Figure 1. The impact points estimated from the slope method, the point-based method,
and LEPTA are represented by Ps , Pp and Pl . The "low-resolution DEM" (2 km) is only
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used by the slope method, whereas the point-based method and LEPTA use a "high-
resolution DEM" (100 m). The slope method computes a correction based on the surface
slopes obtained from a DEM, whereas the point-based method and LEPTA are based on
the range between the satellite and the terrain.

SLOPE CORRECTION METHOD

The slope method uses the slope of the low-resolution DEM at the nadir point to com-
pute the impact point. It assumes that the slope within the CryoSat-2 pulse-limited foot-
print is constant and is defined by direction θ and magnitudeΦ (Cooper, 1989; Bamber,
1994). In our implementation, θ and Φ are computed in the same map projection and
grid as ArcticDEM. The gridded θ andΦ are then interpolated to the satellite nadir point.
The corrected height (hC ), corresponding to the height of the impact point Ps , can then
be obtained by (Bamber, 1994)

hC = Rs sin(Φ−Γ)

sinΦ
−Rα, (3.1)

where

Γ= sin−1
(

R sinΦ

Rs

)
, (3.2)

Rs = Rα+hS , (3.3)

Rα = ρν

νcos2θ+ρ sin2θ
, (3.4)

ν= a√
1−e2 sin2φ

, (3.5)

ρ = a(1−e2)√
(1−e2 sin2φ)3

, (3.6)

R represents the retracked range, a and e the semi-major axis and eccentricity of the
reference ellipsoid being used, and φ the latitude of the satellite. The corrected location
of the impact point in latitude φc and longitude λc (in radians) is computed as

φc = π

2
−2sin−1

(
X +∆x

2Rα cosλc

)
, (3.7)

λc = tan−1
(

Y +∆y

X +∆x

)
, (3.8)

where X and Y define the position of the satellite in Cartesian coordinates,

∆x = RαΓcosθ, (3.9)

and
∆y = RαΓsinθ. (3.10)

Application of the slope method in Figure 1 shows that the impact point will be as-
sumed at the position Ps . Inaccuracies usually occur when this method is applied to
complex terrains due to the simplification of the complex topography to a constant slope
(Levinsen et al., 2016).
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POINT-BASED CORRECTION METHOD

The point-based method directly uses the topographic information from the a priori
DEM to find the impact point (Pp ). It does so by minimising the mean distance R̄P to the
satellite over a pre-defined fixed-size rectangular footprint area (e.g. 1.65 km × 1.65 km
in Hai et al., 2021). Assuming the pre-defined rectangular footprint with area A consists
of n DEM grid cells, R̄P is computed by (Roemer et al., 2007)

R̄P = 1

A

n∑
j=1

AP j R̄P j , (3.11)

where AP j and R̄P j are the area of and range to each grid cell j . The point for which
R̄P is minimal is referred to as Pp with latitude φc and longitude λc . The range between
the satellite and Pp is referred to as rp . In line with Roemer et al. (2007), we use the
100 m DEM to find an approximate position. The final point is obtained by a second
search in the vicinity of the approximate position for which we use an up-sampled DEM
of 10 m × 10 m. The corrected height hC is computed as (Roemer et al., 2007)

hC = hN + rp − (hS −hI ), (3.12)

where hN is the surface height of the nadir point relative to the reference ellipsoid (i.e.
the ellipsoidal height of the satellite hS minus the retracked range R), and hI is the DEM
height of Pp . Equation (3.11) also shows, however, that this approach can take DEM
points into account that actually do not contribute to the rise of the leading edge (i.e.
points that fall outside the pulse-limited footprint).

LEADING EDGE POINT-BASED (LEPTA) CORRECTION METHOD

The LEPTA method is similar to the point-based method as it also uses the topographic
information from the a priori DEM to find the impact point (Pl ) but differs in the search
method of the impact point. Instead of pre-defining a fixed pulse-limited footprint size,
the LEPTA method identifies the parts of the terrain within the beam-limited satellite
footprint that contribute to the rise of the leading edge. To identify these points, we
use a beam-limited satellite footprint of 14.39 km × 14.39 km (Hai et al., 2021) centred
around the nadir point and a search range bounded by rbegin and rend:

rbegin = max(r1%,r20% −∆r ), (3.13)

rend = min(r90%,r20% +∆r ), (3.14)

where r1% and r90% refer to the retracked ranges obtained using a 1% and 90% thresh-
old retracker (Davis, 1997), respectively; r20% is the OCOG retracked range using a 20%
threshold to obtain the firn–air interface; and ∆r is a user-defined threshold. ∆r is used
to avoid the search range (rend −rbegin) becoming unrealistically large. For all experiments,
we use a value of 1.25 m based on an empirical optimisation of∆r . If no DEM grid points
are identified within the search range, we compute the difference between the distance
from the satellite to the closest DEM grid point and the retracked range. Then, we added
this difference to rbegin and rend.
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The location of Pl is computed as the average of all identified DEM grid points K .
Finally, the corrected height hC is computed by

hC = hN + 1

K

K∑
i=1

(r i
DEM − (hS −hi

DEM)), (3.15)

where hi
DEM is the ellipsoidal height of the i th identified DEM grid point and r i

DEM the range
between the satellite and the i th identified DEM grid point. By using averaging to com-
pute Pl , it is theoretically possible that the average location is outside the actual pulse-
limited footprint (e.g. when the impact points form a doughnut shape or two equally
large but disjointed sets of points). These occurrences can be easily identified.

One of the advantages of the LEPTA method compared to the point-based method is
that it includes points that contribute to the rise of the leading edge signal but are outside
the fixed (square) pulse-limited footprint and rejects points that do not contribute to
the rise of the leading edge signal but are inside the pre-defined pulse-limited footprint.
An additional advantage of LEPTA is that it does not apply the recursive computation
process as the point-based method; therefore it speeds up the processing.

3.3.2. PERFORMANCE ASSESSMENT
To assess the performance of the LEPTA method, we benchmark the different meth-
ods by comparing their accuracy relative to reference data. First, we directly compare
the corrected heights (hC ) for each method with the reference height from the 100 m
ArcticDEM. To compare hC with the DEM, we bi-linearly interpolate the DEM heights
to the CryoSat-2 locations (hDEMC). Then, the CryoSat-2 measurements are grouped in
25 km × 25 km tiles. For each tile, we compute the median and median absolute devi-
ation of the hC −hDEMC values. This assessment cannot be considered as a validation as
ArcticDEM is not an independent dataset. However, it is insightful especially when the
CryoSat-2 points do not have an ICESat-2 point nearby.

Second, we compare the corrected height measurements with the ICESat-2 heights
for each method. This comparison is carried out per month; i.e. we compare the CryoSat-
2 heights acquired in a particular month to the ICESat-2 heights acquired in the same
month. For each point, we first identify all ICESat-2 points within 50 m of the CryoSat-2
point. If ICESat-2 points are available in each quadrant surrounding the CryoSat-2 point,
the ICESat-2 heights are interpolated to the CryoSat-2 point using a natural-neighbour
interpolation (hICE2). Otherwise a nearest neighbour interpolation is applied. A natu-
ral neighbour interpolation provides a smoother solution (Bobach, 2009) yet requires
weighting functions based on the surrounding points. To correct for the height differ-
ence between the locations of the CryoSat-2 and ICESat-2 points over a potentially slop-
ing terrain, we apply a correction computed as the height difference between the 100 m
ArcticDEM evaluated at the CryoSat-2 (hDEMC) and ICESat-2 (hDEMI) locations. Hence, the
differences between the CryoSat-2 and ICESat-2 heights (∆h) become

∆h = hC −hICE2 − (hDEMC −hDEMI) (3.16)

Similarly to the comparison with ArcticDEM, we compute the median and median ab-
solute deviation of ∆h for each 25 km × 25 km tile.
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When benchmarking the methods, two aspects of accuracy are assessed. First, we
determine the difference between the slope-corrected CryoSat-2 measurements and the
reference heights (hDEMC or hICE2) using standard statistical parameters (median, median
absolute deviation, mean, and standard deviation). Second, we assess the variability in
the statistics for the different methods. The statistical parameters are computed with
and without outliers. Cumulative functions are provided mainly to visualise the per-
centiles that indicate the distribution of the results and determine the outliers. Here, we
consider hC −hDEM or∆h outside the 10th–90th percentile range as an outlier. Probability
distribution functions are provided to visualise the overall distribution of results. The
skewness parameter is provided as long tails of the probability distribution are not com-
pletely visualised. In addition, tiles including less than 10 measurements are rejected for
visualisation and interpretation as the statistics of these tiles do not represent sufficient
data and cannot be informative.

3.3.3. SENSITIVITY ANALYSIS
The LEPTA method is potentially sensitive to i) the definition of rend and rbegin and hence
∆r (Equations. 3.13 and 3.14), ii) a potential bias in the DEM, and iii) the resolution of the
DEM. Another aspect that may impact the height estimates of all methods is the adopted
OCOG threshold. To assess how our choices impact the results, we conduct a number of
sensitivity analyses in which we:

• vary ∆r (Equations. 3.13 and 3.14) from 0.5 to 5 m in steps of 0.5 m to define an
optimal choice;

• vary the adopted OCOG threshold to determine R and hence hN (Equation 3.16)
from 10% to 90% in steps of 20%, using an optimal choice of ∆r for LEPTA;

• add a bias to the DEM from −7.5 to 2.5 m in steps of 2.5 m, using a 20% OCOG
threshold and an optimal choice of ∆r for LEPTA;

• vary the DEM resolution from 200 to 900 m in steps of 100 m, and from 1 to 8 km in
steps of 1 km, using a 20% OCOG threshold and an optimal choice of∆r for LEPTA.

3.4. RESULTS

3.4.1. COMPARISON WITH ARCTICDEM
The cumulative distribution of hC −hDEMC for all methods (Figure 2a) shows that most
values are within the [-1.0, 3.0] m interval (as shown by 10th and 90th percentiles), al-
though outliers have an impact on the interpretation of the results. These outliers have
most impact on the overall standard deviation and skewness of hC −hDEMC, as shown in
Table 1 and Figure 3. Although the distribution curves show a positive bias, the skew-
ness is negative for all methods, showing more or larger negative outliers, as also shown
in Figure 3.B.1. Comparison of the methods, however, shows that LEPTA is least affected
by such negative outliers.

Removing the outliers significantly reduces the standard deviation of hC −hDEMC and
skewness for all methods and brings the mean closer to the median. Comparison of the
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Figure 2: Cumulative distribution figures of (a) the difference between CryoSat-2 and ArcticDEM (hC −hDEM)
and (b) the difference between CryoSat-2 and ICESat-2 (∆h), including outliers. The 10th and 90th percentiles
are shown in the figures for outlier removal. For visualisation, the x-axis is restricted to [-10, 15] m for figure
(a) and to [-5, 15] m for (b).

mean and median values (Table 1) and probability distribution (Fig. 3a) moreover indi-
cates that LEPTA performs better than other methods when compared with ArcticDEM,
with a mean height difference of 0.22 m and a median difference of 0.24 m. The slope
method results in the largest mean difference of 0.87 m, while the point-based method
gives the largest median of 0.71 m. The standard deviation (0.46 m) and median absolute
deviation (0.34 m) from LEPTA are also the smallest, the same as those obtained from
the point-based method. The largest hC −hDEMC deviation values after outlier removal
are given by the slope method, with the standard deviation being 0.82 m and median
absolute deviation being 0.50 m. An additional note is that the mean and median from
all methods are positive, which implies that the heights obtained by these methods are
generally higher than ArcticDEM heights.

Comparison of the spatial patterns of median and median absolute deviation (Fig-
ure 3) shows large spatial differences in both pattern and magnitude among the differ-
ent methods. In general, the largest median and median absolute deviation values occur
near the margins of the LRM coverage, where the terrain is steeper. For the point-based
method and LEPTA, the median values on the western side are generally lower than on
the eastern side. This spatial pattern is similar to that of the differences between ICESat-
2 and ArcticDEM (shown in Figure 3.A.1). For ESA L2I products and the slope method,
the largest median values occur on both the eastern and the western sides of Green-
land, and those from the slope method largely exceed those of the ESA L2I products, the
point-based method, and LEPTA. So far, we lack a conclusive explanation for the spa-
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Figure 3: (a)) Probability distribution of height difference between CryoSat-2 and the ArcticDEM, before re-
moving the outliers with 10th and 90th percentiles. The probability distribution is plotted with all data sam-
ples but restricted to [-3, 6] m for visualisation (for better illustration of the skewness and large outliers, please
refer to Appendix 3.B). Vertical lines show the median value per method. (b, c) Spatial distribution of median
and median absolute deviation of the height difference per tile of 25 km × 25 km, after removing the outliers.
To enhance the visibility of the maps, the median value of each method is subtracted in (b). The colours of
the median absolute deviation plots are on a logarithmic scale to enhance contrast. The spatial distribution
results from left to right are obtained by ESA L2I products, the slope method, the point-based method and
LEPTA, with the 1 km × 1 km DEM covering Greenland (Helm et al., 2014a,b) as background.
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tial differences between the methods. Regarding the median absolute deviation values,
we observe in general higher values on the western side of the ice sheet than in the in-
terior. For the ESA L2I products and the slope method, the median absolute deviation
values are also high on the eastern side. These median absolute deviation values show
that topography affects the different performances of the methods, and the point-based
method and LEPTA are less affected on the eastern side. In addition, for the point-based
method, removing the outliers results in the most missing data close to Jakobshavn Is-
bræ. Combining the statistics in Table 1 and the spatial distribution of median and me-
dian absolute deviation in Figure 3, it can be concluded that LEPTA performs best when
compared with ArcticDEM.

Using averaging in Equation 3.15 to compute Pl results in 5.2% of the impact points
being outside the actual footprint. Removing these points as "unreliable data" minimally
affects the median and mean (0.26 m and 0.25 m), but improves the median absolute
deviation (0.32 m) and standard deviation (0.40 m).

