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Abstract

Understanding Drivers of Ice Mass Loss in Greenland Through Sea-Level and Climate
Modeling, Remote Sensing, and Machine Learning

Rafael Marco Antwerpen

Changes in global climate conditions significantly impact ice sheet and glacier mass
change leading to global mean sea level (GMSL) change. One of the largest present-day
contributors to GMSL is the Greenland ice sheet (GrIS) and it will likely continue to be so in the
future. To accurately predict future ice mass changes, it is crucial to understand the response of
GrlS to a changing climate and to correctly represent this behavior in climate models. The GrIS’
contribution to GMSL can in large part be attributed to the loss of ice and snow mass from the ice
sheet surface. The surface mass loss has accelerated in the past decades due to increased surface
melting and runoff in response to atmospheric warming. Surface melting is strongly controlled by
ice albedo, a complex and dynamic property of ice that regulates the amount of solar radiation that
is absorbed or reflected by the surface. Absorbed solar radiation leads to heating and melting of
the ice surface. However, we lack a comprehensive understanding of the physical processes
controlling ice mass loss, including ice albedo. These processes are, therefore, often simplified or
crudely parameterized in climate models and subsequently add to large uncertainties in sea level
rise predictions. This uncertainty prevents effective mitigation of and adaptation to the effects of
climate change and sea level rise. It is, therefore, essential to advance our understanding of these

processes and their representation in climate models. In this dissertation, | describe improvements



to our understanding of the behavior of the GrlS and pose improvements to climate modeling

capabilities that can lead to a reduced uncertainty of sea level rise projections.

In the first chapter, | put constraints on the past response of the GrlS to a changing climate.
Understanding the response of the GrlIS to times in the past when temperatures were as warm or
warmer than today offers insights into its current and future response to climate change. The
southwestern GrlS retreated inland beyond its current margin during the (at least regionally)
warmer-than-present mid-Holocene, before it readvanced. To investigate the timing and
magnitude of southwest GrlS retreat and readvance in response to Holocene warmth, we model
the response of the solid Earth and local relative sea level (RSL) to past ice sheet change. | compare
model predictions to observations of paleo and present-day RSL and present-day vertical land
motion around Nuuk, Greenland. | find that the southwest GrIS minimum extent likely occurred
between 5 and 3 ka and that the historical maximum extent was likely approached between 2 and
1 ka. Comparing this timing to local and regional records of temperature and ice-sheet change
suggest that the evolution of the southwestern GrIS presented here was in-phase with the likely

evolution of southwestern GrlS mass balance through the Holocene.

In the second chapter, | assess the performance of a regional climate model in simulating
the spatiotemporal variability of GrIS ice extent and ice albedo in the period 2000-2021. A large
portion of runoff from the GrIS originates from exposure of the darker ice in the ablation zone
when the overlying snow melts, where surface albedo plays a critical role in modulating the energy
available for melting. Ice albedo is spatially and temporally variable and contingent on non-linear

feedbacks and the presence of light-absorbing constituents. An assessment of models aiming at



simulating albedo variability and associated impacts on meltwater production is crucial for
improving our understanding of the processes governing these feedbacks and, in turn, surface mass
loss from Greenland. Our findings suggest that the regional climate model Modéle Atmosphérique
Regional (MAR) overestimates ice albedo on average by 22.8 % compared to the ice albedo
observations derived from the Moderate Resolution Imaging Spectroradiometer (MODIS). We
also find that this ice albedo bias can lead to an underestimation of total meltwater production from

the GrlS ice zone of 42.8 %.

In the third chapter, | build upon the second chapter and present PIXAL, a physics-
informed explainable machine learning architecture for Greenland ice albedo modeling. PIXAL is
an Extreme Gradient Boosting (XGBoost) model and is trained on a suite of modeled topographic,
atmospheric, radiative, and glaciologic variables from MAR to capture the complex and non-linear
relationships with ice albedo observations from MODIS in the period 2000-2021. PIXAL
outperforms MAR in modeling ice albedo on the southwestern GrlS. The performance metrics
show that PIXAL achieves an R? of 0.563, an SSIM of 0.620, an MSE of 0.005, and a MAPE of
14.699%, compared to MAR’s R? of 0.062, SSIM of 0.112, MSE of 0.032, and MAPE of 46.202%.
Explainable artificial intelligence (XAI) analysis reveals that topographic features, specifically ice
sheet surface height and slope, are primary drivers of ice albedo. Near-surface air temperature and
runoff further impact ice albedo. These findings highlight that understanding the complex physical
processes underlying ice albedo variability is essential for accurate climate modeling and sea level
rise predictions. PIXAL represents a crucial advancement in ice albedo modeling and paves the
way for improved climate models that can more accurately estimate GrlS ice surface melting and

its contribution to sea level rise.



Overall, my results have implications for future ice sheet modeling studies targeting
Greenland and provide a deeper understanding of the interactions between the climate and the

cryosphere and thus of future ice sheet change.
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Introduction

As global greenhouse gas emissions continue to increase, alarming changes in Earth
systems rapidly keep developing, including global temperature increase (IPCC, 2021), changes in
global mean sea level (GMSL) (Chen et al., 2017; Veng and Andersen, 2021), more frequent and
intense droughts (Cook et al., 2014), and longer and more severe wildfire seasons. However, the
current global mean surface air temperature and carbon dioxide (CO.) levels are not uncommon in
the geologic past (Snyder, 2016). Paleorecords show consistent oscillations between glacial and
interglacial periods over the past 800 thousand years in response to changes in Earth’s orbit and
incoming solar radiation linked to the Milankovitch cycles (Hays et al., 1976; Huybers, 2011).
Despite that these climate oscillations have previously induced conditions with higher
temperatures and GMSL than today, the rate with which the changes in Earth systems are
materializing at this moment is unprecedented in the last 65 million years (Diffenbaugh and Field,
2013). Specifically, GMSL is projected to rise by 63-101 cm by 2100 under the Shared
Socioeconomic Pathway SSP5-8.5 (Riahi et al., 2017; Fox-Kemper et al., 2021), which could
affect between 634 million and 1.4 billion people living in low-elevation coastal zones. This could
mean that hundreds of millions of people may be forced to migrate, many coastal cities may have
to be protected against inundation with costly mitigation methods, and low-lying islands may

disappear completely (Hauer et al., 2020).

GMSL rise has significantly accelerated over the past decades (Veng and Andersen, 2021),
in large part as a consequence of ice mass loss from the cryosphere, which includes the Greenland

ice sheet (GrlS), Antarctic ice sheet, and other ice caps and glaciers around the globe (Aschwanden



et al., 2019; Seroussi et al., 2020). Through Arctic amplification, regions in the northernmost
latitudes are experiencing atmospheric warming nearly four times faster than the global average
since 1979, in large part as a response to the ice-albedo feedback from decreasing Arctic sea ice
concentrations (Rantanen et al., 2022). The summer Arctic sea ice extent is currently decreasing
by 12.6% per decade (Schweiger et al., 2011). Moreover, increased atmospheric temperature as a
consequence of Arctic amplification is one of the main driving mechanisms of increased melting
of the GrlS (Hofer et al., 2020). Ice mass loss from the GrlIS was one of the largest contributors to
GMSL rise in the period 1901-2018 with a contribution of 17-32% and will likely continue to be
so by the end of this century with a contribution of 9-18 cm to GMSL by 2100 under SSP5-8.5

(Fox-Kemper et al., 2021).

The large uncertainty in sea level rise projections, particularly the uncertainty in the
contribution of the GrlS, makes mitigation of and preparation for the effects of GMSL complicated
(Siegert and Pearson, 2021). From this point of view, it is imperative to improve the representation
of physical processes in those models responsible for ice mass loss and sea level rise to better
constrain projections and reduce the uncertainty of the future contribution of the GrIS. General
circulation models (GCMs) are used to project the global evolution of Earth’s physical systems
(ocean, atmosphere, cryosphere, solid Earth, and biosphere) under changing climate conditions
(Wilson, 2021). Regional climate models (RCMs) are similar climate models that are focused on
a specific region (Rummukainen, 2015), such as the GrlIS (Fettweis et a., 2017). Climate models
generate output of a range of Earth system variables, such as temperature, precipitation, and
atmospheric carbon dioxide levels. One of the most important climate model variables is GMSL

or the contribution to GMSL of a specific cryosphere region for RCMs. Climate models are



computationally expensive and are therefore limited by computing resources. Generally, GCMs
are run on a coarse resolution (e.g. ~100x100 km) while RCMs can be run on a resolution of
several kilometers. However, many physical processes occur on much smaller scales than what
can be resolved in climate models, such as cloud microphysics (Morrison et al., 2020) and the
distribution and growth of light-absorbing constituents (LACs) on ice surfaces (Tedesco et al.,
2016). Hence, these processes are either not unaccounted for or are parameterized by equations
that represent a simplified version of the physical process. Therefore, GMSL projections from
climate models are contingent on an accurate representation or parameterization of these processes.
Evaluation of physical variables from climate model output against observational data can provide
insight into the model's ability to represent the physical processes at play and can subsequently
highlight regions for model improvement (van den Broeke et al., 2017). Hindcast climate model
output of physical variables is often evaluated by comparison with remote sensing data from past
decades and in situ observations that can provide information about Earth systems ranging from
the present to billions of years ago.

The work in this Ph.D. dissertation is focused on analyzing and improving the
representation of physical processes on the GrlS in climate models with the ultimate goal of
reducing the uncertainty of sea level rise projections. The work ranges from the Holocene, where
| aim to constrain the melting response of the GrlS to a changing climate, to the present, where |
analyze the performance of an RCM in modeling ice albedo and where | present PIXAL, a physics-
informed explainable machine learning architecture for ice albedo modeling on Greenland. These
studies provide a deeper understanding of climate-cryosphere interactions and future ice sheet

change.
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1.1 Introduction

Understanding the response of the Greenland ice sheet (GrIS) to a warming climate is
crucial for accurately predicting future ice melt and consequent sea-level change. This is
particularly pertinent given the projected atmospheric warming in the coming decades, which is
amplified in the Arctic (Rantanen et al., 2022; Serreze and Francis, 2006). Reconstructing paleo
responses of the GrlS to similar or warmer climatic conditions than today can aid in understanding

future GrlIS stability (Fischer et al., 2018).

The most recent period when local temperatures in Greenland were warmer than today is
the Holocene Thermal Maximum (HTM; ~7-4 ka) (Briner et al., 2016). During the majority of this
time, Greenland’s mean summer atmospheric temperature was ~3.3 °C higher than during the 1950
Common Era (CE) (Buizert et al., 2018). Temperatures in the northwest and over the central ice
sheet were 3-5 °C higher than in the mid-twentieth century and temperatures in the south were 1-
2 °C higher. A reconstructed seasonal temperature record using the Community Climate System

Model version 3 and the Summit §'°N temperature reconstruction suggests that the HTM



temperature anomalies in Greenland were most pronounced during the summer (Liu et al., 2009;

Buizert et al., 2018).

It is widely accepted that the southwestern GrlS region responded to HTM warmth with
inland retreat of the ice margin east of its current position (Larsen et al., 2015; Lecavalier et al.,
2014; Lesnek et al., 2020; Young et al., 2021, 2020; Young and Briner, 2015). Reconstructing the
exact timing and magnitude of the Holocene GrIS minimum, however, remains challenging
because direct terrestrial evidence (e.g. moraines) of previous ice sheet minima has since been
overrun by ice readvance in the late Holocene. Nonetheless, constraints have been reported on the
timing and magnitude of the GrIS minimum by using sediment-based proxies, cosmogenic isotope
measurements, and sea-level modeling. A suite of geological constraints suggests that the
southwestern GrlS margin had largely retreated behind its present margin by ~7 ka, and likely
achieved a minimum extent sometime between ~5-3 ka (Briner et al., 2010; Larsen et al., 2015;
Lesnek et al., 2020; Young et al., 2021, 2020; Young and Briner, 2015). While the precise
magnitude of inland retreat is difficult to constrain, these same geological records suggest that
inland retreat was likely no more than a few 10s of km and perhaps as little as <10 km in some
locations (Larsen et al., 2015; Lesnek et al., 2020; Young et al., 2021; Young and Briner, 2015).
Following the southwestern GrIS minimum extent, ice-margin readvance culminated in the
deposition of the historical moraine ~1850-1900 CE (Weidick et al., 2012; Weidick and Bennike,
2007). Yet, sediment archives from proglacial lakes suggest that the southwestern GrlS may have
approached, but not quite reached, the eventual historical maximum ice-margin position as early
as ~1-2 ka (Larsen et al., 2015; Pearce et al., 2022; Young et al., 2021). Broadly supporting this

ice-margin history is a modeling study that places the southwestern GrlS Holocene minimum



extent ~40-60 km inland of its present position at 4 ka (Huy3; Lecavalier et al., 2014). However,
the modern ice margin in this reconstruction misses the observed one by several 10s of km, partly
due to the coarse 20 km mesh resolution of Huy3. This can lead to physically-inconsistent ice
margin dynamics during periods of high ablation as the coarse mesh is not able to resolve the fine-
scale bedrock geometry and the often-narrow ablation zone at the ice margin. In contrast, the ICE-
6G_C ice sheet reconstruction exhibits a retreat of ~130-140 km at 6 ka (Argus et al., 2014; Peltier
et al., 2015; Stuhne and Peltier, 2015), but does readvance to the correct modern margin. More
recently, paleo-benchmarked model runs of southwestern GrlS change through the Holocene using
the Ice Sheet and Sea-level System model (ISSM) point to mid-Holocene ice-margin retreat on the
order of only a few 10s of km (Briner et al., 2020; Cuzzone et al., 2022; Young et al., 2021).
Differences in the magnitude and timing of maximum retreat in ice sheet model-based
reconstructions (Huy3 and ISSM) may also be driven by differences in the incorporated model
physics and resolution. These uncertainties make it difficult to correlate ice sheet behavior with
other climate proxies and inhibit understanding the exact response time and sensitivity of the ice

sheet to warming.