3.4.2. VALIDATION WITH ICESAT-2 OBSERVATIONS

Comparison of CryoSat-2 and ICESat-2 heights (Figure 2b) shows again the impact of
outliers on the results, although the outliers are generally lower than for the ArcticDEM
comparison. ESA L2I products, the point-based method, and LEPTA have more impacts
from negative outliers, while the slope method results in more positive outliers.

With the outliers removed, the standard deviation of ∆h values from all methods is
greatly reduced, especially for the ESA L2I and slope method, which show the largest out-
liers (Figure 2b). The lowest median (0.00 m), mean (0.00 m), median absolute deviation
(0.09 m), and standard deviation (0.13 m) of ∆h are obtained by LEPTA, showing that
the LEPTA method again outperforms the other methods. The largest median (0.48 m)
is obtained by the point-based method, and the largest mean (0.51 m), median absolute
deviation (0.19 m), and standard deviation (0.70 m) are from the slope method.

The comparison of the height differences between CryoSat-2 vs. ArcticDEM and
CryoSat-2 vs. ICESat-2 shows moreover that the height differences with ICESat-2 are
smaller, probably due to the better quality of ICESat-2 data compared to ArcticDEM and
the longer time gap between CryoSat-2 and ArcticDEM, as satellite imagery data for gen-
erating ArcticDEM have been gathered since 2007 (Noh and Howat, 2017; Howat et al.,
2019) and co-registered to ICESat since before 2009, whereas ICESat-2 measurements
were obtained in the same month as CryoSat-2 data. The comparison between CryoSat-
2 and ICESat-2 also results in fewer data points as not all CryoSat-2 measurements have
corresponding nearby ICESat-2 measurements within the 50 m criterion.

The spatial distribution of the median and median absolute deviation of ∆h (Fig-
ure 4) shows clear spatial patterns. For the ESA L2I products, the slope method, and the
point-based method, the median differences with respect to the overall median differ-
ence are generally negative (positive) in the central part (margins of the LRM zone). For
LEPTA, the variability in negative or positive differences is smaller (especially vs. ESA L2I
and the slope method) but with a slightly reversed pattern. This reversed pattern can be
explained by LEPTA’s definition of rbegin and rend that may result in an asymmetry around
r20% that can spatially vary. Figure 4 also shows that LEPTA has the lowest spatial vari-
ability in the median absolute deviation, whereas the slope method shows the largest
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Figure 4: (a)) Probability distribution of height difference between CryoSat-2 and ICESat-2, before removing
the outliers. The probability distribution is plotted with all data samples but restricted to [-1, 2] m for visu-
alisation (for better illustration of the skewness and large outliers, please refer to Appendix 3.B). Vertical lines
show the median value per method. (b, c) Spatial distribution of median and median absolute deviation of the
height difference per tile of 25 km × 25 km, after removing the outliers. To enhance the visibility of the maps,
the median value of each method is subtracted in (b). The colours of the median absolute deviation plots are
on a logarithmic scale. The spatial distribution results from left to right are obtained by ESA L2I products, the
slope method, the point-based method and LEPTA, with the 1 km × 1 km DEM covering Greenland (Helm
et al., 2014a,b) as background.
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contrast between the interior and the margins of the LRM zone.

3.4.3. SENSITIVITY TO THE DEFINITION OF THE SEARCH RANGE

Figure 5: Median (left axis) and median absolute deviation (right axis) of the height differences between
CryoSat-2 and ICESat-2 (∆h calculated with Equation 3.16) as a function of ∆r . Outliers are removed using
10th and 90th percentiles.

The performance of the LEPTA method relies on the definition of rbegin and rend and
hence ∆r . To assess the sensitivity of LEPTA to the choice of ∆r , we repeat the perfor-
mance assessment by varying ∆r , as introduced in Section 3.3. The results of this ∆r
sensitivity assessment are summarised in Figure 5. This shows that while ∆r changes at
the metre level, the median and the median absolute deviation values of∆h only change
at the centimetre level. More specifically, the median and median absolute deviation in-
crease with increasing ∆r . From Figure 5, we can also conclude that ∆r = 1.25 m results
in a near-zero median difference compared to ICESat-2. Hence ∆r = 1.25 m is used for
all experiments.

However, it is not sufficient to conclude that LEPTA is robust to the choice of ∆r
by merely assessing ∆h. The reason for this is that different ∆r ’s might result in dif-
ferent horizontal locations, which are then compared to potentially different ICESat-2
measurements. Therefore, Figure 6 shows the differences in the ellipsoidal height and
horizontal position of the impact points obtained using ∆r = 2 m (∆r2) and ∆r = 1 m
(∆r1). This comparison shows whether a ∆r change of 1 m can result in large horizon-
tal and vertical offsets. In the interior of the ice sheet this effect is small as the vertical
and horizontal offsets resulting from ∆r2 vs. ∆r1 are close to 0. In the margin regions
of LRM coverage, however, increasing ∆r results in lower elevation of impact points and
horizontal offsets with mean values up to 20 m and standard deviations up to 250 m.
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Figure 6: Mean and standard deviation of the differences between the height and horizontal location of the
impact point obtained using ∆r = 2 m (∆r2) and ∆r = 1 m (∆r1). The mapped locations are based on the
horizontal locations (x and y) derived from ∆r1, tiled by the 25 km × 25 km grid as in Figure 4.

3.4.4. ASSESSMENT OF OCOG RETRACKER THRESHOLD DEPENDENCE

Changing the OCOG retracker threshold from 10 % to 90 % results in retracked points fur-
ther away from the satellite and hence lower height estimates (Figure 7). For all methods,
this behaviour is apparent as the median of ∆h is reduced by approximately 1.2 m when
the threshold increases from 10 % to 90 %. Changing the OCOG retracker threshold in
LEPTA results only in a change in the height of Pl and does not affect the selection of
the DEM points that contribute to Pl . This means that increasing the OCOG retracker
threshold actually corresponds to increasing the depth of the radar return within the
snowpack or firn. Moreover, Figure 7 highlights that the adopted OCOG retracker thresh-
old of 20 % for LEPTA results in a near-zero median difference compared to ICESat-2,
indicating that on average it effectively detects the absolute ice-sheet height.
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Figure 7: Median of height differences between CryoSat-2 and ICESat-2 (∆h calculated with Equation 3.16) as
a function of the OCOG retracker threshold. Outliers are removed using 10th and 90th percentiles.

3.4.5. SENSITIVITY TO POTENTIAL BIASES IN THE DEM

To assess the sensitivity of the methods to potential constant ice-sheet elevation changes,
we perform a sensitivity analysis in which we add biases to the DEM. Figure 8 shows that
the slope and the point-based methods are not affected by these DEM biases, while they
do affect LEPTA. The impact, though, depends on the sign of the bias. Adding a bias be-
tween −7.5 m and −2.5 m (which corresponds to ice-sheet lowering) only changes the
median∆h by approximately 2.3 cm, while adding a bias of 2.5 m (which corresponds to
an increase in ice-sheet elevation) results in a median ∆h that is 8.8 cm higher. A similar
observation holds for the median absolute deviation of∆h. This dependency on the sign
of the bias can be easily understood. The impact point is typically in the area where the
range between the satellite and the terrain is smallest. Lowering the DEM and thereby
increasing the range to the satellite hence result in a reduced number of DEM grid points
within the search range (rend − rbegin). If no points are found, the search range is adjusted.
Applying a positive bias, on the other hand, will result in other parts of the terrain being
within the search range.

Despite LEPTA’s sensitivity to a potential bias in the DEM, however, the median and
median absolute deviation of ∆h remain lower than the other methods for negative bi-
ases up to −7.5 m. With a positive bias of 2.5 m, the median absolute deviation of ∆h
from LEPTA is approximately 8 mm higher than that from the point-based method. In
Appendix 3.C, we present the results of a similar analysis to that shown in Figure 6. This
shows that the impact of a potential bias in the DEM is largest on the western side of the
LRM zone, resulting in vertical and horizontal offsets with mean values of up to 2 and
50 m and standard deviations of up to 3.5 and 700 m, respectively.
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Figure 8: Median (left axis, solid curves) and median absolute deviation (right axis, dashed curves) of height
differences between CryoSat-2 and ICESat-2 (∆h calculated with Equation 3.16) as a function of a bias in the
DEM. Outliers are removed using 10th and 90th percentiles.

3.4.6. SENSITIVITY TO THE RESOLUTION OF THE DEM
Figure 9 shows the effect of changing the DEM resolution on the median and median ab-
solute deviation of∆h for different slope correction methods. For both the slope and the
point-based method, the smallest median ∆h is obtained at a 2 km resolution. For the
slope method, the median ∆h increases from 0.21 to 0.30 m when the DEM resolution
increases from 2 to 8 km. For the point-based method, the variation in median ∆h for
DEM resolutions between 100 m and 2 km is within the millimetre level. Lowering the
resolution down to 8 km increases the median to 0.62 m. For LEPTA, the variation in the
median ∆h for DEM resolutions between 100 m and 1 km is within the millimetre level.
For lower resolutions, the median∆h increases to 0.23 m (8 km resolution). The smallest
median absolute deviations for the slope method (0.19 m) and the point-based method
(0.09 m) are obtained at a 2 km resolution. For LEPTA, the smallest median absolute
deviation is obtained when using a 1 km resolution, though the values between resolu-
tions of 100 m and 2 km vary at the millimetre level. For resolutions lower than 2 km,
the median absolute deviation for both the point-based method and LEPTA increases by
approximately 10 cm. For the slope method, the increase is 6 cm.

3.5. DISCUSSION

The comparison with ArcticDEM and validation based on ICESat-2 shows that the pre-
sented LEPTA method outperforms the slope and point-based methods as well as the
ESA L2I product in accuracy with lower median, mean, and median absolute deviations.
Especially in the margin regions of the LRM zone, heights derived from LEPTA corre-
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Figure 9: Median (left axis, solid curves) and median absolute deviation (right axis, dashed curves) of height
differences between CryoSat-2 and ICESat-2 (∆h calculated with Equation 3.16) as a function of DEM resolu-
tion. Outliers are removed using 10th and 90th percentiles.

spond more closely to ICESat-2 height measurements compared to the slope method
being used by ESA. This indicates that including leading edge information to determine
the impact point results in an important improvement in the accuracy of CryoSat-2 LRM
height estimations. By showing the importance of accurately determining the impact
points over steeper margin areas, our results confirm earlier work of Levinsen et al. (2016)
in the margin regions, where they also showed that the point-based method outperforms
the slope method in median absolute deviation values. The improved performance of
the point-based method and LEPTA method can be explained by the assumption of a
constant slope within the footprint in the slope-based method, which results in a bi-
ased impact point further away from the satellite than the optimal location (Levinsen
et al., 2016). An explanation for the improved performance of LEPTA over the point-
based method can be found in the design of the method, which only takes into account
areas that contribute to the rise of the CryoSat-2 LRM waveform leading edge (Figure 1).

Our results also show that the ESA L2I product outperforms our self-implemented
slope correction method. This agrees with Levinsen et al. (2016), who attributed the
different performance between ESA’s Envisat Radar Altimeter 2 products and their self-
implementation of the slope correction method to the Doppler slope correction step
implemented in ESA L2I products (Blarel and Legresy, 2012) and differences in the DEM
used. We must admit that at this stage an explanation for the difference we obtained is
lacking. Detailed analysis (not shown in this paper) shows that the differences cannot be
explained by the fact that in our study we use another DEM.

The first sensitivity analysis shows that in terms of bulk statistics, LEPTA is quite ro-
bust to the definition of the search range. Compared to ICESat-2, the change in the me-
dian is < 0.1 m for the interval over which we changed ∆r , while the change in the me-
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dian absolute deviation is at the millimetre level. Regionally, the impact may be larger. In
particular, we observe changes of up to 1.46 m in the vertical and 231 m in the horizontal
position of the impact points towards the margins of the LRM zone. In these areas, the
mean and standard deviation of the leading edge width are larger. This, in turn, suggests
using a larger∆r locally. The use of a spatially varying∆r is hence considered a potential
further improvement of the method.

Increasing the OCOG retracker threshold lowers the height estimates for all meth-
ods. For both LEPTA and the point-based method, the horizontal position of the impact
points does not change. This means that increasing the OCOG retracker threshold actu-
ally corresponds to increasing the depth of the radar return within the snowpack or firn.
That is, the adopted threshold controls the observed penetration. Our results confirm
that using a 20 % threshold gives on average comparable height estimates to ICESat-2. It
is meanwhile worth noting that the probable scattering of ICESat-2 photons within the
snowpack cannot be neglected (Smith et al., 2021).

Differently from the slope and point-based methods, LEPTA shows sensitivity to a
bias in the DEM. The presence of a bias in the DEM does not affect the slope or the
relative differences between the DEM points, which are key to the slope method and the
point-based method, respectively. However, in the case of LEPTA, when the DEM heights
are biased and the search range determined by the waveform leading edge is unchanged,
the DEM points used to calculate the impact point of LEPTA are changed. According to
Appendix 3.C, this bias mainly affects the margins of the LRM coverage. Overall these
bias effects indicate that it is key to have up-to-date, time-varying DEMs when applying
LEPTA to correct for slope-induced errors. Changes in the elevation over time will affect
the applied correction as well as the location of the impact point. However, in the case of
non-homogeneous elevation changes (which will result in slope changes) this also holds
for the other methods.

Sensitivity to DEM resolution shows that the slope and point-based methods per-
form best with an intermediate DEM resolution (2 km), which is consistent with Levin-
sen et al. (2016). However, differently from Levinsen et al. (2016), who obtained stable
performance for the point-based method between a 2 and 4 km DEM resolution, our
results show that the performance of the point-based method is stable when the DEM
resolution is finer than 2 km. This can be attributed to differences in (i) the study area,
(ii) the altimeter data used, (iii) the used DEM to compute the corrections, and (iv) the
reference data and methods for validation. In principle, the point-based method should
perform better with a finer DEM resolution because it has the advantage of using full
topography rather than assuming a constant slope, as used by the slope method. While
Levinsen et al. (2016) attributed the optimal 2 km resolution of other methods to the
radar altimetry’s ability to resolve small-scale surface features, our results show that ∆r
used by LEPTA to define the pulse-limited footprint may have a different impact (e.g.
asymmetry around r20%). Therefore, for future studies, fine-tuning the impact of ∆r is
still of high importance.

Moreover, our experiment focuses on the performance of LEPTA in the CryoSat-2
LRM-covered regions over the Greenland ice sheet; therefore it remains to be studied
how it performs over more complex terrains and Antarctica. Since the topography and
DEM quality in other regions of the Earth are different from those in Greenland, we ex-
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pect LEPTA to perform differently, and the impact of∆r can also vary. This phenomenon
provides more aspects for future works.

Finally, while we use CryoSat-2 Baseline D data, Baseline E is available. However, we
do not expect changes that significantly affect the conclusions of this study as the main
changes in Baseline E are associated with the sea ice products (European Space Agency,
2021).

3.6. CONCLUSION
Reducing slope-induced errors is a key correction algorithm when processing LRM data
over ice sheets. To correct for this error, different methods have been developed to deter-
mine the impact point, which all rely on footprint assumptions: e.g. the slope method,
which assumes a constant slope within the footprint, or the point-based method, which
assumes a fixed footprint size to determine the impact point by minimising the mean
distance. Each of these methods has shortcomings as they neglect either the actual to-
pography or the actual footprint that can be estimated by a combination of the leading
edge and topography. To overcome these shortcomings, we present a leading edge point-
based (LEPTA) method that corrects for the slope-induced error by including the leading
edge information of the radar waveform to determine the impact point. The principle of
the method is that only the points on the ground that are within the range determined
by a specific search range that contributes to the rise of the waveform leading edge are
used to determine the impact point.

Different methods for correcting the slope-induced errors are used in this study using
CryoSat-2 measurements over the Greenland ice sheet. Statistics show that the LEPTA
method outperforms all other methods with the smallest median and variability in er-
rors. The median difference between ICESat-2 heights and CryoSat-2 heights derived by
LEPTA using a 20 % OCOG threshold and ∆r = 1.25 m search range is 0.00 m. Spatially,
LEPTA has a good improvement compared to the traditional slope method on the mar-
gins of the LRM-covered regions of the ice sheet as it derives heights generally more than
2 m closer to ICESat-2 measurements. LEPTA is sensitive to the definition of the search
range and the bias in the DEM used to correct for the slope-induced error, mainly in the
horizontal location of the impact points. However, comparison with ICESat-2 measure-
ments generally shows centimetre-level sensitivity. Therefore, LEPTA is a method worth
considering to obtain accurate height measurements with radar altimetry, especially in
regions with complex topography.



APPENDICES

3.A. COMPARISON BETWEEN ICESAT-2 MEASUREMENTS AND

ARCTICDEM
ICESat-2 ALT06 Land Ice Height data include a large amount of measurements between
1 January and 31 December 2019. Therefore, we compute the statistics of the differences
between ICESat-2 heights (hICE2) and ArcticDEM interpolated to the corresponding loca-
tions (hDEMI) per beam pair. In this process, data outside the CryoSat-2 LRM zone have
been excluded. The statistics are summarised in Table 3.A.1. All differences are com-
puted as hICE2 −hDEMI. The median difference between ICESat-2 and ArcticDEM for all
beam pairs is 0.21 m, showing good agreement. The mean differences are around 5 cm.

Table 3.A.1: Difference between ICESat-2 measurements and ArcticDEM values interpolated to ICESat-2 loca-
tions.

Beam pair of
measurements

vs. ArcticDEM [m]

mean
standard
deviation median

median
absolute
deviation

pair one 0.05 1.13 0.21 0.72
pair two 0.06 1.13 0.21 0.72
pair three 0.05 1.13 0.21 0.72

3.B. PROBABILITY DISTRIBUTION FUNCTIONS OF THE HEIGHT

DIFFERENCES SHOWING SKEWNESS
Probability distribution functions of all methods are provided in Figures 3.B.1 and 3.B.2
to illustrate the underlying skewness in Table 1 and Figures 3 and 4 within the [-10, 10] m
range. However, the skewness can also be affected by large outliers, as also shown in the
figures. For the slope method, the DEM resolution is 2 km. For LEPTA, ∆r is 1.25 m. For
the slope method, point-based method, and LEPTA, the retracker is the OCOG retracker
with a 20 % threshold.

3.C. IMPACT OF A BIAS IN THE ARCTICDEM ON THE 3D LOCA-
TION OF THE LEPTA IMPACT POINTS

Figures 3.C.1 and 3.C.2 show the three-dimensional difference between using the origi-
nal ArcticDEM and the vertically displaced DEM to correct for the slope-induced error.
The vertical and horizontal differences are calculated using the difference between the
location of impact points Pl of the biased DEM minus the location of the impact points
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Figure 3.A.1: Spatial distribution of median and median absolute deviation of the height difference between
each pair of ICESat-2 beams and ArcticDEM (tiled in 25 km × 25 km). The colours of the median absolute
deviation plots are on a logarithmic scale.

of the original ArcticDEM. Figure 3.C.1 shows that when the DEM used has a negative
bias, the corrected heights are higher, the horizontal locations on the western side of the
ice sheet are in general biased towards the northeast, and the horizontal locations on
the northeast side of the ice sheet are biased towards the southwest. Figure 3.C.2 shows
an inverse pattern when the DEM shows a positive bias. On the interior of the ice sheet,
however, the effects of the DEM biases are small.
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Figure 3.B.1: Probability distribution functions of heights between CryoSat-2 and ArcticDEM derived from (a)
ESA L2I, (b) the slope method, (c) the point-based method, and (d) LEPTA centred between −10 m and 10 m.
To clearly show minimum and maximum values (values displayed with arrows), the curves are not displayed
in the same panel.



3

94
3. A LEADING-EDGE-BASED METHOD FOR CORRECTION OF SLOPE-INDUCED ERRORS IN

ICE-SHEET HEIGHTS DERIVED FROM RADAR ALTIMETRY

Figure 3.B.2: Probability distribution functions of heights between CryoSat-2 and ICESat-2 derived from (a)
ESA L2I, (b) the slope method, (c) the point-based method, and (d) LEPTA centred between −10 m and 10 m.
To clearly show minimum and maximum values (values displayed with arrows), the curves are not displayed
in the same panel.
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Figure 3.C.1: Mean and standard deviation of vertical and horizontal difference in derived impact point Pl be-
tween (i) using the DEM with a homogeneous vertical displacement∆hDEM =−2.5 m (∆hDEM1) and (ii) using the
original ArcticDEM (DEMorig). The mapped locations are based on the horizontal locations (x and y) derived
from DEMorig, tiled by the 25 km × 25 km grid same as in Fig. 6.
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4
ASSESSING SPATIO-TEMPORAL CHANGES

IN GREENLAND FIRN PROPERTIES WITH

SATELLITE ALTIMETERS

In recent decades, satellite radar altimetry has been widely used to assess volume changes
over the Greenland Ice Sheet. Especially, melt events result in drastic changes in volume
scattering of firn, which induces a pronounced change in parameters derived from radar
altimetry. Due to the recent and increasingly frequent melt events over Greenland, the
impacts of these events on the firn condition i.e. formation of ice lenses and reduction
of firn air content, need to be better understood. This study therefore exploits the ability
of long-term CryoSat-2 data in indicating changes in firn volume scattering, in order to
assess the spatio-temporal firn condition variations in Greenland. More specifically, this
study utilises the leading edge width (LeW) parameter derived from CryoSat-2 Low Reso-
lution Mode (LRM), which has been proven to be the parameter most sensitive to changes
in volume scattering, and assesses its variation between September 2010 and September
2024. With a combined analysis of remote sensing observations, in situ observations and
outputs from regional climate models, our study demonstrates that the LeW drop induced
by extreme melt events in the interior of Greenland experiences a gradual recovery, which
can potentially be explained by new snow deposition. However, in many high-elevation
regions of Greenland where firn layers were originally dry, due to the recently recurring
extensive melt, the firn volume scattering does not fully recover to the original state before
the 2012 melt, indicating the response of the Greenland ice sheet to a changing climate.
Finally, our study also confirms the capability of using radar altimeter data to monitor
changes in volume scattering properties of firn in the long-term.

4.1. INTRODUCTION
Over the recent decades, the Greenland Ice Sheet has experienced a notable increase in
the frequency and intensity of melt events (Tedesco et al., 2011, 2013; Nilsson et al., 2015;

This chapter is under review in The Cryosphere. The preprint is available as: Li, W., Lhermitte, S., Wouters,
B., Slobbe, C., Brils, M., and Fettweis, X.: Assessing spatio-temporal variability of firn volume scattering over
Greenland with satellite altimeters, EGUsphere [preprint], https://doi.org/10.5194/egusphere-202
4-3251, 2024.
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Tedesco et al., 2016; Tedesco and Fettweis, 2020). These events are particularly prevalent
in low-elevation regions, where they contribute to runoff towards the ocean. This runoff
negatively impacts the surface mass balance (SMB) of the ice sheet and may lead to ir-
reversible ice loss and sea-level rise (Lenton et al., 2008; Sasgen et al., 2012). In contrast,
at higher elevations, meltwater can infiltrate and refreeze within the porous firn (Harper
et al., 2012). This refreezing process releases latent heat, which accelerates firn com-
paction and diminishes the firn’s capacity to store additional meltwater, consequently
speeding up runoff from the ice sheet’s interior (van den Broeke et al., 2016; Machguth
et al., 2016; Vandecrux et al., 2019). Surface meltwater also drains towards the bedrock
through crevasses and moulins, altering basal frictions and ice velocities (Zwally et al.,
2002; Sundal et al., 2011; Meierbachtol et al., 2013). Furthermore, studies suggest that
the runoff and melt will continue to increase (Vizcaíno et al., 2009; Huybrechts et al.,
2011), making the determination of melt and refreezing in the firn layer over Greenland
of utmost importance for understanding the ice sheet’s overall stability and response to
climate change (Heilig et al., 2018).

Remote sensing techniques are essential for long-term, spatio-temporally continu-
ous monitoring of melt and refreezing events over the Greenland ice sheet, as in situ
data are sparse in both space and time (Hall et al., 2008; Koenig et al., 2016; Castelao
and Medeiros, 2022). Radar altimetry sensors, primarily used to measure surface height
(changes) (Helm et al., 2014; Slater et al., 2018), can provide information on melt and
refreezing events with much greater coverage. They do this indirectly, as refreezing im-
pacts firn density, firn air content (FAC) and grain size (Vandecrux et al., 2019; Brils et al.,
2022), which further influences the altimetry signals through changes in volume and sur-
face scattering (Fahnestock et al., 1993; Adodo et al., 2018; Alley et al., 2018; Larue et al.,
2021). The mechanism of surface and volume scattering in radar altimetry is illustrated
in Ridley and Partington (1988): the satellite altimeter measures the time of a radar pulse
travelling to the measured surface and back again, and records the returned echoes into
a waveform (Davis and Moore, 1993). When the radar pulse intersects the surface, a cir-
cular region is illuminated. The area of the illuminated region and the corresponding
returned power increases during the intersection. After the back of the pulse intersects
the surface, the returned power attenuates. The part of the waveform with an increasing
returned pulse is referred to as the leading edge, and the attenuating part is referred to
as the trailing slope. With the presence of a rough surface or a certain volume within the
penetration depth of the radar, the number of scatterers increases, hence the width of
the leading edge increases (Ridley and Partington, 1988; Davis and Moore, 1993). Over
the Greenland ice sheet, the high-elevation zone is typically the dry-snow zone, charac-
terised by snow and firn with low density, small grain size and uniform crystals, whereas
the low-elevation area consists of the percolation zone and the ablation zone, charac-
terised by high-density, large-grain ice layers formed from melt and refreezing (Benson,
1960). Due to such distinctions between firn properties, the radar waveform leading
edge widths (LeWs) in the high-elevation dry zone are dominated by volume scattering,
and those in the low-elevation zones are dominated by surface scattering (Partington
et al., 1989). Due to the difference in penetration abilities in firn between radar and
laser altimeters, height measurements from laser altimeters can often be used as a refer-
ence surface to derive the penetration bias in radar altimeter height estimates, which in
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turn indicates firn volume changes (Michel et al., 2014; Simonsen and Sørensen, 2017;
Rutishauser et al., 2024).

Various studies have focused on deriving firn properties from the radar altimeter
waveform. For example, the European Space Agency (ESA) CryoSat-2 satellite, equipped
with a radar altimeter operating at Ku-band (13.575 GHz) frequency, has been employed
to track the formation of ice lenses following melt events (Nilsson et al., 2015), to under-
stand the impact of volume scattering properties on height estimations (Simonsen and
Sørensen, 2017), and to derive surface snow properties such as roughness and density
(Scanlan et al., 2023). Nilsson et al. (2015) and Simonsen and Sørensen (2017) showed
that LeW is an indicator of volume scattering, while Nilsson et al. (2015) in particular ob-
served the impact of the 2012 Greenland melt event and its subsequent refreezing on the
parameters derived from radar waveforms, including LeW, trailing edge slope (TeS) and
peakiness, backscatter intensity and height. The Simonsen and Sørensen (2017) study
indicated that within the Low Resolution Mode (LRM) coverage, LeW could be effec-
tively used to correct for height biases caused by volume scattering. Furthermore, Scan-
lan et al. (2023) developed a model using CryoSat-2 waveforms to derive surface rough-
ness and density of snow in Greenland between 2013 and 2019. In addition, although
the study was conducted over Antarctica, Michel et al. (2014) analysed the height differ-
ences between radar (ENVISAT) and laser (ICESat) altimeters to derive Ku-band radar
penetration depths into firn and compared these height differences with LeW, providing
insights into opportunities for similar approaches to study Greenland’s firn.