One approach to better understand the past behavior of the GrlS is to study historic and
present-day local sea-level variability. Holocene ice sheet changes affect past and present sea-level
change due to glacial isostatic adjustment (GIA), which is the response of the viscoelastic solid
Earth, its gravity field, and its rotation axis to changes in ice and ocean load. The Holocene retreat
and readvance of the southwest GrlS causes a local sea-level curve with a classic “J-shape” where
sea level falls to a minimum in response to ice retreat before rising to the modern level (readvance

phase), which is characteristic of southwest Greenland (Lecavalier et al., 2014; Long et al., 2011).



Further, southwest Greenland is located on the subsiding peripheral bulge of the Laurentide ice
sheet (LIS), which causes a superimposed RSL rise (Khan et al., 2016). Additionally, the southwest
GrIS briefly advanced and retreated during the Little Ice Age (LIA; ~1450-1900 CE) in response
to colder-than-present temperatures. For example, near the Kangiata Nunaata Sermia (KNS)
region, the ice sheet reached its maximum historical extent around 1761-1808 CE resulting in the
deposition of the so-called historical moraine (Lea et al., 2014; Pearce et al., 2022). The brief
advance and retreat cause a contribution to present-day RSL fall due to GIA. In addition to GIA
effects, contemporaneous global ice mass changes, changes in water stored on land (Slangen,
2012), thermosteric effects, and ocean dynamics (Levitus et al., 2012) all affect modern sea level
change in Greenland. These combined processes lead to a present-day RSL rise in southwest
Greenland rather than a RSL fall, as is the case around most of Greenland (Lecavalier et al., 2014;

Spada et al., 2014).

Here, we investigate the timing of retreat and readvance of the southwestern GrlS during
the Holocene by modeling the GIA effects of different Greenland ice sheet reconstructions on RSL
and solid Earth deformation in Nuuk (Figure 1.1). We compare RSL predictions, driven by a range
of retreat and readvance scenarios that are informed by geological constraints of the ice margin
position, to paleo sea-level data. We then use the Nuuk tide gauge record and global navigation
satellite system (GNSS) observations of modern vertical land motion (VLM) to further test our
RSL and VLM predictions during the modern era. This comparison requires a series of corrections
related to changes in global ice mass, sterodynamic effects, and changes in terrestrial water mass
exchange. This approach allows us to evaluate which Holocene ice retreat and readvance scenario

is most consistent with sea-level and GNSS observations.


https://www.zotero.org/google-docs/?broken=L2gJlh
https://www.zotero.org/google-docs/?broken=L2gJlh

1.2 Data and Methods

1.2.1 GIA model

We investigate the sea-level response to an evolving global ice and ocean load by solving
the sea-level equation using a gravitationally self-consistent GIA model (Kendall et al., 2005). The
model is based on a pseudo-spectral approach with a maximum spherical harmonic degree and
order of 512 and it accounts for Maxwell viscoelastic solid Earth deformation, gravitational
changes of Earth, ice and ocean loading, changes in Earth’s rotation axis, and shoreline migration.
As input, this model requires a prescribed past ice history and a viscoelastic Earth structure. We
run the GIA model with a suite of Earth models and a suite of GrlS reconstructions based on the

ICE-6G_C ice model (Peltier et al., 2015).
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Figure 1.1: ICE-6G_C ice margin positions (Peltier et al., 2015) for a) southwestern
GrIS and b) full GrIS at 9 ka (red), 6 ka (orange), 3 ka (yellow), and present-day (black), at the
original resolution with the tide gauge and GPS location in Nuuk (yellow dot; 64.17° N,
51.73° W) and the Nuuk paleo sea-level data location (red diamond; 64.48° N, 50.997° W).
Additional paleo sea-level data is shown for Sisimiut (black dot; 66.63° N, 53.64° W), Sondre
(black downward triangle; 66.848° N, 50.98° W), Godmouth (black upward triangle; 64.37° N,
51.697° W), and Godhead (black square; 64.434° N, 50.33° W). The modeled ice sheet is coarser
than the land margin shown here, which results in some apparent present-day offshore ice
margins.

ICE-6G_C provides global ice thickness values and follows first-order physical mass
balance variations (Argus et al., 2014; Peltier et al., 2015; Stuhne and Peltier, 2015). It is manually
adjusted to fit an array of global GPS measurements, time-dependent gravity data from GRACE,
and radiocarbon-dated relative sea-level histories. While ICE-6G_C is only an ice model for the
deglaciation, a glaciation phase (120-26 ka) has been added to account for any remaining
viscoelastic deformation driven by ice change during this time period. To include this phase in the
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ice history we follow the eustatic curve of Peltier and Fairbanks (2006), assuming that times of
equal ice volume follow equal ice geometry. The GrIS component is based on the Gr.B model
(Tarasov and Peltier, 2003, 2002). The Holocene ice extent minimum of the southwest GrlS, at
the latitude of Nuuk (64.17° N), occurs at 6 ka and the ice margin readvances to a maximum extent
by 2 ka (Figure 1.1), after which it remains stationary. To test how changes in retreat history affect
sea-level observations we modify the ice history of the GrIS (and let the other ice sheets follow
the original ICE-6G_C) to construct a suite of ice scenarios (Figure 1.2). Exploring later times of
ice retreat and readvance is based on the findings by Young et al. (2021) and Pearce et al. (2022),
who suggest that the southwest GrlS ice margin minimum likely occurred after ~5 ka and that the
ice margin closely approached (but not yet reached) its historical maximum extent by ~2 ka or
later. Our suite of scenarios include: (1) no retreat and readvance (hereafter referred to as “no
retreat”), which is achieved by enforcing a linear change of ice thickness from 8 ka until 2 ka, after
which the ice thickness is constant until the present-day. We start the linear change in ice thickness
at 8 ka to avoid affecting the RSL curve in the period around the paleo RSL data (section 2.2.1).
The ice volume therefore exhibits a minimum at 8 ka in this scenario. There is, however, no ice
margin retreat in this scenario; (2) delayed minimum ice extent, where we delay the minimum
extent from 6 ka to 5 ka, 4 ka, and 3 ka (3 separate scenarios); and (3) delayed maximum ice extent,
where we vary the time of readvance to the maximum extent between 2 ka, 1 ka and present-day
(3 separate scenarios). We pair each delayed minimum with each delayed maximum scenario to
yield nine different simulations. To modify the timing of ice retreat and readvance we apply a
linear adjustment to the rate of GrIS mass change between 8 ka and the timing of the minimum
extent to allow for a slower retreat and a later minimum. Similarly, we adjust the rate of change

between the subsequent minimum and maximum times accordingly to allow for a later maximum.
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Adding these nine scenarios to the original ice history and the no retreat and readvance scenario
yields eleven different ice histories. We calculate the global sea-level response for each ice
reconstruction between 122 ka (last interglacial; LIG) and the present-day (1950 CE), with a
temporal resolution of 0.25 kyr during the Holocene and 0.5-2 kyr before the Holocene, following

the original resolution of ICE-6G_C.
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Figure 1.2: Southwest Greenland ice volume fraction, relative to the ice volume at 12
ka. ICE-6G_C refers to the original ICE-6G_C ice history. Ice histories with adjusted timings
are referred to as, for instance, 5-1 ka, indicating that the Holocene minimum extent is
reached at 5 ka and the historical maximum extent is approached at 1 ka.

The Huy3 Greenland ice sheet reconstruction is based on a physical ice sheet model
(Lecavalier et al., 2014) and has less retreat and readvance, which is more in line with field
observations (Briner et al., 2020; Cuzzone et al., 2022; Young et al., 2021). However, the present-
day ice margin in Huy3 near Nuuk is located ~70km west of the observed margin. Contrary to
ICE-6G_C, where the observed present-day margin is prescribed in the model. Given the
sensitivity of RSL and GIA to the position of the present-day margin we choose the ICE-6G_C

model as our base model as described above.
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We note that ICE-6G_C does not account for ice mass changes associated with the LIA,
during which the ice sheet slightly advanced to its historical maximum before receding to its
current position. The maximum extent in ICE-6G_C, therefore, refers to both a pre-LI1A extent that
closely approached but did not yet reach the historical maximum (i.e. LI1A) extent, as well as the
post-LIA (i.e. present-day) extent. We use the LIA ice history from Adhikari et al. (2021) to
account for the effects of ice mass changes during the LIA on modern sea level and VLM as a
separate component (described in more detail in section 1.2.2.2). We note that this causes a slight
inconsistency in one set of our models, those in which ICE-6G_C is modified to reach its modern
maximum extent at the present day. In those scenarios, the effects of ice changes during the LIA
are superimposed onto the effects of a linearly increasing (instead of stationary) ice mass between
the ice margin minimum and the present day. Nonetheless, we consider this run instructive to

understand the effects of the latest possible historical maximum extent on sea level change.

We employ a suite of Maxwell viscoelastic Earth structures to calculate the sea-level
response. The density and elastic properties of the Earth models follow the 1D Preliminary
Reference Earth Model (Dziewonski and Anderson, 1981). We employ three radially symmetric
(1D) viscosity profiles (Table 1.1). The 1D profiles were obtained by fitting RSL observations
around Greenland (Fleming and Lambeck, 2004; Lecavalier et al., 2014; Roy and Peltier, 2017).
While some of these profiles were obtained when paired with different ice histories, we argue that
they still provide a sensible range to explore the sensitivity of our results to mantle viscosity.
Further, we run a smaller set of sensitivity tests only on the original and “no retreat” scenarios
using a radially and laterally heterogeneous (3D) viscosity structure where 3D perturbations are

imposed onto an average lithosphere thickness and upper and lower mantle viscosity (Table 1.1).
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The radial and lateral variations are derived from shear wave speed (see Austermann et al., 2021
for details; Richards et al., 2020) and are based on the tomography model by Schaeffer and

Lebedev (2014).

In addition to predicting past sea level change, we also calculate the present-day rate of
change over the last time step (0.25-0 ka), which we compare to observations that are described in
section 2.2. Note that the rate of change does not vary appreciably over the last 250 years of the

model. We further calculate the present-day vertical land motion rate.

Table 1.1: Earth viscosity profiles used to model the RSL response, with elastic
thickness of the lithosphere (LT), upper mantle viscosity (UMV), and lower mantle viscosity
(LMV). The boundary between the upper and lower mantle is at 670 km depth. Earth model

E2 is VM5a (Roy and Peltier, 2017), which has separate viscosities for the upper and lower
sections of the lower mantle. This model has an elastic lithosphere down to 60 km and a high
viscosity between 60 and 100 km (102 Pa s). Values for the 3D viscosity model correspond to
the radial averages.

Model [LT (km) UMV (10%*Pas) LMV (10%2Pas) 1D/3D Reference

El 80 04 10 1D (Fleming and Lambeck,
2004)
E2 60 (100) 0.5 1.57/3.23 1D (Roy and Peltier, 2017)
(upper/lower)
E3 120 0.5 2 1D (Lecavalier et al., 2014)
E4 96 0.5 5 3D (Austermann et al., 2021)

1.2.2 Data constraints

1.2.2.1 Paleo sea-level data

We use three sea-level index points and two terrestrial upper-limiting points from the site
‘Nuu’, as described in Lecavalier et al., (2014). This site is closest to the location of the tide gauge
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and VLM records in Nuuk and will therefore be used as a paleo constraint to evaluate the modeled
RSL responses for each combination of ice sheet history and Earth model. Further, we use the
marine limit which constrains the highest point the RSL reached during deglaciated conditions.
The sea-level records are derived from previous mapping efforts of the regional marine limit
(Weidick, 1974) and radiocarbon-dated lake sediment packages from a site ~50 km northeast of
Nuuk in Godthabsfjord (Fredskild, 1983; Lecavalier et al., 2014) (Figure 1.1). Additional sea-level
index points, terrestrial upper-limiting points, and lower-limiting points at Sisimiut, Sondre,
Godmouth, and Godhead, as summarized by Lecavalier et al., (2014), exist in the region and will

be compared to the inferred RSL history in the discussion section 4.1.