Despite the advances in using altimetry to monitor Greenland’s firn, the evaluation
of firn properties has been limited to either periods without extensive melt (e.g. January
2013 to January 2019; Scanlan et al., 2023) or a short period right after the 2012 melt (e.g.,
up to 2014; Nilsson et al., 2015). The firn condition in a longer term, especially following
the 2019 melt (Tedesco and Fettweis, 2020), needs to be better monitored. The avail-
ability of over a decade of CryoSat-2 data, offers an opportunity for long-term studies
of Greenland’s firn scattering properties. Following previous studies, we focus on the
spatio-temporal variation in the LeW, which will be used to provide insights into the vol-
ume scattering of Greenland firn. Modelling results have shown that the LeW is sensitive
to the volume scattering in the dry-snow zone of Greenland (Partington et al., 1989) as
it decreases with an increasing density (Lacroix et al., 2008). However, within the cov-
erage of CryoSat-2 data over Greenland, both dry-snow zone and percolation zone are
present. It is important to distinguish the regions where volume scattering dominates
from the regions where surface scattering dominates. For this purpose, we employ the
surface roughness dataset derived by Scanlan et al. (2023) and assess the topography
with ArcticDEM (Porter et al., 2018) as indications of surface scattering. As an indicator
of volume scattering, we derive the height difference between ICESat-2 and CryoSat-2
referred to as laser-radar height offsets, due to a larger penetration depth of Ku-band
radar than ICESat-2 green light (Michel et al., 2014; Smith et al., 2018). The penetration
bias is typically 1–4 m over the Greenland Ice Sheet (Slater et al., 2018) depending on
the firn status (e.g. dry, wet, refrozen) and the retracker (Chapter 3; Michel et al., 2014;
Simonsen and Sørensen, 2017).

After determining the region with dominating volume scattering, we need valida-
tion datasets to demonstrate that the density increase within the Greenland firn result-
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ing from melt–refreezing event can be associated with LeW decreases, in order to mon-
itor the long-term firn-property variations with LeW variations. Three different types of
datasets are adopted for this purpose. Recent developments in climate and firn models,
such as the Modèle Atmosphérique Régionale (MAR) (Fettweis et al., 2011, 2017; Lambin
et al., 2022) and the Firn Densification Model from the Institute for Marine and Atmo-
spheric research Utrecht (IMAU-FDM v1.2G; Brils et al., 2022), provide spatially and tem-
porally continuous firn property data. By comparing long-term LeW measurements with
firn properties from climate and firn models, we analyse how spatial and temporal vari-
ations in firn properties affect LeW and to improve the interpretation of radar altimeter
scattering properties. With the collaborative and continuously updating Surface Mass
Balance and Snow on Sea Ice Working Group (SUMup) dataset (Montgomery et al., 2018;
Vandecrux et al., 2024), in situ density measurements can be used to indicate the high-
density ice formation at multiple locations. Finally, using data from NASA’s Operation
IceBridge (OIB) mission, i.e. data from the Multichannel Coherent Radar Depth Sounder
(MCoRDS) and Airborne Topographic Mapper (ATM) laser altimeter, Rutishauser et al.
(2024) assessed the relation between vertical offsets in the radar surface reflection and
the vertical heterogeneity caused by melt events. This dataset can be used to provide the
evidence of ice-lens formation from a different perspective, while supporting our analy-
sis of advantages and disadvantages of our LeW approach.

The objective of this chapter is to assess long-term subsurface changes over the Green-
land Ice Sheet. For this purpose, we present the spatio-temporal variations of LeW be-
tween 2010 and 2024 and of the difference between ICESat-2 and CryoSat-2 height esti-
mations between 2019 and 2024 over the interior of Greenland. Subsequently, we assess
whether such variations can reflect the variations in firn properties by comparing them
with variations in modelled firn density and FAC provided by MAR and IMAU-FDM. The
details of data and coverage are described in Section 4.2. The derivation of LeWs and
height differences between ICESat-2 and CryoSat-2 will be detailed in Section 4.3. Sec-
tions 4.4 and 4.5 present, analyse and discuss the results. Finally, our main findings and
outlook are presented in Section 4.6.

4.2. DATA

This section introduces the datasets used to assess how the CryoSat-2 time series can
indicate the impact of recurrent melt–refreezing on Greenland’s firn, with a focus on
time series of LeW derived from CryoSat-2, and height difference between ICESat-2 and
CryoSat-2. The time series of satellite data are complemented by reference datasets for
a comprehensive interpretation of volume and surface scattering variations.

4.2.1. REFERENCE DIGITAL ELEVATION MODEL

We use a digital elevation model (DEM) to (i) correct the CryoSat-2 LRM height estimates
for slope-induced errors with the LEPTA correction method (Chapter 3), (ii) compute the
topography within each investigated grid cell, and (iii) divide the Greenland ice sheet
into different elevation groups for the spatio-temporal analysis. In our study, we use the
ArcticDEM, which is constructed from recent stereo satellite imagery (Porter et al., 2023)
with a systematic error below 5 m (Noh and Howat, 2015). The ArcticDEM is available in
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different resolution, ranging from 2 m to 1 km (Porter et al., 2023). Due to the limitation
of the computational power of our processing programme, we use the 100 m resolution
ArcticDEM to correct for slope-induced errors in deriving CryoSat-2 height estimates
(Chapter 3). For the further spatio-temporal analysis, the interior of Greenland is hori-
zontally divided into a 10 km ×10 km grid, consistent with the resolution of the reference
firn model outputs. To conduct a Greenland-wide analysis of CryoSat-2 data time series,
we divide the interior of Greenland into 10 elevation groups: 1 group below the eleva-
tion of 1500 m, 8 groups between 1500 m and 3000 m, and 1 group above 3000 m. As an
indicator of the topography, the standard deviation of ArcticDEM elevations within each
10 km ×10 km grid cell is computed. This computation is performed using a 1 km × 1 km
ArcticDEM. This choice is again a compromise between the limitation of the computa-
tional power and a sufficient number of data (100 points per grid cell) for computing the
standard deviation and in turn for representing the topography.

4.2.2. CRYOSAT-2 OBSERVATIONS
CryoSat-2 operates in different modes: Low Resolution Mode (LRM), which is the typical
pulse-limited radar altimeter used in the interior of ice sheets; Synthetic Aperture Radar
(SAR) mode, which estimates the freeboard of ice flows in sea ice by enhancing along-
track resolution using SAR technology; and SAR Interferometric (SARIn) mode, applied
in coastal zones, where a second antenna is used to correct for cross-track slope (Klein-
herenbrink et al., 2014). To study the interior of Greenland, we process CryoSat-2 LRM
data acquired over the interior of the Greenland ice sheet in order to obtain LeW and
height estimates (Nilsson et al., 2015; European Space Agency, 2023; Meloni et al., 2020).
The acquisition period of the CryoSat-2 LRM Baseline E data we use in this study is be-
tween September 1, 2010 and September 30, 2024. We derive both LeW and height esti-
mates of CryoSat-2 (hC ) from the waveforms using the Offset Centre of Gravity (OCOG)
retracker (Wingham et al., 1986; Bamber, 1994; Gommenginger et al., 2010). To apply the
retracker, the waveforms are normalised based on their peak power. The amplitude of
each waveform is then calculated as

amplitude =
√√√√n=128−aln2∑

n=1+aln1

y4(n)/
n=128−aln2∑

n=1+aln1

y2(n) (4.1)

where aln1 and aln2 are the number of aliased bins at the beginning and the end of the
waveform, respectively. y is the value at bin n. The LeW in metres is computed from the
normalised waveform as

LeW = 1

2
c∆t (b0.95 −b0.05) (4.2)

where b0.95 and b0.05 are the range biases corresponding to the bins where the nor-
malised waveform power equals 0.95 and 0.05 times the OCOG amplitude, respectively
(found with linear interpolation), c is the speed of light, and∆t is the waveform sampling
interval (3.125 ns) of CryoSat-2 LRM.

The CryoSat-2 height estimates hC are derived with a 50 % threshold. Such a high
(50 %) threshold corresponds to the radar return within the firn and is expected to indi-
cate the volume scattering of Ku-band radar in the firn layer (Chapter 3). To correct for
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Figure 1: Normalised waveform examples ((a) and (b)) from different regions of interest in different periods.
The shaded areas represent the amplitude and width of the OCOG box. The dashed lines corresponding to the
waveform colours indicate b0.95 and b0.05 of each waveform. The computed LeW and the peak power of the
original waveform are indicated in the legends. Pixel A (a) and pixel C (b) refer to the highlighted pixels in (c),
along an investigated transect introduced in Section 4.3.

slope-induced errors in the hC height estimation, we use the leading edge point-based
(LEPTA) method from Chapter 3, as it utilises a high-resolution DEM (100 m ArcticDEM)
and has the advantage to account for impacts of complex terrains.

To demonstrate the typical waveforms under different conditions and the correspond-
ing LeWs, we provide examples of waveforms before (January) and after (October) the
extensive 2012 melt event (Tedesco et al., 2013) in different regions of interest in Fig. 1:
pixel A corresponds to the vicinity of the NEEM site as studied by Nilsson et al. (2015),
where the difference between January and July 2012 shows reduced volume scattering
due to the 2012 melt event. Pixel C corresponds to the region with constantly high sur-
face roughness as derived by Scanlan et al. (2023), where a rougher surface typically cor-
responds to a higher LeW and less pronounced differences before and after the melt,
potentially due to the dominant role of surface scattering from a constantly rough sur-
face.
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The derived LeWs are grouped into grids with the aforementioned (Section 4.2.1)
10 km×10 km resolution. The grid is used to observe the LeW variations along a north-
south transect as well as to perform a Greenland-wide analysis of LeW variations, based
on 10 different elevation groups.

4.2.3. ICESAT-2 OBSERVATIONS
To assess the volume scattering variation of CryoSat-2, we derive the height variation of
CryoSat-2 with respect to a reference surface height as a measure for volume scattering
properties; the ICESat-2 L3A Land Ice Height (ATL06) product Version 6 (Smith et al.,
2023a) is hence used as the reference surface. ICESat-2 uses the Advanced Topographic
Laser Altimeter System (ATLAS) with laser at a 532 nm wavelength (Abdalati et al., 2010).
The along-track resolution of ATL06 product is ∼ 40 m (Smith et al., 2023b), and the
geolocation bias is less than 10 m (National Snow and Ice Data Center (NSIDC), 2021).
In this study, we use ATL06 between January 1, 2019 and September 30, 2024 to obtain
ICESat-2 heights (hICE2) for each CryoSat-2 point (hC ). The ATL06 data do not have a
fixed or regularly gridded resolution, therefore we use a natural-neighbour interpolation
to obtain ICESat-2 heights (hICE2) at each CryoSat-2 point (hC ). For each CryoSat-2 point,
the ICESat-2 points within 50 m and acquired within the same month are selected for
this interpolation. The selection of the 50 m search range aims to search for the ICESat-
2 points that best correspond to the height at the CryoSat-2 impact point (Chapter 3),
which is also similar to the crossover principle from Michel et al. (2014), while preserving
sufficient amount of corresponding data pairs. Over a sloping terrain, extra height dif-
ferences between hC and hICE2 can be caused by potential topography differences within
the 50 m distance. To correct for this topography-induced difference, we bi-linearly in-
terpolate (due to the regular resolution) the reference DEM (100 m ArcticDEM) to both
the CryoSat-2 (hDEMC) and ICESat-2 (hDEMI) locations; hence, the differences between the
ICESat-2 and CryoSat-2 heights (∆h) is calculated as

∆h = hICE2 −hC − (hDEMI −hDEMC) (4.3)

Within the investigated time period, there are approximately 1.87×107 hC points in to-
tal. The concurrent search of ICESat-2 point within 50 m radius per CryoSat-2 measure-
ments results in approximately 4.53×105 ∆h values in total (Section 4.4.1).

4.2.4. FIRN MODELS
To support the interpretation of the altimeter-derived parameters (LeW and ∆h), we
use firn density, melt water content (MWC) and firn air content (FAC) from two differ-
ent regional climate and firn models, the Modèle Atmosphérique Régional (MAR, Sec-
tion 4.2.4) and IMAU Firn Densification Model (IMAU-FDM, Section 4.2.4) respectively.

MODÈLE ATMOSPHÉRIQUE RÉGIONAL (MAR)
Layered firn densities and melt water content (MWC) over the study period are obtained
from the version 3.14 Modèle Atmosphérique Régional (MAR) forced by the ERA5 reanal-
ysis (Fettweis et al., 2017; Lambin et al., 2022; Grailet et al., 2024). The MAR outputs have
a spatial (horizontal) resolution of 10 km and a daily temporal resolution, whereas the
vertical resolution of the snowpack varies in time between 10 cm close to the surface
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to 5 m at the bottom of the snowpack. The MAR model resolves here the 20 first me-
tres of snow only and the weighted average density of the top layers (a threshold based
on Fig. 3) is calculated where the weight is the thickness of each firn layer (due to the
uneven vertical resolution). The firn density profile can be used to infer the amount of
volume scattering. For example, the presence of a refrozen layer (i.e. a layer with high
density; Nilsson et al., 2015; Otosaka et al., 2020) prevents the penetration of the radar
signal, hence reduces the volume scattering.

The MWC is used to restrict our analysis to non-melt conditions, in order to reduce
the impact of meltwater production on Ku-band radar and 532 nm laser. When MWC> 0,
meltwater is present in the firn layer, hence the altimeter-derived parameters. A nearest-
neighbour interpolation is performed to identify the MWC values at each CryoSat-2 lo-
cation.

To assess the timing and extent of melt–refreeze patterns, the meltwater production
and refreezing outputs of MAR (in the unit of mmWE d ay−1) are used as reference. To
provide insights into volume scattering variations, the total snow height change (i.e. the
snowfall accumulation) from MAR is adopted. We calculate the accumulated total snow
height change as the sum of daily total snow height change from the time of the intensive
melt (July, 2012; Nghiem et al., 2012) to September, 2024. The time series of these outputs
are visualised in Appendix 4.A. To be consistent with CryoSat-2 time series, the monthly
average density, melt and refreezing are computed from the daily data, and the monthly
integration of snow height change is computed from the daily snow height change.

FIRN DENSIFICATION MODEL (IMAU-FDM)
Alternatively, firn density, MWC and FAC with a 10-day temporal resolution are obtained
from the firn density model IMAU-FDM v1.2G (Brils et al., 2022). It is a Lagrangian 1D
firn model which computes the evolution of the firn thickness, density, temperature and
water balance. It uses a “bucket method" for computing meltwater percolation into the
firn. Its ability to accurately model firn properties has been validated in Brils et al. (2022).
At its surface, IMAU-FDM is forced by the output of the polar version of the Regional At-
mospheric Climate Model (RACMO2; Noël et al., 2018). Results from the model are avail-
able between October 1957 and December 2020. Similarly to the MAR data, we averaged
the density over the layers (the depth is determined based on Fig. 3).

The FAC is the vertically integrated porosity in the firn (Kuipers Munneke et al., 2015),
which is in the unit of metres. While density is calculated over the top layers, the FAC is
calculated for the entire firn column. FAC is the total porosity of firn, indicating the capa-
bility of the firn layer to retain meltwater (Vandecrux et al., 2019). Although the CryoSat-2
signals are restricted to observing only the top firn layers, we leverage the modelled FAC
time series to assess whether the observed melt–refreeze patterns notably influence the
broader firn conditions. The application of this dataset is two-fold. First, to understand
whether the firn conditions greatly altered in the recent decades when CryoSat-2 data
are available, we use IMAU-FDM firn density and FAC as a reference dataset to compare
with both LeW and MAR density monthly time series between January 2011 and Decem-
ber 2020. Second, to learn about the most recent changes of the Greenland ice sheet
with respect to previous decades, we derive a long-term time series (between 1961 and
2020) by computing the yearly average of the IMAU-FDM density and FAC. While FAC
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increases with elevation and can have a large spatial variation, i.e. approximately 0 to-
wards the margins and more than 20 m in the interior of the ice sheet, the juxtaposed
FAC over the entire studied area shows pronounced spatial variation and little tempo-
ral variation. Therefore, the temporal variation needs to be enhanced with respect to
the spatial variation in FAC. For this purpose, we remove the long-term mean of each
pixel (using the same grids as the resampled CryoSat-2 LeW) from the time series. The
monthly mean density and FAC are also computed to match the CryoSat-2 time series.

4.2.5. IN SITU DENSITY ACQUISITIONS
Besides the firn model data, we also use various available in situ density profiles from
Vandecrux et al. (2024) at different locations to show the impact of melt events on firn
layers. In situ measurements are helpful in providing insights into whether and where
refrozen layers persist within the Greenland firn and hence support the interpretation
of the LeW variations. We use available and published in situ densities in our analysis
if: (i) the acquisition site is within the CryoSat-2 LRM coverage; (ii) the acquisition con-
tains the 2012 or more melt layers to provide information on the existence and depth of
refrozen ice layers, (iii) the acquisition is vertically continuous, instead of one measure-
ment at a single depth. The adopted in situ measurements include the ones collected
along a trajectory between NEEM and East Greenland Ice-core Project (EGRIP) (Schaller
et al., 2016a), along the Expédition Glaciologique Internationale Au Groenland (EGIG)
line (Otosaka et al., 2020), from Summit and Saddle stations (MacFerrin et al., 2022), from
Greenland Traverse for Accumulation and Climate Studies (GreenTrACS; Lewis et al.,
2019), ice cores from central west Greenland (CWG; Trusel et al., 2018) and from Van-
decrux et al. (2023). The locations and corresponding densities are shown in Fig. 2.

4.2.6. STRATIGRAPHY AND ROUGHNESS DATA
In addition to the modelled firn properties and in situ densities, we use the vertical
stratigraphy derived from Rutishauser et al. (2024) to understand the formation of melt-
induced ice layers. We can also analyse the performance and sensitivity of the derived
LeW to the melt events by comparing the LeW with the stratigraphy dataset. The stratig-
raphy is represented by the vertical offsets between the ice surface height obtained by
the OIB ATM laser altimeter, and the 195 MHz OIB MCoRDS, acquired simultaneously
between 2011 and 2019, computed as

d z = hl aser −hr ad ar (4.4)

where hr ad ar is the height derived by picking the optimal peaks in MCoRDS surface re-
turns, and hl aser is the mean height of all laser observations within MCoRDS’ pulse-
limited footprint. The obtained d z values correspond with firn stratigraphy (a low d z
corresponds to a homogeneous vertical structure). Since d z increases with the vertical
heterogeneity of the firn, an increase in d z indicates the formation of refrozen layers
(Rutishauser et al., 2024). The d z dataset contains 15.5 million data points with an an-
nual temporal resolution (Rutishauser et al., 2024).

We use the surface roughness dataset derived by Scanlan et al. (2023) to analyse un-
der which circumstances the LeW variation is dominated by surface scattering, since
LeW can also be affected by topography and surface roughness (Chapter 3; Legrésy and
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Figure 2: In situ densities and locations of measurements acquired from Schaller et al. (2016b); Otosaka (2020);
Vandecrux et al. (2024). The background is the 1 km ×1 km ArcticDEM. Blue rectangles represent the transect
of interest used in Section 4.3.

Rémy, 1997). The dataset was created by adopting the Radar Statistical Reconnaissance
(RSR) technique in combination with a backscattering model. The temporal coverage of
the dataset is between 2013 and 2019 with a monthly resolution.

4.3. METHODS
Since LeW variations are driven by both surface and volume scattering, especially melt
and subsequent refreezing, we present a qualitative study of the relationship between
LeW variations and melt–refreezing events.

4.3.1. ASSESSMENT OF LEW’S ABILITY TO INDICATE SCATTERING VARIA-
TIONS

Since LeW variations can be affected by variations in both volume and surface scattering,
we first perform a comparison with the available remote sensing data of stratigraphy and
roughness (see Section 4.2.6).

First, to assess the potential of LeW in indicating the spatio-temporal variability in
volume scattering, we compare LeWs with d z values derived by Rutishauser et al. (2024).
Due to the large amount of d z points, we compute the mean d z values per OIB campaign
over the 10 km ×10 km grid consistent to the resampled resolution of LeW. Finally, we
mask out grid cells where either d z values or LeWs are not available.

Second, we compare the LeW data with the available roughness and topography data



4.3. METHODS

4

111

as spatio-temporal LeW variations can also be affected by surface scattering, which is
composed of surface roughness and topography (Chapter 3; Michel et al., 2014). On the
one hand, we use the Scanlan et al. (2023) roughness data to represent the wavelength-
scale surface roughness. We first resample the Scanlan et al. (2023) data to the 10 km×10 km
grid same as the LeW. The time series analysis of LeW and roughness data is two-fold,
where we juxtapose LeW and roughness data both (i) along a geographical transect con-
necting the NEEM site (Nilsson et al., 2015; Schaller et al., 2016a), Summit Camp and
South Greenland and (ii) along 10 different averaged elevation bands between below
1500 m and above 3000 m (Section 4.2.1). On the other hand, we also compare the LeW
data with the ArcticDEM standard deviation in order to assess the impact of macro-scale
roughness due to topographic variation on LeW.

4.3.2. CORRELATION ANALYSIS BETWEEN LEW AND ∆h

Since ∆h is a typical indicator of radar altimeter penetration ability (Michel et al., 2014),
we compute the correlation between all LeW and ∆h estimates to assess to what extent
the LeW variation is dominated by the penetration bias hence volume scattering. For
this purpose, we adopt the 10 km×10 km grid introduced in Section 4.2.2. Within each
grid cell, the Pearson correlation coefficients are computed between LeW and ∆h for all
valid ∆h estimations throughout the entire studied period. To assess the reliability of
the derived correlation between parameters, a p-value representing the significance of
the correlation is computed for each correlation coefficient; the correlation coefficient is
insignificant when the p-value exceeds 0.05 (Bermudez-Edo et al., 2018).

4.3.3. INTERPRETATION OF LEW’S SPATIO-TEMPORAL VARIATION

After the monthly gridded LeWs are obtained, we compute the average LeW between
every non-melt season (October every year to April of the following year), and assess the
difference in the averaged LeW between (i) every year and its previous year, and (ii) every
year and 2010, respectively. With the first comparison, we asses the annual changes in
volume scattering as melt events typically occur within summer season (June to August)
(Tedesco and Fettweis, 2020). With the second comparison, we assess the LeW recovery
since the extreme 2012 melt event (Tedesco et al., 2013).

To analyse the LeW variation with respect to the modelled firn properties, we per-
form the same two-fold time series analysis as proposed in Section 4.3.1, where the
spatio-temporal variations of LeW, FAC, MAR densities and IMAU-FDM densities are
juxtaposed and compared. The comparison is performed over two different time pe-
riods. The first one is between 2010 and 2024, when the CryoSat-2 Baseline E data are
available. This comparison is purely to assess the capability of LeW to indicate firn pro-
cesses. The second comparison is performed between 1960 and 2020, when IMAU-FDM
data are available. This comparison is a supportive assessment to understand whether
the firn processes are recent, and to provide insight and indications for future studies.
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4.4. RESULTS

4.4.1. HEIGHT DIFFERENCE BETWEEN ICESAT-2 AND CRYOSAT-2
The spatial distribution as well as the overall probability distribution of∆h between Jan-
uary 2019 and September 2024 are visualised in Fig. 3. It can be observed that when the
radar altimeter waveform is dominated by surface scattering, a 50 % threshold retracker
can result in an underestimated or negative laser-radar offset (Davis, 1997). For the anal-
ysis where we compare and interpret the spatio-temporal variations with firn properties,
we can observe from Fig. 3 that∆h is generally between 0 and 1.5 m on the interior of the
ice sheet, therefore this range is used to select valid ∆h that can be used as an indicator
of volume scattering. Following Chapter 3, large ∆h outliers below the 10th and above
the 90th percentiles will be excluded for further analyses.

Figure 3: Statistics of height difference between ICESat-2 and CryoSat-2 (∆h). (a) is the median ∆h per grid
cell in a 10 km ×10 km grid; the background is the 1 km ×1 km ArcticDEM. (b) is the probability distribution
function of ∆h with percentiles labelled in vertical lines.

4.4.2. LEW TIME SERIES COMPARED WITH VERTICAL STRATIGRAPHY
Figure 4 presents the time series of vertical stratigraphy d z, alongside the time series
of LeW. Both d z and LeW are generally high near the western margins, reaching up to
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Figure 4: Upper: d z computed by Rutishauser et al. (2024); lower: LeW in the corresponding time of acquisition
(indicated at the top of each column) as d z. The background is the 1 km ×1 km ArcticDEM.

around 2 m and 10 m, respectively. In contrast, both values are low in the high-elevation
interior of the ice sheet, with d z ranging from −0.2 m to 0.1 m and LeW between 1 m
and 4 m. However, in the southwest ablation zone, a low d z of around 0.1 m is observed,
while LeW remains high at approximately 10 m.

Within the coverage of CryoSat-2 LRM data, d z is approximately 0.5 m higher in 2013
than in the earlier years, but decreases to lower values between 2014 and 2019. In con-
trast, the reduction in LeW persists over a longer period. During the period from 2013 to
2019, LeW values from CryoSat-2 are 1 m to 2 m lower compared to the period between
2011 and 2012.

According to Rutishauser et al. (2024), increases in d z are linked to the formation of
ice slabs. The recovery of d z after 2013 suggests that the deposition of new snow between
2014 and 2019 covered the ice slabs beyond the MCoRDS’ penetration depth. In our
LeW time series, a reduction in LeW can be observed in 2013 within the high-elevation
area, following the 2012 melt event. This phenomenon indicates that LeW reduces due
to subsurface high-density layers that cause a reduced volume scattering (Partington
et al., 1989). On the contrary to d z that recovered after 2014, our LeW time series does
not show an immediate recovery. This observation is consistent with the layers with
elevated firn densities shown in Fig. 2. At locations such as N2E06, EGRIP and T12, thin
(approximately 0.1 m) high-density (more than 500 kg m−3) layers persist at around 1.5 m
depth in 2015 or 2017.

4.4.3. ASSESSMENT OF THE CONTRIBUTION OF SURFACE SCATTERING TO

LEW VARIATIONS

The comparison of the LeW and surface roughness time series between 2013 and 2019,
shown in Figures 5a and c, reveals a clear correspondence between these two variables.
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Figure 5: (a),(c),(e) LeW, surface roughness (represented by surface root mean square (RMS) height in unit of
metres) and variability of the topography (represented by the standard deviation of ArcticDEM per 10 km pixel)
along the north–south transect, respectively. A–D correspond to the inspected pixels highlighted in Fig. 2.
(b),(d),(f) LeW, surface roughness and topography grouped by the 10 elevation bands, respectively. Orange
colour indicates that the data are not available.

Zones of high surface roughness (greater than 6× 10−4 m) coincide with elevated LeW
values (greater than 6 m) around pixels C and D. The region south of pixel C corre-
sponds to Fig. 4 of van den Broeke et al. (2023), where the modelled melt extent exceeds
10 kg m−2 yr−1. Similarly, in Figures 5b and d, regions with high LeW (greater than 7 m)
are associated with increased surface roughness (greater than 8×10−4 m) at elevations
below 1800 m.

Figure 5e demonstrates that the spatial variation in topography follows a similar pat-
tern to the LeW (Fig. 5a), with a high standard deviation of elevation per grid cell (greater
than 50 m) around pixel D, where the roughness data is not available. Figure 5f shows
that the complexity of the topography decreases with increasing elevation, a trend that
mirrors the LeW pattern in Figure 5b, where LeW generally increases as elevation de-
creases.