1.2.2.2 Relative sea-level budget and tide gauge data

We compare our GIA modeling results to the present-day RSL rate, derived from a 1958-
2002 tide gauge record from Nuuk (64.17 N, 51.73 W; Figure 1.1), using the RSL budget
framework laid out in Spada et al. (2014). By splitting the Nuuk tide gauge time series into
empirically orthogonal intrinsic mode functions, which describe the variations in cyclicity, and
removing the dominant components from the record including the 18.6-year nodal tide cycle, a

standard linear regression on the residual results in an RSL rate of 1.93 + 0.18 mm/yr.

We use the observed RSL rate to solve the RSL budget in Nuuk (Spada et al., 2014), which

consists of several components:

Seia = St6 — (Sgraria + Seris + Sais + Seic + Srer + Ssoy) 1)
where scia is the rate of sea-level change driven by deglacial and Holocene ice sheet variability.

In this section, we describe how we obtain a data-driven estimate of this quantity, which we will
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then compare to the model-driven estimate of this quantity as described in section 2.1. stc is the
observed RSL rate from Spada et al. (2014), scia_uia is the rate of sea-level change driven by GIA
effects related to recent ice mass changes (1000-2003 CE; related to the LI1A), Scris, Sais, and Scic
are the sea-level changes driven by present-day ice mass changes associated with the GrIS, AlS,
and other glaciers and ice caps, respectively, ster is the rate of sea-level change driven by changes
in terrestrial water mass exchange; and sspy is the rate of sea-level change rate driven by

sterodynamic effects.

In the Nuuk/KNS region, the maximum historical extent was reached during the LIA in the
18th century (Lea et al., 2014; Pearce et al., 2022; Weidick et al., 2012). Adhikari et al. (2021)
suggest that these relatively recent ice mass changes paired with low viscosities in the
asthenosphere contribute to modern VLM, reconciling a longstanding mismatch between observed
and modeled estimates of GNSS-derived VLM (Khan et al., 2016). Adhikari et al. (2021) justify a
lower viscosity for these ice sheet changes that occurred more recently by invoking transient
behavior in rheology (Paxman et al., 2023). We use the ice history from Adhikari et al. (2021) that
extends from AD 1000 - 2003 and pair it with 120 Earth models that range in lithospheric thickness
(60 - 240 km) and mantle viscosities (isoviscous, 0.4 - 2.5 - 10%° Pa s). These ranges in Earth
parameters have been shown to produce fits to VLM Greenland-wide. Adhikari et al. (2021) show
that the resulting VLM is not very sensitive to the mass anomaly prior to the little ice age and the
timing of its onset (within the range tested). They do, however, show that data constrain the mass
anomaly during the little ice age and the timing of retreat (AD 1865 + 30). We use their preferred
timing of maximum ice extent and retreat and ice mass anomalies. We use the GIA model

described in section 2.1 to predict sea-level change and vertical land motion driven by this mass
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anomaly between 1965-2003. Note that no ice mass change is assumed during this time as the
modern contribution of the GrlS is captured in seris. We calculate the model likelihood for each
Earth structure based on fits to observed VLM from 57 GPS stations around Greenland from the
Greenland Global Positioning System Network (GNET), a set of bedrock-based GNSS
installations around Greenland (Bevis et al., 2012), following the approach by Adhikari et al.
(2021). Using the likelihood as model weights allows calculating a weighted mean and weighted

standard deviation of the RSL rate (Scia_LIA).

For the terms saris, Sais, and scic, we use sea-level fingerprints from Spada et al. (2014) to
translate global mean (or ice equivalent) sea-level change to local sea-level change. Spada et al.
(2014) determined sea-level fingerprints at the tide gauge location in Nuuk of -5.5, 1.1, and 0.25
for GrIS, AIS, and GIC melt, respectively, by solving the sea-level equation using SELEN (Spada
and Stocchi, 2007). The authors calculate the sea-level fingerprints assuming uniform mass
variation for the period 1961-2003 as reported by the Fourth Assessment Report of the
Intergovernmental Panel on Climate Change (Solomon et al., 2007). Because more recent
estimates of the global mean contributions of the GrlS, AIS, and GIC are not directly available
over the exact period 1958-2002 (Fox-Kemper et al., 2021), we use the available estimates that
cover the periods 1901-1990, 1971-2018, 1993-2018, and 1901-2018. For each estimate of the
GrlIS, AIS, and GIC and for each period, we calculate the weighted contribution based on the
fraction of the 1958-2002 period that it covers and then determine the weighted mean for the GrlS,

AlS, and GIC.
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The global mean contribution together with the fingerprint allows calculation of the local
RSL rate in Nuuk (Table 1.2). The contribution from terrestrial water storage (ster), assumed to
be globally uniform with a rate of -0.07 £ 0.07 mm/yr and similar over the tide gauge period (1958-
2002), is calculated from a combination of groundwater extraction and reservoir impoundment
data over the period 1961-2003 (Slangen, 2012). Lastly, sterodynamic effects (sspy) can affect the
RSL in Nuuk. These include steric effects, which refer to variations in sea level due to changes in
ocean water density through temperature changes (thermosteric) and salinity changes (halosteric),
as well as dynamic effects, which refer to changes in ocean circulation in response to steric sea-
level changes. The ocean dynamics response is particularly unconstrained in remote shallow
coastal areas with limited observational data, such as the tide gauge location in Nuuk. To account
for this uncertainty we calculate the variation from 23 ocean reanalyses (Dangendorf et al., 2021),
which results in a 1o uncertainty of 2.19 mm/yr. Since the individual ocean reanalysis runs show
limited skill in explaining the observed RSL in Nuuk, we do not include a mean sterodynamic

contribution in our RSL budget.

We use the values described here (with uncertainties propagated) to obtain a data-driven

estimate of scia. We then compare this to the RSL rates predicted from the 35 scia scenarios

described in section 2.1.
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Table 1.2: RSL rates in Nuuk for the period 1958-2002 for each contributor.

Contributor | Global SL rate Fingerprint ~ Contribution to
[mm/yr] in Nuuk [-] Nuuk RSL rate
[mm/yr]
GrlIS 0.33£0.042 -5.5 -1.82 £0.23
AlS 0.088 + 0.051 11 0.097 £ 0.056
GIC 0.54 +0.071 0.25 0.14 +0.018
TER -0.07 £ 0.07
SDY 0+£2.19

1.2.2.3 GNSS data

We use data from the Greenland Global Positioning System Network (GNET), a set of
bedrock-based GNSS installations around Greenland (Bevis et al., 2012). Khan et al. (2016)
modeled the Earth’s elastic response to present-day ice mass loss by assimilating a suite of remote
sensing laser and radar altimetry data and removed it from the GNET GPS signal to isolate a VLM
rate due to viscoelastic effects (GIA) of -1.3 + 0.3 mm/yr for the period 2009-2016, co-located and
partly contemporaneous with the tide gauge. Adhikari et al. (2021) performed a similar correction
with an updated ice history for the period 2011-2017 and obtained a higher VLM rate due to GIA
of -0.44 = 0.48 mm/yr. These significant differences highlight the importance and uncertainty of
the elastic correction. In our analysis, we choose to use both estimates to account for potential

systematic biases in the elastic correction.

We use the observed and modeled viscous VLM rates to solve the VLM budget at Nuuk:

Teia = Teps—elastic — TGIA_LIA 2)
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The left-hand side (recia) compares to the VLM rate predicted from the suite of runs
described in section 2.1. reps-elastic IS the GPS-derived VLM rate that has been corrected for the
elastic effect of contemporaneous ice mass changes and rcia Lia refers to the GIA effects of more
recent ice mass changes on VLM during the LIA. raia_Lia is calculated as described in section 2.2.2
(reia_ia) but by extracting VLM rather than sea level from the model prediction. We use the values
described here (with uncertainties propagated) to quantify the data-driven estimate of rcia and

compare it to the VLM rates estimated from the 35 rcia scenarios described in section 2.1.

1.3 Results

1.3.1 Holocene relative sea-level curves

Holocene RSL changes at the paleo sea-level observation location near Nuuk exhibit
considerable variability depending on the local ice history, lithosphere thickness, and upper and
lower mantle viscosities (Figure 1.3). The retreat and readvance in the original ICE-6G_C ice
history leads to an RSL fall several meters below the modern RSL at Nuuk during the late
Holocene and a subsequent RSL rise closer to the present day, forming the characteristic J-shape,
which is visible for all Earth model parameters (Figure 1.3, yellow lines). The magnitude and
timing of the drop, however, depend on the solid Earth properties. Simulations with a thick elastic
lithosphere (120, E3; and 96 km, E4) lead to a low RSL at ~10 ka which is consistent with the
marine limit. Conversely, simulations with a thinner elastic lithosphere (60/100km, E2; and 80km,
E1) are not consistent with the marine limit at ~10 ka. Further, simulations with a thin lithosphere
and low lower mantle viscosity (1.57/3.23 102! Pa s; E2) lead to the highest sea-level low-stand
during the mid-Holocene compared to simulations with the other Earth models. The Earth

structures also vary in lower mantle viscosity, which may contribute to differences in RSL given
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the influence of the Laurentide ice sheet in this region. The fit to the sea-level index points is best
for the 3D viscosity model E4, which shows the closest fit to all three points. The fit is slightly
worse for models E1, E2, and E3. It should be noted that a perfect fit to all three index points

within uncertainty is not likely given the general shape of our sea-level curves.

The adjusted ice history without retreat and readvance (Figure 1.3, red lines) shows a clear
deviation from the original ice history with a less pronounced RSL drop (E3 and E4) or even a

lack of negative RSL (E1 and E2).

Omitting the retreat and readvance tends to lower the RSL curve during the early Holocene,
slightly increasing the fit of the modeled RSL curves and the youngest sea-level index points for
models E1 and E2. For E3 and E4, it is not clear whether omitting retreat improves the fit to the

index points.
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Figure 1.3: Modeled Holocene RSL curves at the paleo sea-level observation location
near Nuuk (64.48° N, 50.997° W) for the original ICE-6G_C (orange) and “no retreat” ICE-
6G_C (red) ice histories, a) last 12 ka, b) last 4 ka. Both ice history variations are combined
with four Earth models as described in Table 1.1. Paleo sea-level observations (+ 10) are
denoted by crosses (index points) and downward triangles (terrestrial upper-limiting). The
marine limit is denoted by the dashed grey line (Lecavalier et al., 2014). Note that the LIA ice
variability is not included in the ICE-6G_C runs.

The timing of retreat and readvance shapes the Holocene RSL curves. A later retreat
(minimum at 5, 4, and 3 ka) delays the ice mass unloading and leads to higher RSL during the
early and mid-Holocene and lower RSL in the late Holocene, and thus a more pronounced RSL
drop below 0 m (Figure 1.4). Similar to the original ice histories (Figure 1.3), the choice of Earth
model results in different magnitudes and timings of the RSL maxima and minima. Delaying the
readvance to 1 ka or the present causes a later sea-level reversal and consequently (since RSL
curves are sea level relative to the present) an overall higher RSL curve with a later, shallower sea-
level dip. Simulations with Earth model E3 provide the best fit to the sea-level index points and

most runs remain below the marine limit (Figure 1.4c), while the early-Holocene RSL for
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simulations with Earth models E1 and E2 are not consistent with the marine limit. For all Earth

models, the data-model fit is slightly higher if the ice sheet approaches its maximum at 1 or 2 ka.
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Figure 1.4: Modeled Holocene RSL curves at the paleo sea-level observation location
near Nuuk (64.48° N, 50.997° W) for the ICE-6G_C ice histories with adjusted timing of ice
the sheet minimum and adjusted timing of when the ice sheet reaches its current maximum
extent (legend shows the periods from the minimum to the maximum extents), combined
with Earth model: a) E1, b) E2, and ¢) E3. Plots d, e, and f show the same sea-level curves as
plots a, b, and ¢, but zoomed in on the last 4 ka. Paleo sea-level observations (+ 10) are
denoted by crosses (index points) and downward triangles (terrestrial upper-limiting). The
marine limit is denoted by the dashed grey line (Lecavalier et al., 2014). Note that the LIA ice
variability is not included in the ICE-6G_C runs.

Overall, the original and “no retreat” ice histories, as well as the ice histories with adjusted
timings paired with Earth model E3 produce RSL curves that are most consistent with the paleo

sea-level observations. Most of these ice scenario-Earth model combinations cross or closely
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approach at least one index point (most often the youngest index point). The 3D Earth model (E4)
RSL curves without retreat have the highest data-model fits by closely approaching all three index
points, showing that the 3D variations in the solid Earth parameters improve the fit of the modeled

RSL to the sea-level observations.

1.3.2 Present-day relative sea-level rates

The modeled present-day RSL rate at Nuuk is contingent on the choice of ice history and
solid Earth properties. We test the modeled RSL rates by comparing them with the observationally
inferred deglacial GIA rate (r.h.s of Equation 1; 4.92 + 2.24 mm/yr), which consists of correcting
the tide gauge inferred sea-level rate for several components detailed in section 2.2 (Figure 1.5).
One of the components that we model separately is the RSL rate due to ice mass changes during
the LIA (scia_Lia). We find that this causes a present-day rate of sea-level change of -1.34 + 0.34
mm/yr. An RSL fall for this component is expected since the ice mass unloading of the late-LIA
retreat results in present-day solid Earth uplift and decreased gravitational attraction of ocean

water.
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Figure 1.5: Individual contributions of each component to scia (right-hand-side of
Equation 1, Table 1.2) in Nuuk for the period 1958-2002.

The RSL rates driven by the original ICE-6G_C ice history predict sea-level rise, which is
driven by the GIA effects associated with ice readvance. However, the rates underestimate the
observationally constrained target value, with models E1 and E3 producing a closer fit to the
observations than E2 and E4 (Figure 1.6, empty orange squares). The RSL rates using the “no
retreat” ice history are lower than those with retreat because their RSL curve lacks a “dip” (Figure
1.3). As a result, these data fit the observational constraints worse than the original ice history,
indicating that some inland retreat of the ice margin is necessary. The ice histories where the ice
sheet minimum is shifted to 5, 4, and 3 ka, perform similarly to the original ICE-6G_C ice history
(Figure 1.6, small squares) with slightly higher rates for a later minimum. This indicates that the
RSL rate is only slightly sensitive to the timing of the ice sheet minimum within the range 6-3 ka.
Forcing the ice sheet to approach the historical maximum closer to the present day, instead of at 2

ka, significantly increases the RSL rate and the data-model fit. For model E1, model runs that
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approach the historical maximum at 1 ka or the present (with a minimum achieved sometime
between 5-3 ka) lead to RSL rates that fall within the uncertainty of the observationally constrained
rate (Figure 1.6, light grey band). It should be noted that, as described in section 2.1, the scenario
in which the ice margin does not approach the historical maximum extent until present-day is not
strictly consistent with geological constraints. Nonetheless, we show this scenario here to
understand the effect of a slower rate of Holocene ice mass growth on the present-day sea level
rate. For model E2, only runs that reach the maximum extent at present-day are able to fit the data
constraints within uncertainty (i.e. fall within the light grey region in Figure 1.6). In the case of
model E3, most simulations with a delayed minimum at or after 5 ka, and an approach to the
historical maximum at or after 2 ka, fall within the data uncertainty. Neglecting uncertainties
associated with the sterodynamic component would significantly decrease the target range (Figure
1.6, dark grey band) and reduce the number of model runs consistent with the observationally

constrained estimates only allowing models with a later (1 ka to present) readvance.

In addition to changes in the timing, it has been suggested that the magnitude of retreat and
readvance in ICE-6G_C is overestimated by a factor of 3-4 (Lesnek et al., 2020; Young et al.,
2021). A retreat of smaller magnitude is expected to cause an RSL dip of lower magnitude, similar
to the effect of the “no retreat” scenario, and would therefore produce a lower RSL rate in each
scenario. That means it would likely limit the range of models that fall within the observational

constraints to those that readvance close to present-day.

We tested the impact of the LIS on the present-day RSL rate in Nuuk (Figure 1.6, filled

orange squares) by substituting the LIS in ICE-6G_C with the LIS from the ice sheet model
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GLACI1-D (Tarasov et al., 2012). The resulting RSL rates are slightly higher, showing some

sensitivity to the LIS, but do not significantly affect the results.
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Figure 1.6: Comparison of modeled present-day RSL rates in Nuuk (64.17° N, 51.73°
W) driven by deglacial GIA for every ICE-6G_C ice history: original (empty orange); no
retreat (red); and ice sheet minimum at 5 ka (dark green), 4 ka (green), and 3 ka (light green).
The size of the dark/normal/light green markers indicates the timing when the ice sheet
reaches its current maximum extent at: 2 ka (small), 1 ka (medium), and present-day (large).
Filled orange squares show modeled RSL rates where the LIS in ICE-6G_C was substituted
with the LIS in GLAC1-D (Tarasov et al., 2012). The observationally estimated RSL rate
driven by deglacial GIA (as detailed in section 2.2, Equation 1) is denoted by the light grey
shaded area (+ 10 range). The dark grey area indicates a more restricted uncertainty that
excludes the uncertainty in sterodynamic effects.

1.3.3 Present-day vertical land motion rates

We evaluate the modeled VLM rates through comparison with the observationally inferred
deglacial VLM rate (r.h.s of Equation 2) which yields a value of -2.88 + 0.48 mm/yr when using
reps-elastic from Khan et al. (2016) and -2.02 + 0.58 mm/yr with reps-elasic from Adhikari et al.

(2021). We find the modeled VLM rate due to ice mass changes during the LIA (reia Lia) to be

1.58 + 0.38 mm/yr. As expected, ice mass loss since the LIA leads to rebound.

26



The VLM rates using the original ICE-6G_C ice history, paired with models E1, E3, and
E4 fall within the observationally derived VLM rate (Figure 1.7) when using reps-elastic Of Khan et
al. (2016). The original ice history paired with E2 overestimates the observationally derived VLM
rates for both estimates of reps-elasiic. For all Earth models, predictions for the “no retreat” ice
history overestimate the observationally derived VLM rates. For E1, E2, and E3, a later timing of
the minimum extent (closer to 3 ka) lowers the modeled VLM rates. For E1 and E3, the modeled
VLM rates remain within the uncertainty of the observationally derived VLM rates. For E2, a later
timing of the minimum extent brings the prediction closer to the observed VLM rates. However,
for E1, E2, and E3, the sensitivity to the timing of the minimum extent is again relatively small.
Forcing the historical maximum to be approached at 1 ka and present-day lowers the modeled
VLM rates more significantly. For E1, the modeled VLM rates remain within the uncertainty of
the observationally derived VLM rate using rcps-elasic from Adhikari et al. (2021) when the
maximum extent is approached at 1 ka, but underestimates the observed VLM rates when the
maximum is reached at present-day. For E2, forcing the maximum extent to be approached at 1 ka
increases the fit to the observationally derived VLM rates, where a late minimum extent (3 ka)
provides the best fit. For E3, the modeled VLM rates underestimate the observationally derived

VLM rates when the maximum extent is reached at 1 ka or present-day.

A smaller magnitude of retreat and readvance (than in ICE-6G_C) as suggested by Lesnek
etal. (2020) and Young et al. (2021) is expected to cause a less pronounced present-day solid Earth
deformation, similar to the effect of the “no retreat” scenario. The modeled VLM rates would,

therefore, be less negative and, for E1 and E3 would improve the fit to the observationally derived
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VLM rate, while for E2 and E4, this would reduce the data-model fit. This would likely limit the

range of models that fall within the observational constraints.

Similar to the RSL rate analysis, we tested the impact of the LIS on the present-day VLM
rate. Substitution with the LIS from GLACL1-D results in slightly lower VLM rates, but the results

are not significantly affected.
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Figure 1.7: Comparison of negative modeled present-day VLM rates in Nuuk (64.17°
N, 51.73° W) for every ICE-6G_C ice history: original (orange); no retreat (red); and ice sheet
minimum at 5 ka (dark green), 4 ka (green), and 3 ka (light green). The size of the
dark/normal/light green markers indicates the timing when the ice sheet reaches its current
maximum extent at: 2 ka (small), 1 ka (medium), and present-day (large). Filled orange

squares show modeled RSL rates where the LIS in ICE-6G_C was substituted with the LIS in

GLACI1-D. The observationally inferred deglacial VLM rate (Equation 2) is denoted by the
blue and red shaded areas (+ 10 range), with rces-ctastic from Khan et al. (2016) and Adhikari et
al. (2021), respectively. The purple shaded area denotes where the two estimates overlap. The

Earth model used is indicated at the bottom.
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1.4 Discussion

1.4.1 Constraints on ice retreat and readvance in SW Greenland

Our results suggest that some degree of inland ice sheet retreat in southwestern Greenland
near Nuuk is necessary during the mid/late-Holocene to fit the model output to the data. The RSL
and VLM rates using Earth model E1 simultaneously satisfy the observational constraints if the
historical maximum extent is approached at 1 ka without a strong constraint on the timing of
retreat. Note, however, that the RSL predictions are at the edge of the data-derived uncertainty
range, while the VLM predictions are well within the observational constraints. For model E2, the
RSL and VLM predictions only satisfy both data-derived constraints simultaneously if the
maximum extent is reached at present-day, which is an unlikely end-member since this setup is
not consistent with geological constraints. This Earth model therefore seems the least appropriate
for this region. The RSL and VLM rates using model E3 satisfy the observational constraints if
the historical maximum is reached at 2 ka and the minimum occurred at 5 ka or later. Note that the
RSL predictions are again at the edge of the data-derived uncertainty range. However, simulations
with Earth model E3 satisfy the early-Holocene marine limit and closely approach the sea-level
index points. For model E4, the RSL and VLM predictions for the original ICE-6G_C and the “no
retreat” ice histories are not consistent with the observational constraints, suggesting that this Earth
model would also require a delayed timing of the minimum and maximum extents. Based on these
results we argue that the minimum extent of the southwest GrlS near Nuuk was likely reached at
or after 5 ka, and perhaps as late as 3 ka. Additionally, we conclude that the historical maximum

extent of the southwest GrlS was likely approached between 2 and 1 ka.
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To further test these inferences, we simulated the RSL history at four additional locations
in southwest Greenland (Figure 1.1). Earth model E2 produces a reasonable fit in Sisimiut (Figure
1.8a) but systematically shows a poor alignment with the remaining paleo sea level data (Figures
1.8 ¢, e, and g), which agrees with the results discussed above. The preferred model setup (model
E3, minimum at 5 ka or after, maximum between 2 and 1 ka) does not show a good fit in Sisimiut
(Figure 1.8b) but generally satisfies the sea level constraints at the other locations except for
overpredicting sea level in the early Holocene (Figures 8 d, f, and h). This further supports our

preference for this ice history and Earth model configuration.
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Figure 1.8: Modeled Holocene RSL curves for the original ICE-6G_C (orange) and “no
retreat” ICE-6G_C (red) ice histories at a) Sisimiut, ¢) Sondre, e) Godmouth, and g) Godhead.
Both ice history variations are combined with four Earth models as described in Table 1.1.
Modeled Holocene RSL curves, paired with Earth model E3, with adjusted timing of the
minimum ice extent (5, 4, and 3 ka) at b) Sisimiut, d) Sondre, f) Godmouth, and h) Godhead.
The maximum ice extent is reached at 2 ka for all three runs. Paleo sea-level observations (+
10) are denoted by crosses (index points), downward triangles (terrestrial upper-limiting),
and upward triangles (marine lower-limiting). The marine limit is denoted by the dashed
grey line (Lecavalier et al., 2014). Note that the LIA ice variability is not included in the ICE-
6G_C runs.

The likely-overestimated ~130-140 km of retreat in ICE-6G_C can affect our modeled sea
level responses - a smaller retreat magnitude than in ICE-6G_C would likely cause a less
pronounced present-day solid Earth deformation, i.e. a less negative VLM and a less positive RSL
rate, similar to the effect of the “no retreat” scenario. This would delay the likely timing of the
approach to the historical maximum closer to the present day. We are not aware of an ice sheet
model that broadly fits sea level constraints, correctly simulates the present-day ice extent, and
only simulates ~10 km of ice retreat at the Holocene ice minimum. An ad-hoc combination of ice
sheet models will likely create edge/interpolation effects that could affect our results in a

physically-inconsistent way. We therefore opt to only incorporate ICE-6G_C into our model setup

and acknowledge the impact of the larger retreat.

Our results are consistent with the results from Young et al. (2021), who estimate that the
southwest GrIS minimum extent was likely reached after ~5 ka and that the late Holocene
maximum extent was reached during historical times despite the GrIS perhaps approaching (but

not quite reaching) this eventual maximum as early as ~2 ka.
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1.4.2 Sensitivity tests and model uncertainties

Adhikari et al. (2021) suggest that a transient rheology is necessary to fit VLM observations
around Greenland. Paxman et al. (2023) combine shear wave velocities with experimentally
constrained constitutive rheological models and also find that mechanical properties including the
apparent upper mantle viscosity and lithosphere thickness vary over time. While we assume a
Maxwell rheology in our GIA model setup that does not allow transient rheology, we do adopt a
change in viscosity of about one order of magnitude in our corrections for the LIA period. Modeled
sea level predictions are most sensitive to the inclusions of transient mantle deformation in regions
near-field and peripheral to former ice sheets (Simon et al., 2022), such as our study site near
Nuuk. While we acknowledge the value in investigating the effect of transient rheology in our
model setup, this aspect remains outside of the scope of this study. The choice of rheology as well
as the importance of transient deformation remain to be further explored and a more complex

rheology may affect our results.

The magnitude and timing of the disappearance of the LIS affects the modeled RSL in
Nuuk. Southwest Greenland resides on the forebulge of the LIS, which has been subsiding since
the melting of the LIS after the LGM. A larger LIS volume during the LGM, and thus a larger
forebulge, may lead to a larger present-day subsidence rate and thus a larger RSL rate in Nuuk.
Vice versa, a smaller LIS volume may result in a smaller RSL rate. Additionally, the timing of the
LIS melting may affect the RSL rate in Nuuk by forcing the present-day subsidence rate to be
higher (lower) for a later (early) melting event. Nevertheless, we show that this effect is small:
substituting the LIS in ICE-6G_C with the LIS from GLACL1-D results in a minor change in our

modeled present-day RSL and VLM rates (Figures 6 and 7).
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Sterodynamics play an important role in controlling RSL in southwest Greenland
(Dangendorf et al., 2021). Both steric and ocean dynamic effects show complex patterns in shallow
and remote coastal areas, such as our study location near Nuuk, that are currently understudied due
to limited observational data. While we account for potential sterodynamic effects by including a
relatively large sterodynamic uncertainty in our RSL budget, derived from ocean reanalyses
(Dangendorf et al., 2021), we do not include a mean sterodynamic contribution in our RSL budget
since the individual ocean reanalysis runs show limited skill in explaining the observed RSL in
Nuuk. Properly incorporating sterodynamics into our analysis requires further work and analyses

of the physical processes controlling sterics and ocean dynamics near Nuuk.