This combined analysis of surface roughness and topography indicates that LeW
tends to increase in areas where surface roughness is high and the topography is com-
plex.
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4.4.4. ASSESSMENT OF CORRELATION BETWEEN LEW AND ∆h

Figure 6: (a) Map of correlation coefficients between ∆h and LeW, and (b) map of p-values of correlation
coefficients between∆h and LeW. The background is the 1 km ×1 km ArcticDEM. (c) 2D histogram showing the
relationship between all LeW and ∆h points. The point density is calculated using Gaussian kernel estimation
(Węglarczyk, 2018). (d) Histogram of correlation coefficients when all correlation coefficients are considered
in blue, and when only significant correlation coefficients are considered (p-value≤ 0.05) in orange.

Figure 6 presents the correlation coefficients between the∆h and LeW time series for
each 10 km×10 km grid cell. Overall, within the CryoSat-2 LRM coverage, LeW and ∆h
exhibit a generally positive correlation, with a median value of approximately 0.6. The
histogram in Figure 6d further highlights that the correlation between LeW and∆h tends
to be positive over the study areas.

The significance of these correlations, as indicated by the p-values, shows that the
correlation coefficients are generally more significant in the interior of the ice sheet com-
pared to the margins. When applying a threshold (0.05) on the p-value to focus on pixels
with significance, the median correlation coefficient remains at around 0.6. The lower
correlation and significance towards the margins can likely be attributed to higher sur-
face scattering, which is caused by surface roughness and topographic variation (Legrésy
and Rémy, 1997; Nilsson et al., 2015), as demonstrated earlier in Section 4.4.3. We in-
terpret this observation as follows. When surface scattering dominates the variation of
LeW, the effect of volume scattering cannot be reflected by LeW time series. The per-
formance of ICESat-2 may be compromised due to the large slopes and rough surfaces
(Smith et al., 2023c). Although LEPTA used for deriving height estimates from CryoSat-2
has been optimised based on topography, the performance towards the margins is still
less ideal than the interior (Chapter 3).

The positive correlation between LeW and ∆h suggests that within the interior of
Greenland, as LeW increases, the laser-radar height offset also increases, indicating a
rise in volume scattering. However, the correlation coefficients do not exceed 0.9 overall.
This aligns with the findings of Nilsson et al. (2015), which showed that LeW was more
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sensitive to ice-lens formation and volume scattering variations than ∆h. Nevertheless,
LeW was used as an indirect parameter to assess volume scattering, particularly when
ICESat-2 data were not available.

4.4.5. ASSESSMENT OF INTER-ANNUAL LEW VARIATIONS

Figure 7: (a) Difference between the average LeW over the period of October to the following April of every year
and the average LeW over the period of October to the following April of the previous year, and (b) difference
between the average LeW over the period of October to the following April of every year and the average LeW
over the period of October 2010 to April 2011.

Figure 7a presents the differences in averaged autumn—spring LeW between con-
secutive years. The indicated years are the years in which October occurs. It shows a
notable reduction (greater than 2 m) in LeW over the interior of the ice sheet between
2011 and 2012, followed by a recovery between 2013 and 2015, with an increase of ap-
proximately 0.5 m. This initial reduction in 2011—2012 indicates a decrease in volume
scattering, corresponding to the extreme melt event and subsequent ice-lens formation
in 2012 (Tedesco et al., 2013; Nilsson et al., 2015). The recovery between 2013 and 2015
suggests a return to stronger volume scattering, likely due to new snow deposition hence
the downward movement of ice lenses (Rennermalm et al., 2021).
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Similarly, between 2018 and 2019, LeW experiences another minor drop of about 1 m,
which coincides with the early melt observed in April and May 2019 (Tedesco and Fet-
tweis, 2020) and the strong melt events between June and December 2018 that reduced
volume scattering. Between 2019 and 2023, LeW increases and decreases alternately oc-
cur over the northern and southern parts of the interior of Greenland.

Figure 7b compares the average LeW (from October to the following April) of each
year with the average LeW between October 2010 and April 2011, highlighting long-term
variations relative to the extreme melt year of 2012. All years show a negative difference
in the interior to western side of the ice sheet, except for the difference between 2010 and
2011, indicating that after the 2012 melt, LeW does not fully recover. It remains approxi-
mately 1.5 m below 2010 levels in the centre-west of the ice sheet. The area with negative
values (i.e., no LeW recovery since 2012) shrinks between 2013 and 2018, expands again
in 2019, remains stable until 2021, and recovers again until 2023.

When combining Figs. 7a and b, a notable recovery in LeW since 2012 is evident. This
recovery can be attributed to new snow deposition on top of the ice lenses, although it
was interrupted by the melt event in 2019.

4.4.6. ASSESSMENT OF LEW TIME SERIES IN RELATION TO FIRN PROPERTY

VARIATIONS
Figure 8 shows the monthly mean LeW, MAR density, IMAU-FDM density, and detrended
FAC time series along the transect highlighted in Fig. 2. The most significant reduction
in LeW in Fig. 8a aligns with the sharp decrease in 2012, also shown in Fig. 7.

In the pixels north of pixel C, the monthly mean LeW is generally high (above 3 m) be-
fore the 2012 melt event, after which it abruptly drops below 1.5 m and gradually recovers
until 2018. Along with the LeW reduction in 2012, both the MAR and IMAU-FDM models
show increased average densities in the upper 1.5 m due to refreezing (Fig. 4.A.1c). Since
2018, LeW has fluctuated around 2 m, with annual drops occurring each summer from
2018 to 2023. Although these yearly declines are not as prolonged as in 2012, they occur
more frequently than before 2018. In 2019, the detrended FAC in these regions drops by
approximately 0.2 m and remains lower than pre-2019 levels. The density also increases,
remaining higher than pre-2012 levels. These observations align with Fig. 7, which shows
that LeW in the interior of the ice sheet dropped after the 2012 melt event, gradually re-
covered between 2014 and 2019, and stabilised between 2019 and 2023, remaining about
1.5 m below 2010 levels.

In the pixels south of pixel C, the monthly mean LeW since 2010 does not show re-
markable anomalies related to melt events (Fig. 4.A.1b). These pixels experience recur-
rent melting each year, as indicated by the density time series, which increase every sum-
mer. Densities in the southern pixels are also 10 kg m−3 to 100 kg m−3 higher than those
in the north, and the drop-and-recovery pattern of FAC is more pronounced in the south.
The regions around pixel C and pixel D exhibit consistently higher LeW values (greater
than 6 m) than those between pixels C and D (2 m to 4 m).

Our interpretation of the LeW patterns suggests that in the region between pixels A
and C, the snow was initially dry before the 2012 melt, resulting in LeW patterns domi-
nated by large volume scattering. The 2012 melt and the subsequent refreezing reduced
volume scattering, causing a drop in LeW. LeW gradually recovered as the refrozen layer
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Figure 8: Monthly mean LeW, MAR density of the top 1.5 m of snow, IMAU-FDM density, and IMAU-FDM firn
air content (FAC) time series per pixel along the transect visualised in Fig. 2. The FAC time series are processed
subtracting the long-term mean of each pixel. The y-axes refer to the distance from the northernmost pixel.
Arrows indicate the inspected pixels A–D. Large LeW decreases with respect to the previous month for pixels
north of pixel C are labelled. Blue (a) or grey (b–d) colour indicates the values that are not available.
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was buried, leading to the restoration of volume scattering. However, this recovery was
interrupted by more recent and frequent melt events. In contrast, the regions south of
pixel C show relatively stable LeW throughout the time series, as the melt–refreeze cycle
occurs annually and the snow deposition rate is higher (shown in Fig. 4.A.1), causing less
dramatic changes in volume scattering. Finally, the high LeW around pixels C and D is
likely due to increased surface scattering caused by surface roughness and topography
(Legrésy and Rémy, 1997), as discussed earlier in Section 4.4.3.

Figure 9: Time series of monthly mean LeW, density from MAR, density from IMAU-FDM, and detrended FAC
from IMAU-FDM, grouped by a down-sampled (gridded) DEM. Blue (a) or grey (b–d) colour indicates that the
data are not available. A map of the gridded DEM is provided on the right (e), with the original 1 km ×1 km
ArcticDEM as background.

Figure 9 shows the variations in LeW, MAR density, IMAU-FDM density, and IMAU-
FDM FAC (detrended by subtracting the long-term mean) between September 2010 and
September 2024 for different elevation groups. In the low-elevation regions (below 1800 m),
the LeW remains consistently high (around 9 m), with seasonal fluctuations of approx-
imately 2 m during several years. For example, LeW decreases by about 2 m between
June and August in 2013, in 2014, and in 2019. The density in these low-elevation areas
also remains higher than in other parts of Greenland, with noticeable seasonal variations
(densities increase in June). These density increases coincide with annual decreases in
detrended FAC between June and August which correspond to the melt season.
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Above the 1800 m elevation, a reduction in LeW is observed across all elevation groups
following the 2012 melt event. The reduction is approximately 2 m in regions above
1800 m. This LeW reduction in mid-2012 corresponds to the widespread melting, in-
creased densities in both MAR and IMAU-FDM models, and a decline in detrended FAC.
Smaller increases in density and decreases in FAC were also observed in mid-2015, mid-
2016, and mid-2019 above 1800 m, with a slight decline in LeW during mid-2016 and
mid-2018.

From the time series, we also observe that in the 1800 m–2200 m range, the LeW
recovery rate is faster than in regions above 2200 m (approximately 0.6 m yr−1 versus
0.2 m yr−1). By spring 2018, in areas above 1800 m, the LeW had nearly returned to
pre-2012 levels (about 1 m lower). However, it temporarily dropped in mid-2018 by
about 0.5 m and has since fluctuated around that level. This trend is consistent with
the observations in Fig. 7b. Notably, our time series indicates that aside from the well-
documented 2019 melt event (Tedesco and Fettweis, 2020) (characterised by density in-
creases and FAC decreases), a change in volume scattering already occurred in mid-2018.
This led to a slight decrease in LeW above 2200 m, suggesting reduced volume scattering.
However, unlike other events, the LeW decrease in mid-2018 does not correspond to a
density increase or FAC decrease in the models.

Figure 10: (a) Monthly mean LeW between Sept. 2010 and Sept. 2024 with long-term mean removed, grouped
by gridded DEM. (b) Annual mean density between 1961 and 2020 from IMAU-FDM with long-term mean
removed, grouped by gridded DEM. (c) Annual mean FAC between 1961 and 2020 from IMAU-FDM with long-
term mean removed.

Finally, Fig. 10 displays the monthly mean LeW between 2010 and 2024, and the an-
nually mean IMAU-FDM density and FAC time series from 1961 to 2020 for different el-
evation groups, where the long-term mean values are removed from each parameter to
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visualise the contrast. This comparison aims to determine whether the changes in vol-
ume scattering observed in CryoSat-2 LeW show a recent instability in Greenland’s firn.
Above 2000 m, densities have increased by approximately 20 kg m−3 since 2012. In the
past decade, FAC below 2000 m dropped considerably compared to earlier periods. In
contrast, FAC values above 2200 m in the past decade are similar to those observed be-
tween 1975 and 1985, although they are lower than FAC values between 1985 and 2010.
Between 2012 and 2020, FAC experienced slight drops and recoveries that correspond to
the LeW pattern between 2012 and 2018, followed by another decline between 2018 and
2020, which also aligns with LeW trends. The comparison shows that, although LeW and
the top 1.5 m density indicate large variations within the recent decade, the FAC does
not indicate essential firn condition changes.

4.5. DISCUSSION
This study explores the capability of using LeW derived from CryoSat-2 waveforms to
assess the spatial and temporal variations of the volume scattering properties of firn
in Greenland. By comparing the LeW time series with the vertical stratigraphy from
Rutishauser et al. (2024), we observed a slower recovery of firn following the 2012 melt
event in the interior dry snow zone of Greenland compared to their findings. We explain
the discrepancy as follows. CryoSat-2 LRM operates in a different manner from the OIB
MCoRDS radar. While we used ∆h and LeW to indicate the terrain topography, rough-
ness and part of the firn layer that have an impact on radar altimeter’s waveforms, the
Rutishauser et al. (2024) study tracks the peak of the the reflected radar signal. Therefore,
in the Rutishauser et al. (2024) study, a perfectly dry-snow condition results in d z = 0,
indicating the radar reflection from the air-firn interface, while in our study, dry snow
results in ∆h > 0, indicating the height offset between laser and radar due to radar pen-
etration. With the formation of an ice lens, d z from the Rutishauser et al. (2024) study
increases, as another strong subsurface reflector is detected, while in our study, ∆h and
LeW immediately drop due to the reduction of Ku-band penetration ability. This dis-
tinction shows LeW’s focus on volume scattering, which contrasts with the limitations
of d z in accounting for topography, roughness, and timing corrections of the MCoRDS
signal, as noted by Rutishauser et al. (2024). Our findings suggest that CryoSat-2 LeW,
with its greater sensitivity to volume scattering, provides a more reliable tool for assess-
ing firn recovery in the dry-snow zone, where surface scattering is minimal. The spatial
and temporal continuity offered by CryoSat-2 is another advantage over OIB data, which
is more spatially limited. CryoSat-2’s Greenland-wide coverage enables a more compre-
hensive tracking of firn evolution, particularly in remote regions where OIB data may not
be available, providing a more detailed overview of post-melt firn processes.

However, outside of the central dry snow zones, LeW is less effective in tracking melt–
refreeze processes, as surface features such as roughness and topography begin to domi-
nate its variability. This was confirmed through comparisons with ArcticDEM, firn mod-
els, and the data from Scanlan et al. (2023). To further validate LeW as a measure of
firn changes, we compared it with laser-radar height offsets (calculated as the height
difference between ICESat-2 and CryoSat-2). Overall, the relationship is similar to the
conclusion of Michel et al. (2014), who proposed a linear function between LeW and
penetration depth in flat regions of Antarctica. Our study, although not explicitly defin-
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ing a “flat" region, delineated the interior of Greenland where the correlation between
LeW and laser-radar height offsets is positive (around 0.6) and is significant (p ≤ 0.05).
By distinguishing areas where LeW is dominated by volume scattering from those domi-
nated by surface scattering, our study provides a valuable framework for understanding
firn response to melt events across different regions of Greenland.