1.4.3 Relationship between ice sheet change and regional climate

Geologic reconstructions of ice-margin change and our modeling results presented here
suggest that the southwestern GrIS may not have achieved its Holocene minimum extent until
sometime after 5 ka, perhaps as late as 3 ka. The timing of this ice minimum is significantly later
than what might be predicted by various hemispheric to regional forcing mechanisms (Figure 1.9).
For example, high-latitude northern insolation peaked at ~11 ka (Berger and Loutre, 1991),
whereas temperature reconstructions generally depict maximum Holocene temperatures around 8
ka at the GrIS summit (Kobashi et al., 2017). Moreover, simulations of GrIS change suggest mass
loss was highest between ~11-8 ka (Buizert et al., 2018), broadly consistent with the timing of
peak insolation and maximum reconstructed temperatures from Summit Greenland. Yet, focusing
in on select records more proximal to southwestern Greenland reveals perhaps a different

relationship between ice-sheet behavior and temperature.
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Badgeley et al., (2020) used a novel data assimilation approach to develop, arguably, the
most robust temperature reconstruction across the southwestern Greenland domain (Figure 1.9).
Interestingly, this reconstruction depicts rapidly warming temperatures between ~12-8 ka, peak
Holocene temperatures between ~6-5 ka followed by a 1-2 kyr-long plateau, and no significant
cooling until after ~4 ka (Badgeley et al., 2020; Briner et al., 2020). In the Sisimiut-Kangerlussuaq
region, the rate of ice-sheet retreat was highest between ~10.4 — 9.1 ka (Lesnek et al., 2020) and a
recent ensemble of geologically benchmarked simulations of ice-sheet change in southwestern
Greenland depict maximum rates of mass loss between ~12-7 ka followed by a relatively in-
balance ice sheet for the remainder of the Holocene until modern times (Briner et al., 2020).
Collectively, these records suggest that the rate of mass loss in southwestern Greenland was
highest in the early Holocene as the ice sheet was significantly out of balance with rapidly warming
temperatures and peak insolation. Through the middle Holocene, however, ice sheet mass balance
stabilized and was largely in equilibrium with regional climate as 1) the rate of climate warming
stabilized even if peak temperatures were slightly warmer (Badgeley et al., 2020; Figure 1.9), and
2) increased precipitation likely counteracted the effects of increased temperatures to some degree
(i.e., Briner et al., 2020; Downs et al., 2020). At face value, our ice-sheet minimum with the best
data-model fit in this study — after 5 ka, perhaps as late as 3 ka — is entirely consistent with the
reconstructed surface mass balance in southwestern Greenland. That is, the majority of significant
southwestern GrlS change had already occurred in the early Holocene, and slightly elevated
temperatures between ~6-5 ka and increased precipitation would result in relatively minor net

retreat of the southwestern GrlS margin during the middle Holocene. The onset of significant
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cooling at ~4 ka likely marked the approximate transition between the ice sheet minimum and the

regrowth towards the pre-industrial maximum ice extent, consistent with our modeling effort here.

On paleo and historical timescales, southwestern Greenland is dominated by surface mass
balance with both temperature and precipitation strongly affecting ice-margin evolution (Mouginot
etal., 2019; Cuzzone et al., 2019; Downs et al., 2020). Although, in the Nuuk region, ice dynamics
likely influence ice-margin migration on millennial timescales (Cuzzone et al., 2022). Nonetheless,
our results are consistent with the reconstructed evolution of ice sheet margin migration and mass
balance in southwestern Greenland (i.e., Briner et al., 2020; Young et al., 2021), while at the same
time highlighting the complicated balance between temperature, precipitation, and broad-scale ice

sheet behavior through the Holocene.
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Figure 1.9: a) June insolation at 60° N (Berger and Loutre, 1991). b) Mean annual
temperatures at the Greenland Ice Sheet Project 2 (GISP2) site reconstructed using gas-phase
OAr-N: measurements (+20; Kobashi et al., 2017). ¢) Temperature anomalies over
southwestern Greenland (Badgeley et al., 2020; Briner et al., 2020). d) Simulated GrIS mass
balance forced by fixed (black line) and variable (gray line) temperature seasonality (Buizert
et al., 2018). e) Nine simulations of ice mass in southwest Greenland through the Holocene
using various climate reconstructions (Briner et al., 2020; Young et al., 2021). In bold (blue)
are the two simulations most consistent with the geologic record of ice-sheet change in
southwestern Greenland (Young et al., 2021). f) Modeled southwest Greenland ice volume
fraction from this study, similar to Figure 1.2. Note the inverted y-axis in panels d), e), and f).
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Geologic constraints suggest that the southwestern GrIS achieved its Holocene minimum
sometime between 5-2 ka (Young et al., 2021).

1.5 Conclusions

Through our modeling approach, we explored a suite of scenarios of southwest GrlS retreat
and readvance during the Holocene and the associated impacts on past RSL and present-day RSL
and VLM changes near Nuuk. Our findings highlight the sensitivity of the Holocene and modern
RSL and VLM to ice sheet history and Earth structure. Models that incorporate a retreat of the ice
margin to the Holocene minimum extent between 5 and 3 ka and approach the historic maximum
extent between 2 and 1 ka align most closely with our observational constraints. This provides
valuable insight on the behavior of the GrlIS to warmer temperatures. These constraints suggest
that the timing of the southwest GrIS minimum reconstructed here is consistent with the likely
evolution of southwestern GrIS mass balance through the Holocene. The GrIS is already
responding to current warming and our results indicate that ice retreat will almost certainly
continue as regional temperatures continue to increase. Yet, the exact response time of the
southwestern GrlS to climate variability is difficult to establish given the century-to-millennial
timescales of temperature maximum and ice sheet minimum events. Moreover, the inherent
uncertainties of the observational data used in this study limit the strictness of the ice sheet
behavior constraints. Nonetheless, the constraints highlighted in this study have implications for
future ice sheet modeling of southwestern Greenland and provide a broader understanding of the
interactions between the climate and the cryosphere and, ultimately, of future ice sheet change.
Major areas for future work include improving the constraints on Earth structure and rheology
around Greenland and improving the sterodynamic contribution to RSL along the Greenland coast.

Further studies on the response of the GrlS to a changing climate are essential for understanding

38



ice sheet behavior and for refining sea level rise predictions and the consequences to coastal

regions around the world.
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2.1 Introduction

Global mean sea level (GMSL) rise has significantly accelerated over the past decades
(Chen et al., 2017), in part as a consequence of the acceleration in Greenland ice mass loss
(Aschwanden et al., 2019). Ice mass loss from the Greenland ice sheet (GrlS) was one of the largest
contributors to GMSL rise in the period 1901-2018 with 17-32% and will likely remain so by the
end of this century (Fox-Kemper et al., 2021). According to Fox-Kemper et al. (2021), the GrIS'
contribution to GMSL will constitute ~17% by 2100 for the Shared Socioeconomic Pathway SSP5-
8.5 (Riahi et al., 2017). From this point of view, it is imperative to improve model representation
of physical processes responsible for ice mass loss to better constrain projections of the future
contribution of the GrlIS. In this regard, evaluation of climate model outputs vs. observational data
can provide insight into the model's ability to represent the physical processes at play and can

subsequently highlight regions for model improvement (van den Broeke et al., 2017).
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The total mass loss from Greenland can be separated into surface losses (e.g., runoff) and
frontal losses at the terminus of outlet glaciers (e.g., calving). For the 2000-2018 period, 55% of
Greenland’s mass loss originated from surface mass balance (SMB; the balance between
accumulation and ablation at the ice sheet surface) and 45% from ice discharge from outlet glaciers
(Mouginot et al., 2019). The SMB losses from the GrlS have been increasing since the late 1990s,
driven primarily by an increase in melt and subsequent liquid water runoff in response to recent
atmospheric warming (van den Broeke et al.,, 2017). An increase in summer surface air
temperatures of ~+2° C has also been observed over Greenland since the early 1990s (Hanna et
al., 2012; Box, 2013). This has increased runoff by 40%, while the contribution of changes in
precipitation, sublimation, and erosion since the early 1990s are not as substantial (van den Broeke
et al., 2016, 2017). The recent increase in observed runoff has also been suggested to be linked to
changes in atmospheric circulations around Greenland (Hanna et al., 2014; Tedesco and Fettweis,
2020). (Hanna et al., 2018; McLeod and Mote, 2016) suggest that a significant increase in high
summer pressure blocking over Greenland (Greenland Blocking Index) since the 1990s has been
a major driver of the recent increase in surface melt over the GrIS (Fettweis et al., 2013; Tedesco
et al.,, 2016a). Changes in atmospheric circulation promoting enhanced runoff have been
characterized by increased shortwave incoming solar radiation (Tedesco and Fettweis, 2020). This,
in turn, can increase the absorbed solar radiation, depending on surface albedo, which can be
summarized as the ratio of the energy reflected off a unit area of material over the energy incident

over that area.

Besides temperature, albedo also strongly controls surface melting and runoff over the

GrlS. More specifically, broadband albedo refers to the wavelength-dependent albedo integrated
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over the full spectral range, weighted by the contribution of each wavelength. In the case of solar
radiation, most of the contribution to broadband albedo comes from the visible wavelengths (300-
700nm), since most of the solar energy is concentrated within this band (Liang and Wang, 2020).
Albedo is one of the key players in the energy balance for the bare ice of the GrIS, which is exposed
when the overlying seasonal snow melts. Snow is characterized by a high albedo of ~0.7-0.85
(Alexander et al., 2014), while bare ice is compacted, densified and aged snow (Wiscombe and
Warren, 1980) and is characterized by a low albedo of 0.31-0.57 (Wehrlé et al., 2021). Bare ice
thus absorbs more solar radiation than snow, increasing the energy available for melting. Even
though the bare ice zone encompasses only a small fraction (12 + 2 %) of the GrIS in summer
along the margins of the ice sheet (Ryan et al., 2019), the bare ice zone was responsible for 78%
of the runoff from the GrlS in the period 1960-2014 (Steger et al., 2017). Since bare ice albedo
strongly controls the amount of runoff from the bare ice zone, it is of key importance in controlling

GrIS-wide runoff (Tedesco et al., 2008; van Angelen et al., 2012; Alexander et al., 2019).

Bare ice albedo is spatio-temporally variable at different scales in response to non-linear
positive feedbacks between absorbed shortwave radiation and surface melt (Box et al., 2012; Ryan
et al., 2019). Therefore, meltwater production does not only depend on timing and persistence of
bare ice exposure but also on other modulating factors, such as snowfall, which can cover bare ice
with a bright, highly reflective layer of fresh snow. The appearance of bare ice reduces the overall
GrlS albedo, leading to more melting from the bare ice zone as well as feeding a positive feedback

mechanism which ultimately leads to an acceleration of surface melting (Tedesco et al., 2011).
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Bare ice exposure is often associated with the presence of light-absorbing constituents
(LACSs) on the ice, such as dust, black carbon and organic material (Tedstone et al., 2017). These
LACs can reduce surface albedo to as low as ~0.1, (Wientjes et al., 2012; Tedstone et al., 2017,
2020), and can subsequently increase melting. Dark bands appear in the bare ice as a consequence
of outcropping of ice layers mixed with dust that were deposited in the accumulation zone during
the late Pleistocene and Holocene and, later, transported to the lower ablation zone through ice
flow (MacGregor et al., 2020). Black carbon and cryoconite, small cylindrical holes (of a few
centimeters to a few meters) in the ice surface containing LACs, have also been found to reduce
the albedo of bare ice (Cook et al., 2016; Goelles and Bgggild, 2017). (Wang et al., 2018; Stibal
et al., 2017) found an abundant presence of supraglacial ice algal blooms in the bare ice zone in
the Southwestern GrlIS, with a direct link between mineral phosphorus in the ice surface and glacier
ice algae biomass (McCutcheon et al., 2021). These LACs reduce the bare ice albedo, further
enhancing meltwater production and runoff (Tedesco et al., 2016b; Williamson et al., 2018, 2020;
Cook etal., 2020). The difficulty in representing bare ice albedo in climate models partly originates
from a lack of understanding of LACs and may result in a reduced accuracy of runoff projections

(Alexander et al., 2014).

In this study, we evaluate the performance of the Modele Atmosphérique Régional (MAR),
a regional climate model especially developed for simulating polar climates (Fettweis et al., 2020),
in simulating bare ice extent, bare ice albedo and meltwater production by comparing MAR’s
model output with satellite imagery from the Moderate Resolution Imaging Spectroradiometer
(MODIS). This study complements the study by (Alexander et al., 2014) who focused on the GrlS-

wide albedo. Here, we specifically focus on the bare ice zone below 70° N, which is currently
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responsible for the majority of meltwater production from the GrIS (Steger et al., 2017). We
evaluate MAR on a range of spatial resolutions during June, July and August in 2000-2021. We
use an energy balance model to parameterize the meltwater production and to analyze the effect

of a bias in observed and modeled bare ice albedo on estimates of meltwater production.

2.2 Data and methods

2.2.1 The MAR RCM

In this study, we use the Modele Atmospherique Régional (MAR) version 3.12
regional climate model (RCM), which simulates the coupled surface-atmosphere system over the
Greenland region (Gallée, 1997; Ridder and Schayes, 1997; Lefebre, 2003; Fettweis et al., 2017)
and is forced by reanalysis data or climate model output. Specifically, we force MAR at the lateral
boundaries and ocean surface with 6-hourly reanalysis output from ERAS (Hersbach et al., 2020),
produced by the European Centre for Medium-Range Weather Forecasts (ECMWF). The
MARV3.5.2 is discussed and validated over the GrIS (Fettweis et al., 2017), with updates to
MARv3.11 discussed in (Fettweis et al., 2021). We point out that in the version we use in this
study, the geographical projection has been changed to the Standard Polar Stereographic EPSG
3413 from a previously used custom projection. An issue within the code impacting the snow
temperature at the base of the snowpack has also been corrected in MARv3.12 and it now includes
a continuous conversion from rainfall to snowfall from 0° C to -2° C as input for the snow model
instead of a fixed value of -1° C (Fettweis, personal comm.). The atmospheric component of the
model is described by (Gallée and Schayes, 1994) and the Soil Ice Snow Vegetation Atmosphere
Transfer scheme (SISVAT) is used as the surface component of the model (Ridder and Schayes,

1997). The surface model incorporates the snow model CROCUS (Brun et al., 1992), which
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simulates a set number of layers of snow, ice, or firn with variable thickness and transports energy
and mass between each layer. The CROCUS model also provides snow grain properties, which
are used to simulate snow albedo. In this study, we run the MAR model over Greenland and
produce daily output of variables pertaining to the atmosphere and ice sheet surface in this region

at horizontal spatial resolutions of 6.5, 10, 15, and 20 km.

2.2.2 MODIS data

We obtained MODO9GA Version 6 (Vermote and Wolfe 2015) surface reflectance images
over the GrIS from the Moderate Resolution Imaging Spectroradiometer (MODIS) on board
NASA'’s Terra satellite through Google Earth Engine (Gorelick et al. 2017). We use daily summer
(June, July, and August; JJA) images over the period 2000-2021 with a horizontal spatial
resolution of 500 m. Corrections have been applied to this product for atmospheric conditions such
as aerosols, gasses and Rayleigh scattering (Vermote and Wolfe 2015). We also collected daily
snow cover images from MOD10AL Version 6 from Google Earth Engine over the same period.
This product includes a daily cloud mask which we use in this study to flag clouds in the
MODO9GA images. The MOD10AL1 product also contains daily broadband albedo values (Hall et
al. 2016), though albedo values above a latitude of 70° N may be positively biased due to viewing
geometry and large solar zenith angle (Alexander et al., 2014). Consequently, we omit MOD10Al
albedo data above 70° N from our albedo and meltwater production analysis. Note that we do
include MODOQ9GA surface reflectance data above 70° N in our bare ice extent analysis. We choose
the summer 2000-2021 study period to accommodate the observation period of MODIS and to
account for the seasonal variability of bare ice exposure on the GrlS, when surface albedo has the

largest impact on SMB (Alexander et al., 2014). To allow for a daily pixel-by-pixel comparison,
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we first use GDAL (GDAL/OGR contributors) to reproject the daily MODIS data (MOD09GA
and MOD10A1) to the MAR’s native projection and simultaneously rescale it to the resolution of

each of the MAR products.

2.2.3 Bare ice extent

Bare ice is exposed when the snow blanketing it is removed through surface melting. Most
of the areas where bare ice occurs are located in the ablation zone, where ablation is larger than
accumulation and the SMB is negative. At the transition between the ablation and accumulation
zones lies the equilibrium line altitude (ELA), denoting the elevation where ablation is equal to
accumulation and the SMB is 0 (Noél et al., 2019). In order to study the behavior of bare ice
exposure we determine a long-term average ELA from the daily MAR outputs of SMB over the
GrlS. We estimate the average ELA at 1679 m a.s.l. for the period 2000-2021 over the entire ice
sheet as the 95th percentile value of the elevation values in the ablation zone. Taking the 95th
percentile of the long-term average values supports the omission of sporadically high ablation cell
detections and provides a conservative estimate of the ELA. We note that this method may provide
a conservative estimate of the bare ice extent during warm, high-melt years, as the ELA in such
years may lie at a higher elevation than the long-term average ELA. Then, we constrain bare ice
as modeled by MAR to cells below the long-term average ELA. This is a first simplified estimate
of the bare ice extent, which is further refined by the following two conditions: 1) snow is absent
(i.e. snow depth is 0 m) and 2) the average density in the top 1 m exceeds 907 kg/m3. A thin layer
of fresh snow (300 kg/m?3 in MAR) could cover the ice (920 kg/m? in MAR) following a brief
snowfall event. Solar radiation will not attenuate much in a thin layer of snow and will thus not

significantly affect absorption into the underlying ice (Warren et al., 2006). A thin layer of fresh
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snow will lower the density of the top layer, however. Therefore, setting a lower limit of 907 kg/m?
for the average density of the top 1 m allows for 2 cm of fresh snow to cover the ice, while also
allowing the cell to still be detected as bare ice and not as snow. Taking the average density also
ensures that ice lenses are not detected as bare ice. We use the static ice mask and digital elevation
model (DEM) of the GrIS as described by the Greenland Ice Mapping Project (GIMP) to select
areas where the ice sheet is present (vs. where land is present) and to produce the satellite-derived

extent and elevation of the GrlIS (Howat et al., 2014).

We note that the static GIMP ice mask and DEM are constructed from Landsat-7 and
RADARSAT-1 imagery acquired between 1999 and 2002, which only overlaps for 3 out of the 22
years of the study period in this study. However, the impact on the estimated bare ice extent should
be small given estimates for ice margin retreat rates and thinning rates (Helm et al., 2014; Lesnek
et al., 2020; Young et al., 2021). We therefore believe that the static GIMP ice mask suffices for

the purposes of this study.

We extract the satellite-derived bare ice extent (BIE) on the GrlS by applying an upper
threshold of 0.6 to band 2 (841-876 nm) in the MODO9GA product (Shimada et al., 2016).
Following the same study, we define pixels with reflectance values above 0.6 in band 2 as snow.
We define the annual maximum BIE as the area covered by those pixels that are detected as bare
ice for a minimum of 10% of the observed days in JJA in one year. The aim of this is providing a
conservative estimate of bare ice extent while ensuring omission of sporadic and erroneous bare
ice detections by MODIS, such as superimposed ice and meltwater lakes and streams. We define

a lower estimate of the MODIS-derived annual maximum BIE as the area covered by the pixels
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below the long-term average ELA that are detected as bare ice for a minimum of 10% of the
observed days in JJA. We also define an upper estimate of the annual maximum BIE, which
includes: 1) the area found for lower estimate and 2) the area covered by the pixels that are flagged
as clouds in MOD10A1 for a minimum of 90% of the observed days in JJA. For pixels that are
covered by clouds for more than 90% of the observed days in JJA, the view of the surface of the
GrlS is obstructed to such an extended degree that bare ice cannot be detected for more than 10%
of the observed days in JJA. This automatically excludes them as a possible bare ice pixel, leading

to potentially missed bare ice area.

We use forecast verification to quantify MAR’s ability to simulate bare ice vs. snow. We
assess MAR’s forecast quality by examining the statistical characteristics of the dichotomous
categorical forecasts of bare ice (true) vs. snow (false) as compared with observations from
MODIS. The forecast and observation counts of both bare ice and of snow are listed in a
contingency table. To assess MAR’s performance in simulating bare ice, we use Frequency Bias
Index. This statistic indicates a perfect forecaster with a score of 1, an underforecaster with a score

lower than 1, and an overforecaster with a score higher than 1 (Wilks, 2011).

2.2.4 Bare ice albedo

We evaluate the performance of MAR in simulating bare ice albedo by comparing MAR’s
modeled albedo values with the albedo values observed by MODIS on the overlapping BIE. The
output from MAR contains daily albedo values over the entire GrlS. The bare ice albedo scheme
in MARV2 originally consisted of simply assigning a fixed value of 0.55 to bare ice albedo.

Nevertheless, the improved MARV3 we use in this study simulates bare ice albedo as a function
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of accumulated surface water height and slope of the ice sheet, following an exponential relation
between pure bare ice albedo and water albedo (Alexander et al., 2014). MAR includes lower and
upper boundaries for the bare ice albedo of 0.5 and 0.55. However, every year, large areas with
albedo values lower than 0.5 are observed by MODIS and by some PROMICE automatic weather
stations (Tedesco et al., 2016b). An analysis by (Wehrlé et al., 2021) shows that the average albedo
from the 20 stations included in the study is lower than 0.5 for more than a month during the melt
season. Therefore, values for the surface albedo below 0.5 can be considered a common event
across the bare ice zone. Such low albedo values in part result from the presence of LACs on the
bare ice, which are not taken into consideration in the MARV3 bare ice albedo scheme. Low albedo
values can also arise from accumulated meltwater on the surface of the ice in the form of streams
and lakes, but the relative effect of meltwater has been estimated to be smaller than that of LACs

(Ryan et al., 2018).

2.2.5 Meltwater production
We use an energy balance model to parameterize the energy available for meltwater
production over the bare ice zone and to isolate the effect of albedo on meltwater production
estimates from the bare ice zone below 70° N. Following (Pellicciotti et al., 2008), we parameterize
the energy available for meltwater production as:

ME = (a- (1 —a) - SWdown +b - LWhet +c - SHF + d - LHF) / (pw-Lm), (1)
with daily values for meltwater production (ME), albedo (a), downward shortwave radiation
(SWadown), net longwave radiation (LWhret), and sensible and latent heat fluxes (SHF and LHF)
simulated by MAR. The numerator on the right-hand side is equal to the energy available for melt.

Dividing by density (pw = 1000 kg/m?3) and the latent heat of fusion of water (Lm = 3.34-10° J/kg)
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gives the potential meltwater production in mmWE/day. For this purpose, we use the MAR outputs
generated at a horizontal spatial resolution of 6.5 km. We determine the parameters a, b, ¢, and d
by finding the minimum of this unconstrained multivariable function on a daily basis. Figure 2.1
shows the linear regression between the parameterized meltwater production and the meltwater
production simulated by MAR, with an R? of 0.92, mean bias of -0.728 mmWE/day and root mean
square error of 3.97 mmWE/day. As seen in Figure 2.1 and from the negative mean bias, the
parameterization tends to underestimate meltwater production slightly relative to the meltwater
simulated by MAR. This could be due to the fact that MAR calculates meltwater production every
minute and the parameterization calculates melt only once per day since it uses daily MAR output.
Moreover, the feedbacks between air and surface processes are not captured in the parametrization
scheme. Lastly, days with melt occurring only during a part of the day occur at the beginning and
end of the melt season with the parameters (a, b, ¢, and d) not being able to fully account for this
variation. The fractional contribution to meltwater production of each constituent in Equation 1
are calculated by multiplying each parameter with the respective net energy flux and dividing by

the total meltwater production on a daily basis.
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Figure 2.1: Linear regression of daily meltwater production simulated by MAR and
parameterized meltwater production using modeled albedo.

We calculate daily meltwater production estimates with the meltwater production
parameterization twice, using the same values for the coefficients, once using the albedo modeled
by MAR and once using the albedo observed by MODIS. The goal of this is to isolate the effect
of bare ice albedo on meltwater production. As a reminder, we exclude cells above a latitude of
70° N to account for the potentially reduced accuracy of albedo values in the MOD10A1 product
in this region. In order to increase the fairness of the comparison we include only those areas and
days where we simultaneously detect bare ice with both MAR and MODIS. Since we are interested
in the effect of bare ice albedo on meltwater production, we only include cells that are melting as
prescribed by MAR (>1 mmWE/day). This ensures that any absorbed energy fluxes predominantly
go into the enthalpy of fusion of ice, i.e. leading to melt, and not into changing the temperature of

the ice.
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2.3 Results

2.3.1 Bare ice extent

The average number of days when bare ice is exposed during June, July, and August (JJA)
for our study period (2000-2021) obtained from MODIS (Figure 2.2a) and MAR (Figure 2.2b) as
well as their difference (Figure 2.2c) are shown in Figure 2.2. The number of bare ice days
observed by MODIS show slightly more inland variation, especially in the northern regions of the
ice sheet. For instance, a large round feature in the northeast reveals that bare ice is exposed for up
to 12 days on average during JJA. The geothermal heat flux map of Greenland created by (Martos
et al., 2018) shows a round feature of similar size in the same area with an enhanced heat flux.
Increased heat flux from the bedrock to the ice sheet surface could lead to higher ice sheet surface
temperatures, which enhances bare ice exposure. This pattern is not captured by the MAR

simulations.
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Figure 2.2: Number of days bare ice is exposed in JJA, averaged over 2000-2021: a)
observed by MODIS on 500 m, b) modeled by MAR on 6.5 km, and c) their difference
(MODIS minus MAR) on 6.5 km.
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The inter-annual variability of the maximum extent of the bare ice zone on the GrIS we
obtained from the remote sensing and modeled data for the 2000-2021 study period is reported in
Figure 2.3a. The modeled results (lines of different shades of blue, depending on the horizontal
spatial resolution) show that MAR agrees well with the general trend of the inter-annual variation
in maximum bare ice extent estimated by MODIS. We find R?-values of 0.72, 0.70, 0.65, and 0.65
between the lower MODIS estimate and MAR on 6.5, 10, 15, and 20 km, respectively. In this
regard, the MAR output produced at the highest horizontal spatial resolutions (6.5 and 10 km) fit

best with the observed inter-annual BIE.
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Figure 2.3: a) annual maximum bare ice extent in 2000-2021, averaged over JJA and b)
seasonal bare ice extent in JJA, averaged over 2000-2021.