This study is the first known demonstration of a Greenland-wide (within the CryoSat-
2 LRM data coverage) LeW time series analysis, supported by two different firn models.
The time series between 2010 and 2024 show that the 2012 melt event had a more pro-
longed impact than any other following melt events, resulting in a reduction in LeW that
persisted until 2018, especially over the central-west Greenland. Recurrent melt events
since 2018 have interrupted the firn recovery that was expected by Nilsson et al. (2015),
underscoring the importance of monitoring these processes over long timescales. These
findings highlight the value of CryoSat-2 LeW in assessing post-melt firn evolution, par-
ticularly at higher elevations.

When observed over a longer time scale (between 1960 and 2020), firn models indi-
cate that the most pronounced firn changes, such as increases in density and decreases
in FAC, occur below 1800 m elevation. At these lower elevations, LeW changes are less
pronounced, showing a less than 1 m reduction compared to the long-term mean. In
contrast, at elevations above 2250 m, LeW is comparably sensitive to the long-term ef-
fect of refreezing layer as FAC and density, while exhibiting higher sensitivity in 2018.
This sensitivity suggests that LeW data could play a crucial role in refining firn models,
especially for higher elevations, where existing models may underestimate the impacts
of melt events on volume scattering.

Our findings indicate that in southern and low-elevation regions of Greenland, where
surface scattering dominates and melt events are more frequent, LeW is less effective in
capturing firn changes. Future studies could address these limitations by incorporat-
ing additional altimeter-derived parameters such as trailing edge slope (TeS), waveform
peakiness, and backscatter coefficients, which are more sensitive to surface scattering
processes (Nilsson et al., 2015). These parameters, combined with LeW, would offer a
more complete picture of surface and volume scattering interactions.

To better simulate the complex contributions of surface and volume scattering, ra-
diative transfer models (Adodo et al., 2018; Larue et al., 2021) can be employed. These
models, when taking into account the varying viewing geometry of the satellite, can en-
able more accurate representations of how melt–refreeze processes (characterised by
varying temperature, firn density, microstructure and grain size) impact firn properties.

The ongoing ICESat-2 mission should also continue to provide the opportunity to
indicate Ku-band radar penetration abilities, which also allows to continuously moni-
tor changes in subsurface firn due to melt–refreeze processes. This could complement
CryoSat-2 data, offering a higher-resolution view of firn structure over time. Combin-
ing radar altimeter data from different frequencies can also help derive volume scatter-
ing information from different subsurface layers. According to Lacroix et al. (2008) who
compared waveform parameters from S-band and Ku-band radar altimeters, the impact
of surface scattering as well as from snow grain size decreases with an increasing radar
frequency. According to Scanlan et al. (2023) who derived firn properties using both
Ku-band and Ka-band radar altimeters, radar altimeters operating in a lower frequency
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are sensitive to firn densities at a larger depth. For future dual-frequency radar altime-
ters, e.g. the Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL) mission
which operates in both Ku- and Ka-bands (Kern et al., 2020), the different penetration
abilities and sensitivities to firn properties offer the potential of a multi-layered analy-
sis approach. For a higher frequency such as Ka-band, the penetration depth is smaller,
hence we expect a quicker recovery of LeW after a melt event than that of Ku-band. This
different recovery rate can help future studies to locate the subsurface refrozen layers
and derive accumulation rate. Such a multi-layered approach can be particularly useful
in regions where surface and volume scattering overlap, offering more nuanced insights
into firn changes.

To enhance future firn studies, LeW data can be integrated into firn models to im-
prove predictions of melt impacts on volume scattering, particularly at higher eleva-
tions. Although not presented in this study, the up-to-date Goddard Space Flight Center
(GSFC) firn model (Medley et al., 2022) and Glacier Energy and Mass Balance (GEMB)
firn model (Gardner et al., 2023) can also be incorporated in the satellite time series
analysis by both qualitatively indicating the presence of subsurface ice lenses and by
quantitatively deriving firn properties with radiative transfer models. By using interdis-
ciplinary approaches, we can deepen our understanding of how melt events affect firn
properties over the long term, improving our ability to predict future ice sheet dynamics.

4.6. CONCLUSIONS
This study explored and demonstrated the possibility for using the LeW derived from
CryoSat-2 to assess spatio-temporal changes in Greenland firn status caused by melt–
refreezing events. While previous studies indicated a recovery pattern in LeW when new
snow is deposited on top of the refrozen layers, our study further investigated whether
this snow deposition can be observed with the help of LeW time series over the long-
term. Our analysis showed that the recovery speed can be related to the elevation and
new snow deposition. However, the recovery is hampered by more recent melt events
(although not as severe as the 2012 event). In central-west Greenland, the LeW never re-
covered to the pre-2012 level; in regions where LeW managed to recover, new melt events
resulted in new LeW reductions, which indicates a reduction in volume scattering hence
a reduction in its capacity to store meltwater. Such alternation can also be confirmed us-
ing the long-term time series, which showed a decreasing LeW, an elevated density and
a decreasing FAC in recent decades.

Finally, this study has demonstrated the reliability and limitations for using LeW from
radar altimeter to understand the volume scattering variations and associated firn pro-
cesses, paving the way for the study of subsurface firn processes in a changing climate.
The use of a combination of CryoSat-2 and ICESat-2 height measurements can also con-
tribute to the study of Ku-band penetration ability hence volume scattering.





APPENDICES

4.A. LEW AND MAR MELT, REFREEZE AND TOTAL SNOW HEIGHT

CHANGE TIME SERIES
Figure 4.A.1 illustrates the time series of monthly mean LeW, MAR meltwater production,
meltwater refreezing and accumulated total snow height change along the transect high-
lighted in Figure 2. The meltwater production and refreezing correspond to the density
increases in Figure 8b. Figure 4.A.1a indicates that the overall decrease in LeW in 2012
corresponds to both the extensive meltwater production as well as refreezing. Further-
more, a slight LeW decrease in mid-2019 between pixels A and C also corresponds with
the melt–refreezing event. By comparing Figure 4.A.1a and Figure 4.A.1d, we notice that
north of pixel B shows a slower LeW recovery than between pixels B and C, which corre-
sponds to a lower cumulative total snow height change (i.e snowfall accumulation) from
the July 2012.

Similarly, we present the time series per elevation group in Figure 4.A.2. The melt–
refreeze patterns correspond with the density increases in Figure 9b. However, differ-
ently from Figure 4.A.1a and Figure 4.A.1d, Figure 4.A.2a and Figure 4.A.2d do not show
a high correspondence between LeW recovery and total accumulated snow: the total
accumulated snow height from July 2012 shows the highest increase between 2014 and
2024 at around 2400 m elevation, while the fastest LeW recovery occurs between 1800 m
and 2200 m. This discrepancy could be attributed to the significantly larger snow ac-
cumulation in the South of Greenland than the North, despite being at the same eleva-
tion.
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Figure 4.A.1: Monthly mean LeW, daily MAR surface meltwater production, daily MAR meltwater refreezing,
and daily accumulated total snow height change (i.e. snow accumulation) from 12 July 2012 time series per
pixel along the transect visualised in Figure 2. The LeW and MAR total snow height change time series adopt
a diverging colour bar to enhance the contrast. The y-axes refer to the distance from the northernmost pixel.
White colour indicates the values that are not available. Arrows indicate the inspected pixels A—D.
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Figure 4.A.2: Monthly mean LeW, daily MAR surface meltwater production, daily meltwater refreezing, and
daily accumulated total snow height change (i.e. snow accumulation) from July 2012 time series grouped by
a down-sampled (gridded) DEM. The LeW and MAR total snow height change time series adopt a diverging
colour bar to enhance the contrast. White colour indicates that the data are not available. A map of the gridded
DEM is provided on the right, with the 1 km ×1 km Helm et al. (2014) DEM as background.
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5
CONCLUSION

The goal of this thesis was to propose and assess the applications of various satellite data
in observing firn processes on GrIS and AIS. This chapter, therefore, summarises the
main conclusions of this thesis in Sect. 5.1, where research questions posed in Sect. 1.4
are answered, and the framing of our study into the state-of-art is discussed. Section 5.2
discusses the implications of our work for cryosphere studies, and provides recommen-
dations for future works.

5.1. CONCLUSIONS
• What is the added value of combining radiometer and scatterometer data in es-

timating firn density in the Antarctic dry-snow zone?

To address this research question, Chapter 2 explored the information from a com-
bination of 10-year time series from passive (SSMIS) and active (ASCAT) satellite
microwave instruments. Starting from a correlation analysis between satellite time
series from each acquisition channel of both satellite missions and IMAU-FDM
firn density time series at different depths, this study demonstrated the complex-
ity of relating firn density with observations from a single satellite, in turn stressing
the need of a non-linear model to estimate firn densities using satellite data. Fur-
thermore, this analysis provided indications on the optimal depth where firn den-
sities can be effectively estimated with satellite data. The firn density at the depth
of 40 cm was selected as the optimal target to assess our estimation method.

An unsupervised machine learning approach (hierarchical clustering method) was
subsequently applied to a combination of satellite time series, where the long-
term mean was removed from the time series of each satellite data, in order to mit-
igate the effect of high-density ice lenses formed through a melt–refreezing event
(Nicolas et al., 2017). This analysis successfully distinguished the timing and cov-
erage of the melt event in West Antarctica in January 2016 (Nicolas et al., 2017) by
detecting an abrupt rise in σ0

A time series, which indicated the presence of a sub-
surface, high-density scatterer (Joughin et al., 2008). A sharp, instantaneous rise in
TB was also observed, indicating meltwater production (Johnson et al., 2020). Sim-
ilarly, other regions that potentially underwent melt in January 2014 and 2019 were
identified. However, in regions where ice-lens formation was not pronounced, this
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method could underestimate the amount of melt pixels, identifying more dry-firn
pixels compared to previous studies (Trusel et al., 2012; Fraser et al., 2016). Finally,
the dry-firn regions identified in our result showed a similar spatial pattern to the
2003–2019 ice sheet mass changes in East Antarctica, shown as Fig. 4 in Stokes et al.
(2022). Our classification provided a different aspect from the study of Tran et al.
(2008), who attributed their classification outcome to topography. Therefore, from
our clustering experiment, different snow types could be identified and proven
useful in the following experiment, where pixels used as the training dataset well
represented different types and regions of the AIS.

Using the dry-firn pixels defined by the previous step, the RF regression method
was used to estimate firn densities at 40 cm depth. 10 % of IMAU-FDM densities
were used as the training dataset, while the total IMAU-FDM densities were used
as a validation dataset. The densities obtained by the RF approach, when averaged
over time, demonstrated similar spatial patterns as the IMAU-FDM densities, with
larger biases in coastal and mountainous regions. Such similar spatial patterns
between IMAU-FDM and RF-derived densities were similar to the observation of
Fraser et al. (2016), who demonstrated that both densities and ASCAT observations
were largely influenced by temperature in the long-term.

However, the temporal correspondence between RF-derived densities and IMAU-
FDM densities, indicated by temporal correlation coefficient and the RMSE be-
tween the two sets of densities, was compromised. On the one hand, Chapter 2
was primarily based on the assumptions from Champollion et al. (2013), where
the difference between V- and H-polarised TB increased as a result of hoar-crystal
disappearance and the associated density increase, and from Fraser et al. (2016),
where σ0

A was indirectly correlated with firn density through precipitation (a low
density is the result of a high precipitation). This is still an over-simplified as-
sumption compared to the realistic physical process, where the grain size and
microstructure of firn have a non-negligible impact on dielectric properties and
hence affect TB and σ0

A (Picard et al., 2018). Surface roughness and layering are
other major influential factors for σ0

A variations (Picard et al., 2018). As grain size,
microstructure, surface roughness and layering are not represented in the RF parametri-
sation, the method proposed in Chapter 2 only reproduces the IMAU-FDM density
over the areas where the surface is flat and the grain size does not undergo a drastic
temporal variation due to the lack of wind compaction (Veldhuijsen et al., 2023):
in these areas, grain size and density often exhibit strong correlations (Mätzler,
2002), while other factors such as surface roughness and temperature gradient
are less impactful. This mechanism allows the RF to capture the general density
variations effectively, as TB and σ0

A can reflect trends in both grain size and den-
sity. In contrast, in regions with pronounced temporal variations, e.g. wind com-
paction, melt and temperature gradient, capturing general patterns of firn density
and grain size is insufficient. In these regions, it is crucial to understand the ef-
fect of density, grain size and roughness on satellite signals separately, in order to
effectively perform a data-driven density estimation. On the other hand, as the
RF regressor largely relies on the training data, i.e. IMAU-FDM density, wherever
IMAU-FDM does not sufficiently represent the density, the errors are propagated
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to the RF-estimated density.

Chapter 2, compared to the typical radiative transfer approach to derive firn prop-
erties (Kar and Aksoy, 2024), fell short in providing a quantitative relationship be-
tween different properties and the satellite observations. The amount of firn prop-
erties that could be retrieved is therefore also limited. However, the machine learn-
ing approach has shown the advantage of being data-driven and computationally
efficient when implemented over a large terrain. Overall, both the radiative trans-
fer modelling approach (Kar and Aksoy, 2024) and our approach showed biases
that should be corrected for by including ancillary data that provide more insights
into accurate meteorological phenomena and firn densification processes.

In summary, the combination of radiometer and scatterometer data used in Chap-
ter 2 could provide a long-term overview of firn density in flat and dry regions
of AIS, especially when seasonal variations in wind velocity and direction are not
dominant. On the contrary, the requirement for the RF model to account for other
influencing factors such as grain size, grain shape and roughness highlights the
limitations of the model in detecting firn-property anomalies. Future research
should focus on enhancing the sensitivity of satellite signals to individual firn prop-
erties and on improving the robustness of machine-learning models in dynamic
environments.

• How can radar altimeter waveform information be used to improve the correc-
tion for slope-induced errors in height estimation?