Years with a high maximum BIE, such as 2012 and 2019, correspond to known high-melt
years (Tedesco and Fettweis, 2020). This is as expected since warmer temperatures or positive
energy balance anomalies lead to more snowmelt, exposing the underlying bare ice. Additionally,
exposed bare ice leads to increased absorption of solar radiation, generating higher melt rates
(Ryan et al., 2019). In these high-BIE years MAR overestimates the BIE relative to the
observations. This indicates that MAR potentially overestimates the amount of snow that is melted
away in these years and exposes more bare ice than is actually the case. Some snowfall events may
also have been missed by MAR, which would have otherwise reduced the BIE by temporarily
covering the ice with a thin layer of fresh snow. Conversely, in years with a low maximum BIE,
such as 2006 and 2018, MAR generally underestimates the BIE, suggesting that MAR

underestimates the amount of snow that is melted away in these years. Because MAR respectively
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under/overestimates snow melt in colder/warmer years, this suggests that MAR could be too
sensitive to temperature. The BIE shows a positive trend during the study period for both MODIS
(1,486 km?/yr) and MAR (2,303, 2,082, 1,951, and 2,409 km?/yr on 6.5, 10, 15, and 20 km,
respectively). The significantly lower value for the average observed BIE stems from the inclusion
of 2021 data, where estimates between observation and model differ vastly. This difference is
potentially caused in part by an anomalously high amount of clouds over the bare ice zone in mid-
August of 2021, obstructing view of potential BIE which MAR does model as bare ice. Excluding
the 2021 MODIS data provides a trend of 2.272 km?/yr, which is more similar to the trend

simulated by MAR.

The observed and modeled seasonal BIE exhibit a peak from mid-July through mid-August
(Figure 2.3b). The resolutions we use in MAR have minimal effect on the timing and magnitude
of the BIE. The initial modeled BIE is slightly lower than the observed BIE, indicating that the 0.6
threshold for band 2 in MODO9GA could be too high or that the onset of bare ice is delayed in
MAR relative to the observed onset. The lower initial modeled BIE may also suggest that MAR
misses uncovering of ice by snowdrift which would blow snow into crevasses and holes. In early
July, the modeled BIE quickly surpasses the minimum observed estimate. The late-July dip in

modeled BIE is in part due to snowfall events over the BIE as simulated by MAR.

Table 2.1 shows the contingency table of the dichotomous categorical forecasts (MAR)
and observations (MODIS) of bare ice versus snow. MAR has a Frequency Bias Index of 0.651,
showing that, when bare ice is observed by MODIS, MAR simulates bare ice on the same pixel

65.1% of the time. In other words, MAR underforecasts bare ice exposure (Wilks, 2011).
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Table 2.1: Contingency table of forecasts (MAR) and observations (MODIS) in terms
of determining either bare ice or snow. Bare ice is both forecast and observed is a hit (a), bare
ice is forecast but snow is observed is a false alarm (b), snow is forecast but bare ice is
observed is a miss (c), snow is both forecast and observed is a correct rejection (d). Results
are shown as a percentage of the total number of observations (n).

Bare ice observations Snow observations  Marginal totals
Bare ice forecasts a=10.14% b =6.49% a+b = 16.63%
Snow forecasts ¢ =15.43% d = 67.94% c+d = 83.37%
Marginal totals a+c = 25.56% b+d = 74.44% n=16081178

2.3.2 Bare ice albedo

The average observed bare ice albedo over 2000-2021 exhibits high spatial variability
(Figure 2.4a), with large sections of low albedo values (< 0.4) in the southern region of the GrlS,
especially over the dark ice zone in the southwest. The low albedo values in the dark ice zone
suggest the presence of abundant LACs, such as black carbon, mineral dust, volcanic ash,
cryoconite and ice algal blooms (Tedstone et al., 2017). We observe little to no variability in
average bare ice albedo for MAR (Figure 2.4b). This is expected from the bare ice albedo scheme
in MAR since it does not account for any form of LACs. Albedo values higher than expected for
bare ice are detected by MODIS in the northern section of the ice sheet. This is an artifact of the
positively biased MOD10A1 product above latitudes of 70° N (Alexander et al., 2014). The
difference in bare ice albedo values between MODIS and MAR (Figure 2.4c) indicates that the

dark ice zone albedo is highly overestimated by MAR, as compared to MODIS.
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Figure 2.4: Maps of bare ice albedo over maximum bare ice extent averaged over JJA
in 2000-2021 on 6.5km: a) observed by MODIS, b) modeled by MAR, and c) their difference
(MODIS minus MAR). The dashed line denotes 70° N.

The annual average observed albedo over the overlapping bare ice extent below 70° N

shows significant variability throughout the study period for all resolutions, with little to no

variability between MAR resolutions (Figure 2.5a). The variability in annual average modeled

bare ice albedo is negligible and remains almost constant at around 0.55, on average 0.12 (or

27.5%) higher than the average of 0.43 observed by MODIS. The observed bare ice albedo shows

an average trend of -0.015 + 0.0025 per decade. We have given each resolution equal weight in

the calculations of the means and trends.
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Figure 2.5: a) annual bare ice albedo in 2000-2021, averaged over JJA and b) seasonal
bare ice albedo in JJA, averaged over 2000-2021.

The seasonal average observed bare ice albedo below 70° N exhibits significant changes

throughout the JJA season (Figure 2.5b). The observed albedo (on 15 and 20 km resolution) in
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June shows high variability, which is a result of the minimal bare ice extent on the GrlIS in this
period and the even smaller bare ice extent overlapping between model and observation. Hence,
for the first ~20 days of June only a small number of cells is available (less than 10 cells per day)
from which to determine the average bare ice albedo, making anomalous values weigh more
heavily in the average. The observed albedo declines rapidly in June and reaches a sustained
minimum of ~0.41 from early July until early August. Throughout the season, MAR overestimates
bare ice albedo relative to the observations fairly constantly at ~0.55. The difference between
observed and modeled albedo originates in part from the missing representation of LACs in the
bare ice albedo scheme in MAR (Fettweis et al., 2017). The dipping trend in observed albedo
suggests an increase in spatial distribution or intensification of LAC concentrations. Algal blooms
flourish and multiply (Wang et al., 2018, 2020). Holocene dust and black carbon are exposed
through melting deeper and older ice layers. Holocene dust and black carbon are continuously
being outcropped through melting of deeper and older ice layers and can accumulate on the surface
of the ice (Doherty et al., 2013). Significant aeolian depositions of black carbon have also been
observed (Goelles and Bgggild, 2017). Volcanic ash will play only a minor role in lowering the
albedo as it is distributed only in short time intervals during volcanic eruptions. Despite its dark
surface, cryoconite has been shown to play a minor role in lowering albedo due to its sparse spatial
distribution (Ryan et al., 2018). A part of the seasonal decrease in bare ice albedo also arises from

accumulated surface meltwater on the bare ice, which may be misrepresented in MAR.

2.3.3 Meltwater production
Figures 2.6a and 2.6b show annual and seasonal averages, respectively, of the fractional

contributions of each of the constituents in the meltwater production parameterization, where we
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use albedo values from MODIS in the shortwave radiation term. The shortwave radiation term is
consistently the largest term contributing to meltwater production owing to the low albedo of bare
ice and the long days during boreal summer. Shortwave radiation contributes on average 5 - 5.5
times more to meltwater production than sensible heat flux, the second largest contributor.
Longwave radiation contributes to a net loss of heat in general during the study period, releasing
more energy from the surface of the ice than it absorbs. This leads to a net negative contribution
to meltwater production. Sensible heat flux contributes a small but rather constant fraction to
meltwater production. The contribution of latent heat flux to meltwater production is very small
and often negative (-0.11 - 0.02), meaning that the latent heat flux on average results more in

evaporation and sublimation than condensation and deposition.
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Figure 2.6: Fractional contributions of energy fluxes to meltwater production over the
bare ice zone: a) annual averages for 2000-2021 and b) seasonal averages for JJA.
We quantify the effect of the bare ice albedo bias by determining the meltwater production
in two scenarios: once with the observed albedo and once with the modeled albedo as input to the
meltwater production parameterization. We use the ratio of the daily averages of these two
meltwater production estimates to isolate the effect of bare ice albedo on meltwater production
from the bare ice zone below 70° N on a daily basis (Figure 2.7). A positive ratio indicates that
using the modeled albedo in the parameterization results in an underestimation of the average

meltwater production on that day, compared to using the observed albedo.
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Figure 2.7: Ratio of daily parameterized meltwater production with observed albedo
to parameterized meltwater production with modeled albedo. The vertical and horizontal
bars show annual and seasonal averages.

We observe a strong increasing seasonal trend in the average seasonal ratio of 0.0245 per
week from June through August with seasonal average ratios for June, July and August of 1.32,
1.42, and 1.54, respectively, indicating a seasonally increasing underestimation of parameterized
meltwater production using the modeled albedo. The increase in the seasonal average ratio of
meltwater production indicates that the spatial distribution and intensity of LAC concentrations on
bare ice could be increasing during the season, reaching peak values in late August. Increasing
amounts of accumulated surface meltwater could also be a cause of the increasing trend in the
ratio. As shown earlier, the daily bare ice extent significantly decreases after mid-August. This
means there is a smaller area over which meltwater production is calculated, increasing its
variability. The seasonal average reaches a low of 1.19 on June 7, and a peak of 1.75 on August
24. The meltwater production ratio exhibits significant daily variability throughout the study
period. Daily ratios in June vary from 0.34 to 3.04, though these extreme ratios are sporadic. Since
the overlapping bare ice extent between observation and model is small in early June, this period
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shows extreme variability in observed bare ice albedo and, thus, in meltwater production estimates.
Hence, strong conclusions cannot be drawn for early June. The minimum and maximum daily
ratios in July are 0.81 and 2.11, respectively. August exhibits numerous extremely high daily
ratios, especially in late August, with minimum and maximum ratios of 0.98 and 3.09, respectively.
The average annual ratio exhibits an increasing trend of 0.043 per decade from 2000 through 2021,
indicating that parameterized meltwater production from the bare ice zone below 70° N is being
increasingly underestimated when using modeled albedo versus observed albedo. One explanation
for this could be an annually increasing amount of LACs that are deposited onto and exposed in
the bare ice zone during the summer. Increasing temperatures and accumulated surface meltwater
could also create more favorable conditions for algal bloom growth. The minimum and maximum
annual average ratios are 1.26 and 1.58, in 2004 and 2019, respectively. Averaged over the bare
ice zone below 70° N and the entire study period, the MAR-derived meltwater production using
the modeled albedo could be underestimated by 42.8%, owing to an average overestimation of
modeled bare ice albedo of 22.8%. The meltwater productions using observed and modeled albedo

have a correlation coefficient of R? = 0.60.

In addition to the examination of time series, we average the meltwater production ratios
over the study period and map them onto the bare ice extent (Figure 2.8). We find high ratios over
the dark ice zone in southwest Greenland, which is as expected from the high LAC concentrations
in this area (Wang et al., 2020). Moreover, we find values between 0.4 and 1 higher up in the
ablation zone in southwest Greenland. In this region, meltwater production estimates are close to
0 using both observed and modeled albedo. Melting also occurs significantly less frequently with

increasing elevation in this region. Hence, a small difference in albedo can result in a large
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percentage change of simulated meltwater production. We find extremely high ratios along the
eastern margin where the observed albedo is significantly lower than the ~0.55 simulated by MAR
(Figure 2.4). The large albedo differences and low number of melting days in this area makes

meltwater production estimates more variable.
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Figure 2.8: Ratio of parameterized meltwater production with observed albedo to
parameterized meltwater production with modeled albedo, averaged over the entire study
period.