To answer this search question, Chapter 3 proposed a method (LEPTA) to cor-
rect for slope-induced errors in height estimation using CryoSat-2 LRM L1b data.
The method defined a search range based on the leading edge of a radar altime-
try waveform, and searched for points on the measured terrain that are located
within the defined range using a high-resolution (100 m) DEM. The location of the
impact point, i.e. the radar reflection point, was calculated as the averaged DEM
points. The height estimates using LEPTA were validated against the height mea-
surements provided by concurrent ICESat-2 L3A Land Ice Height (ATL06) prod-
ucts as a performance assessment. The performance of LEPTA is simultaneously
compared with previously existing methods, namely the “slope” method and the
“point-based method” (Levinsen et al., 2016).

Statistics of difference between heights estimated by CryoSat-2 and heights mea-
sured by ICESat-2 showed that LEPTA outperformed the slope and point-based
methods, as well as the CryoSat-2 LRM L2 products. The improvements are most
notable compared to the slope method towards the margins of GrIS, showing the
reliability of LEPTA for incorporating the leading edge information into the height-
estimation process.

Furthermore, LEPTA demonstrated sensitivity to several factors, including the def-
inition of search range on the leading edge, retracker threshold, systematic DEM
bias, and DEM resolution. In addition, the sensitivity of height to the retracker
threshold showed that when the threshold is lower than 70 %, the derived heights
typically indicated the depth of the radar return within the firn layer. This indica-
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tion provided a theoretical basis when determining the proper threshold used to
assess penetration depth for the next research question. All comparisons demon-
strated that LEPTA is a promising method that can be recommended to obtain
more accurate height measurements with pulse-limited radar altimetry, especially
in regions with complex topography.

Finally, the LEPTA method has provided indications for processing multi-peak wave-
forms acquired from SAR altimeters, which operate in non-interferometric delay-
Doppler mode (Huang et al., 2024). Such an improvement enables the analysis of
the margin regions of both AIS and GrIS, which will provide more opportunity for
a more ice-sheet-wide, comprehensive firn property analysis.

• To what extent can a long-term analysis of radar altimeter data improve the un-
derstanding of firn processes over Greenland?

To investigate this research question, Chapter 4 focused on the impact of firn pro-
cesses on the volume scattering properties of the satellite radar altimeter. The
study was based on the assumption that when melt occurs, the penetration depth
of microwave is reduced: following the melt, a high-density ice layer forms as a re-
sults of refreezing, which acts as a near-surface reflector, reducing the penetration
depth hence volume scattering. Finally, as new snow is deposited on top of the ice
layer, the penetration depth of microwave recovers (Nilsson et al., 2015).

Due to the increasingly frequent melt over GrIS in recent decades, Chapter 4 bet-
ter verified and monitored such an assumption in a more continuous manner.
We exploited the long-term variation (between September 2010 and September
2024) of the leading edge width (LeW) information from the CryoSat-2 waveforms.
The study was conducted over the regions covered by CryoSat-2 LRM data in the
GrIS. Although the LeW was mainly influenced by volume scattering, the impact
of surface scattering could not be neglected (Legrésy et al., 2005; Nilsson et al.,
2015). Therefore, Chapter 4 explored the relationship between LeW and surface
roughness data from Scanlan et al. (2023), the topography derived from ArcticDEM
(Porter et al., 2018), and a height difference between ICESat-2 and CryoSat-2 de-
rived from Chapter 4. This study showed capability of delineating the regions over
the interior of GrIS where volume scattering is dominant in LeW variations: the
regions where surface scattering is dominant correspond to the study of van den
Broeke et al. (2023), where the modelled melt extent exceeds 10 kg m−2 yr−1.

Using firn densities from two different models, MAR and IMAU-FDM, the LeW
time series anslysis proposed in Chapter 4 could identify the melt and ice-lens
formation due to the consequential increase of densities. Using FAC data from
IMAU-FDM, Chapter 4 also provided an assessment of the potential depletion of
Greenland firn. We juxtaposed the long-term time series of LeW and firn den-
sities to provide a spatio-temporal analysis of how the melt–refreezing processes
impact the firn condition in the long run, and observed that while LeW drops gen-
erally corresponded with the melt–refreezing events shown in firn densities and
FAC time series, the overall LeW trend was more sensitive than the models to the
prolonged impact of ice-lens formation on the volume scattering properties of the
Greenland firn.
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Although the theoretical scenario is that the LeW gradually recovers after the melt,
indicating a recovering volume scattering hence a recovering firn condition (Nils-
son et al., 2015), our observations indicated otherwise. The extent of drops and re-
covery of LeW time series depended on the extent of melt and also varied between
regions. The drop-recovery pattern in LeW time series has been increasingly fre-
quent in the recent decade. In regions such as the central-west Greenland, the
LeW could not recover to the pre-2012 level, whilst in the central-east, the LeW re-
covered and dropped again following the recent melt events since 2018. Regions
in the south of GrIS already demonstrated a relatively stable LeW compared to the
north, as these regions are already dominated by annually recurring melting as
well as large surface scattering.

Finally, we also compared our LeW time series with the stratigraphy derived by
Rutishauser et al. (2024). The comparison showed that LeW was more sensitive to
the long-term persistence of the sub-surface ice layers than the Rutishauser et al.
(2024) study. In addition, the satellite-derived products have the advantage than
the airborne-derived products due to higher spatio-temporal coverage and conti-
nuity.

Overall, this PhD focused on ice-sheet-wide, long-term variations of satellite param-
eters, and demonstrated the indications of such variations in relation to firn processes.
Novel methods of analysing satellite parameters have been proposed and assessed, with
the limitation discussed. From this PhD, we also demonstrated the discrepancies be-
tween satellite parameters and firn models, indicating how satellite parameters can be
integrated in further studies to improve firn models (Veldhuijsen et al., 2023).

5.2. RECOMMENDATIONS
While this PhD has proposed methods to utilise and analyse the long-term, ice-sheet-
wide satellite observations in relation to assessing firn processes, including a data-driven
approach to estimate Antarctic dry-firn density and analysing spatio-temporal melt–
refreezing patterns over Greenland, potential improvements and indications should be
considered for future studies.

In Chapter 2, where the objective was to estimate firn densities over the AIS through
a data-driven approach, two major assumptions were adopted. One assumption was
that the IMAU-FDM density could be regarded as “true" data, despite its apparent dis-
crepancy with in situ density measurements provided by the SUMup database. The other
assumption was that the TB properly reflected the temperature variations, whileσ0

A vari-
ation is influenced by firn density (as a result of varying precipitation and temperature)
(Fraser et al., 2016). However, both assumptions were over-simplified. With the contin-
uously updating SUMup database (Vandecrux et al., 2024), we encourage to add more in
situ density measurements to the training dataset. Meanwhile, as the SUMup database
continues to provide in situ temperature and SMB data, these data can also be utilised for
a better parametrisation that takes into account the actual climate factors within the ma-
chine learning model. The incorporation of the in situ density data and of the measured
parameters that drive density variations could improve the training quality of machine-
learning models.
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Currently, the RF approach based on TB and σ0
A only works well in reproducing the

IMAU-FDM density where the seasonal wind variation is not pronounced, hence the firn
density and grain size are stable. Since the TB and σ0

A are affected by firn density, grain
size, grain shape and layering in a more complex manner than assumed in Chapter 2, fu-
ture studies could benefit from establishing a more sophisticated relationship between
satellite parameters and firn parameters using snow radiative transfer models. The ma-
chine learning model could also be applied in a localised manner: a wind parameter
can be introduced in the model in the regions where wind compaction dominates the
seasonal variations in firn density.

The RF regressor used in Chapter 2 mainly considers the absolute values of the satel-
lite parameters and IMAU-FDM density, while neglecting the spatial or temporal correla-
tion of the density patterns. Future works are encouraged to explore alternative machine
learning and deep learning models, such as Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM), which account for the spatial or temporal patterns of firn
density (Sherstinsky, 2020).

In Chapter 3, we proposed a method based on the leading-edge information of the
radar altimeter waveform to correct for slope-induced errors in order to derive more
accurate height estimates using radar altimeters. However, due to the varying firn con-
ditions over ice sheets, further studies can benefit from exploring different ∆r values in
different regions to define the search range of the leading edge, which is currently ho-
mogeneously applied within the entire LRM coverage in our study. This improvement is
expected to account for the spatial variability in penetration depths of CryoSat-2 signals
and the variability in the localised topography. It can be done through a more localised
statistical analysis of the CryoSat-2 versus ICESat-2 biases. Furthermore, over the ter-
rains with high variations in topography, multiple peaks of the signal can occur, making
it difficult to derive a single and proper range on the LeW to determine the height. In
these cases, the analysis on waveforms with multiple peaks should be performed. This
improvement has now been proposed by Huang et al. (2024). With the help of the im-
proved method, the analysis of radar penetration in the southwest of Greenland, the
north of Antarctica, as well as the margin regions of both ice sheets where SAR or SARIn
altimetry data are available, can be better performed for future studies.

Using time series of LeW and Ku-band penetration depth derived from radar altime-
ter data, Chapter 4 was able to delineate the regions where volume scattering is domi-
nant. However, in the regions where surface scattering is dominant, the melt–refreezing
processes are more frequent, which was not sufficiently captured in our study. With
the recently available laser altimeter data, we recommend further studies to continue
monitoring the changes in volume scattering using the combination of radar and laser
altimeter height estimations. Using multiple frequencies of radar altimeter to obtain
firn status over different depths is also beneficial (Adodo et al., 2018). Furthermore, to
distinguish volume scattering from surface scattering, additional waveform parameters
and radiative transfer modelling are expected to be beneficial for further studies of vari-
ations in firn properties (Nilsson et al., 2015; Larue et al., 2021). Finally, to facilitate a
more comprehensive detection of melt–refreezing, and to understand whether the snow
deposition following the extensive melt events is sufficient to reconstruct a healthy firn
layer, we encourage future studies to develop a time series analysis, where the moment
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of LeW drops and the rate of recovery over the Greenland and Antarctic ice sheets can be
automatically estimated.

This PhD has made notable progress in combining data from radiometers and scat-
terometers, as well as exploring the use of altimeter data to study firn properties. How-
ever, a comprehensive integration of all three types of satellite data has not yet been
achieved, due to the differences in spatial and temporal resolution between the altime-
ters and the other two instruments. The different viewing geometry and frequency of
radar altimeters add to the complexity of interpreting the spatio-temporal variation of
altimetric parameters, especially over the dry-firn regions over Antarctica (Adodo et al.,
2018). Future studies are encouraged to employ a multivariate data analysis approach
to effectively combine the parameters from radiometers, scatterometers and altimeters
in a time series analysis or a machine learning model, in order to study the firn density
variation and melt–refreezing events over the ice sheets.

While this PhD has focused on 19 GHz and 37 GHz frequency from SSMIS, C-band
frequency from ASCAT, Ku-band frequency from CryoSat-2 and laser photons from ICESat-
2, future studies are encouraged to explore the application of a wider variety of frequen-
cies, such as the Copernicus Imaging Microwave Radiometer (CIMR; Donlon et al., 2023)
which operates in multiple low-frequency bands, the Radar Observing System for Eu-
rope operating in L-band (ROSE-L; Davidson et al., 2023), and the Copernicus Polar Ice
and Snow Topography Altimeter (CRISTAL; Kern et al., 2020) which operates in dual-
frequency (Ku-band and Ka-band). The different frequencies have different penetrating
abilities within the firn layer, potentially facilitating a multi-layer analysis of firn pro-
cesses.

This PhD has focused primarily on two key aspects: spatio-temporal density estima-
tions in Antarctic dry zones and melt-refreezing patterns in Greenland. Both of these as-
pects essentially examine variations in firn densities, and involve the analysis of firn tem-
perature and meltwater production. In reality, however, firn processes largely involve the
changes in firn grain size, grain shape, and impurity, which are typically observed with
satellite optical imagers (Jin et al., 2008; Palm et al., 2011; Huovinen et al., 2018; Gray
et al., 2020). Over the polar regions, the optical imagers are limited by cloud and polar
nights. Therefore, to comprehensively assess the firn processes, including variations in
firn density, temperature, meltwater content, grain size, grain shape and impurity, future
studies are encouraged to develop a data-fusion technique to effectively combine satel-
lite radar data and optical images while accounting for the varying data resolution and
availability.

This PhD limits the estimation of firn density to the dry regions of Antarctica; it also
only observes the melt–refreezing patterns over Greenland. The motivation for inves-
tigating different processes lies in the different climate conditions between the two ice
sheets: the abrupt and frequent melt events mainly occur in Greenland (Tedesco and
Fettweis, 2020) and Antarctic ice shelves (Kingslake et al., 2017). The melt events cause
an anomalous increase in firn density, which does not follow the firn compaction the-
ory that increases with time and temperature (Arthern et al., 2010). Therefore, to explore
the applicability of the density estimation and melt–refreezing assessment in this PhD in
Greenland, Antarctica, and potentially smaller ice caps worldwide, future studies could
investigate the inclusion of melt–refreezing patterns into a spatio-temporal sequence
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analysis framework. Such a framework can be supported by the aforementioned ra-
diative transfer modelling (Weng, 2007), multi-sensor data fusion, and multi-frequency,
multi-layer analysis.

Finally, the currently adopted firn models in this PhD mainly use the climate forcings
and focus on the theoretic relationships between firn density and temperature, wind and
accumulation rate. Specifically, the semi-empirical models, such as IMAU-FDM, utilise
the in situ firn density measurements for model calibration. Under this circumstance,
integrating satellite data into climate models could potentially improve predictions and
the understanding of firn dynamics, as satellite data are sensitive to firn properties at dif-
ferent depths depending on a variety of frequencies and have a higher spatial and tem-
poral availability. Satellite data also have the potential of indicating the variations in firn
parameters, such as grain size and grain shape, which are currently difficult to simulate
using firn models. Through data assimilation methods, such as Optimal Interpolation,
Kalman filter, three-dimensional variational assimilation (3D-Var), and 4D-Var (Reichle,
2008), satellite data could be effectively used to calibrate the existing firn models.
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