2.4 Discussion
An analysis by Ryan et al., (2018) on sources of spatial albedo variability along a transect

in the dark ice zone, perpendicular to the ice margin, found that 73% of spatial albedo variability

can be attributed to LACs on the surface of bare ice; a mixture of algae, dust and black carbon.
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Only 15% of the spatial variability of albedo is explained by accumulated surface meltwater in
rivers, streams, ponds and lakes. Crevasses are responsible for 12% of the observed albedo
variability. Despite the very low albedo of cryoconite, due to its low abundance it accounts for
only 0.6% of the albedo variability. Moreover, accumulated surface meltwater may act as a
distributor of LACs; a small change in accumulated surface meltwater may thus result in larger
albedo changes than merely the added surface water. Granted, the analysis by Ryan et al., (2018)
only holds for one transect covering 12.5 km? on August 6, 2014, and may not necessarily be
representative of the entire bare ice area. A modeling study from Goelles and Bgggild (2017)
suggests that melt-out of englacial black carbon and dust are responsible for most of the LAC-
driven meltwater production. Atmospheric deposition of black carbon and dust has a significantly
lower effect on meltwater production in their study. These results hold for the location of an AWS
(KAN_M) at 1270 m a.s.l, in the dark ice zone, for 2010-2015. It should be noted that biological
activity is not included in their model, so they could be interpreting some albedo changes due to
biological activity as effects from black carbon and dust. It thus remains unclear how the effect of
algae relates to the effect of dust and black carbon on bare ice albedo and meltwater production.
Though, qualitatively, we assume the conclusions drawn by Goelles and Bgggild (2017) and Ryan
et al., (2018) hold for the albedo differences between model and observations we find in our

analysis.

We recognize that the choice of the threshold in band 2 of MODO09GA to determine the
bare ice extent adds additional uncertainty to our results. Shimada et al., (2016) determined the 0.6
threshold from only one image of southwest Greenland from MODIS’ sub-sampled calibrated

radiance product MODO02SSH from July 12, 2012 on 5km spatial resolution. The authors picked
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this image because of the maximum variability in surface conditions within the image. The 0.6
threshold is simply defined as the mean of the spectral reflectance of snow and bare ice in band 2
(841-876 nm). Despite the small range of spatial and spectral data used in defining this threshold,
a comparison with a coincident image from Landsat 8/0OLI shows a good agreement in surface
condition classification. A relative error in bare ice classification of only 0.16% leads us to believe
that the threshold of 0.6 for bare ice classification found by Shimada et al., (2016) is robust. As a
sensitivity test, we reprocessed the MODO9GA data using a slightly lower threshold for bare ice
classification of 0.55 for the year 2009, whose bare ice extent is representative as an average year
in the period 2000-2021. We find that the maximum annual bare ice extent is 17.22% lower if we
use a threshold of 0.55 as opposed to 0.6. On average, from June 1 through August 31, the daily
bare ice extent is 23.73% lower if we use a threshold of 0.55. This shows that the bare ice extent
IS sensitive to the choice of the threshold in band 2 of MODO9GA. However, no other estimates
for this threshold are available in the current literature. We therefore believe that the 0.6 threshold

is currently the best estimate.

We want to emphasize that our results on albedo and meltwater production only hold for
the bare ice extent below 70° N that is simultaneously observed by MODIS and modeled by MAR.
Since the MOD10A1 product may be less reliable above 70° N, we exclude this region from this
part of our analysis. This means that the albedo and meltwater production results shown in this
study cannot be extrapolated to the northern half of the GrlS, though we expect the physical
processes to be fairly similar over the entire GrIS. An improved understanding of errors in satellite-
derived albedo measurements, including additional high-quality in situ measurements, would be

useful for properly analyzing the effects of albedo on meltwater production above 70° N.
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The ratios we mention in Section 3.3 pertain to the parameterized meltwater production
using observed albedo and modeled albedo. No direct conclusions can thus be drawn on the
performance of MAR in simulating meltwater production over the bare ice zone. However, in the
Methods section we show that the parameterized meltwater production using the modeled albedo
and the original meltwater production in MAR have a very high correlation (R? = 0.92). We
therefore believe that our conclusions are likely transferable and applicable to the performance of

MAR in simulating meltwater production.

It is also important to note that the SMB simulated by MAR compares very well with SMB
observations from the Programme for Monitoring the Greenland Ice Sheet (PROMICE) on average
over the entire GrIS (Fettweis et al., 2020). This suggests that the effects on meltwater production
of a too high bare ice albedo through absorption of shortwave radiation might be compensated by
other energy fluxes (LWnet, SHF, LHF) in the energy balance equation of MAR over the bare ice
area. This is discussed in Fettweis et al., (2017), who highlighted an overestimation of albedo and
downward shortwave radiation but an underestimation of downward longwave radiation.
However, MAR underestimates melt at AWS locations in the ablation zone where melt is larger
than 2 mWE/yr (Fettweis et al., 2020), suggesting that at these locations a lower bare ice albedo
would improve comparison of modeled SMB with observations from PROMICE. At these
locations, the SMB modeled by the Regional Atmospheric Climate Model (RACMOZ2.3p2)
compares better with PROMICE than the SMB from MAR does, most likely since RACMO

integrates MODIS albedo into their model (Noél et al., 2019).
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2.5 Conclusions

Using remote sensing observations and an energy balance model to parameterize meltwater
production, we analyze the performance of the regional climate model MAR in simulating the
spatio-temporal variability of the bare ice extent and albedo as observed by MODIS. We have
shown that MAR performs reasonably well in simulating the bare ice extent on an annual basis.
Despite the similarities in maximum annual bare ice extent, MAR overestimates the daily bare ice
extent during peak bare ice season from mid-July through mid-August. We also conclude that
MAR overestimates bare ice albedo below 70° N on average by 22.8% during the study period.
This complements and builds further on a study by Alexander et al. 2014, who analyzed surface
albedo over the entire GrlS. We advocate that this significant difference in bare ice albedo arises
in substantial part from the lack of LAC representation in MAR’s bare ice albedo scheme. A
misrepresentation of accumulated surface meltwater on bare ice in MAR may also in part cause
the difference between observed and modeled bare ice albedo. Using the meltwater production
parameterization, we isolate the effect of the bias in observed and modeled bare ice albedo on the
meltwater production from the bare ice zone below 70° N. We find that, using the modeled albedo
in the parameterization, meltwater production is underestimated on average by 42.8% during the
study period. The underestimation of meltwater production increases on average with 2.45% per
week from June through August and with 4.3% per decade from 2000 through 2021. The largest
discrepancies in meltwater production are located over the dark ice zone, where the highest LAC
concentrations are found, and along the eastern margins of the ice sheet, where simulating bare ice
extent is more difficult owing to the steep topography of the fjords and cliffs. Since meltwater

production estimates from MAR and estimates from the parameterization with the modeled albedo
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are closely linked (R? = 0.92), we believe that the results pertaining to meltwater production are

likely transferable and applicable to MAR’s performance in simulating meltwater production.

The results of this study show that research efforts should be directed towards uncovering
the spatial and temporal variability of the distribution and trends of LAC concentrations on bare
ice. Regional climate models, such as MAR, should work towards adopting a bare ice albedo
scheme that allows for inputting spatially and temporally variable LAC concentrations on bare ice.
Radiative transfer models such as the SNow ICe and Aerosol Radiative model SNICAR are being
improved to allow for inputting black carbon, brown carbon, dust, ash, and algae with a range of
properties in a variable concentration (Whicker et al. 2021, in press). However, no GrlS-wide, or
dark ice zone-wide, quantification of distributions and trends are available yet. Hence, this aspect

of LACs on bare ice still has to be parameterized.

As global, and more so Arctic, atmospheric temperature continues to rise, more bare ice
will be exposed by melting the snow that usually blankets the bare ice, increasing meltwater
production from the ablation zone of the GrlS. Correctly modeling and predicting bare ice albedo,
and in particular LAC concentrations on bare ice, is thus becoming increasingly imperative for
proper projections of meltwater production from the GrlS by regional climate models and general

circulation models.
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3.1 Introduction

A significant portion of the acceleration of the global mean sea level rise over the last few
decades has been attributed to increased surface melting from the Greenland ice sheet (GrlS)
(Aschwanden et al., 2019). Climate models project a contribution of 9-18 cm from the GrIS by
2100 for the Shared Socioeconomic Pathway SSP5-8.5 (Fox-Kemper et al., 2021; Riahi et al.,
2017). The large uncertainty in this projection contributes to the hindrance of accurate and
effective mitigation of the implications of sea level change on coastal communities. A large portion
of the uncertainty stems from an incomplete understanding of the physical processes that control
ice surface melting on the GrIS and their linkages to atmospheric and oceanic processes (van den
Broeke et al., 2017). Specifically, we lack an understanding of the spatiotemporal variability of ice

albedo, which plays a crucial role in ice surface melt processes (Antwerpen et al., 2022).

Ice is exposed on the GrIS during the summer melting season (June-August) when
increased insolation and increased atmospheric temperature induce melting of the winter snowpack
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overlying the ice. Snow melt generally occurs in the ablation zone at lower elevations near the ice
sheet margin. Here, the surface mass balance is negative, with the ablation of snow and ice
(melting, evaporation, and sublimation) being larger than the accumulation (snowfall, rainfall, and
refreezing), resulting in a net surface mass loss. Ice melt is strongly controlled by broadband
surface albedo, which represents the ratio of reflected (upward) solar radiation flux to the incoming
(downward) solar radiation flux, weighted by wavelength (visible to near-infrared) and ranges
from ~0.1 to ~0.7 (Klein and Stroeve, 2002; Liang, 2001; Tedstone et al., 2020; Warren and
Wiscombe, 1980; Wiscombe and Warren, 1980) while the typical albedo of snow is ~0.7-0.8. The
incoming solar radiation that is not reflected by the ice is, instead, absorbed. A considerably higher
amount of incoming solar radiation can thus be absorbed by ice than by snow. The absorbed
radiation heats the surface and shallow subsurface ice and snow layers and induces melting.
Meltwater from snow and ice has a low albedo of ~0.1 and, therefore, further decreases the albedo,
promoting additional melting. This is referred to as the meltwater-albedo feedback (Stroeve, 2001).
Under future, warmer atmospheric conditions, snowmelt over the GrlIS is expected increase (Yue
et al., 2021). Therefore, the snowline is expected to retreat earlier and further inland, increasing

the low-albedo ice areas and accelerating surface melting and sea level rise (Ryan et al., 2019).

Ice albedo on the GrlS is a highly complex property of the ice surface that is controlled by
many factors. The metamorphic state of the surface and shallow subsurface of the ice, determined
by ice grain size, density, porosity, specific surface area, and the size and shape of englacial air
bubbles, plays a key role in the scattering, absorption, and reflectance of incoming solar radiation
(Flanner and Zender, 2006). Moreover, meltwater and rainwater can pond on the ice surface and

infiltrate shallow subsurface cavities in the ice, promoting absorption of incoming solar radiation
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during low cloud-cover days (Tedstone et al., 2020). Solar radiation heats the meltwater and
promotes ice melting at the water-ice interface, increasing the presence of meltwater and further
darkening the ice sheet. The presence of light-absorbing constituents (LACs), including black
carbon, mineral dust, algae, and cryoconite, can significantly lower ice albedo (Goelles and
Baggild, 2017; Hofer et al., 2017; MacGregor et al., 2020; McCutcheon et al., 2021; Williamson
et al., 2020). A considerable fraction of LACs that affect GrlIS ice albedo are aerosols from distant
and local sources (Flanner et al., 2021; Goelles and Bgggild, 2017). Natural sources, including
North American, Siberian, and Greenlandic wildfires, emit black carbon particles (Cali Quaglia et
al., 2022; Keegan et al., 2014). Greenlandic wildfires are found to deposit 30% of their emissions
onto the ice sheet (Evangeliou et al., 2019). Asian and African deserts (Ujvari et al., 2022),
Icelandic volcanoes (Meinander et al., 2016; Moroni et al., 2018), and Greenlandic ice-free areas
(Amino et al., 2021; Nagatsuka et al., 2021) release dust particles that have been found on the ice
sheet. Further, anthropogenic sources emit aerosols (Bond et al., 2013), which can be transported
across large distances by atmospheric circulations and deposited on the GrIS (Khan et al., 2023;
Thomas etal., 2017; Ward et al., 2018). LACs accumulate on the GrlS surface throughout the year
and as the snowpack melts during the melting season, LACs can be left behind on the ice and cause
darkening while the melted snowpack is flushed out. Additionally, dust accumulated on the GrIS
during the last ~15,000 years is melted at the ice surface in the ablation zone, increasing the dust
concentration (MacGregor et al., 2020; Wientjes et al., 2012). Moreover, mineral dust provides
nutrients for ice algae with a direct link between mineral phosphorus and glacier algae biomass
(McCutcheon et al., 2021). Algal blooms cause a considerable lowering of albedo and accelerate
surface melting (Cook et al., 2020; Stibal et al., 2017; Wang et al., 2020; Williamson et al., 2020).

Lastly, a broad swath of environmental and radiative conditions, including temperature,
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atmospheric composition and circulation, and solar zenith angle, affect the metamorphic state of
the ice and the accumulation of LACs and thus play an essential role in controlling ice albedo

(Flanner et al., 2021; Hofer et al., 2017; Tedesco et al., 2016).

The development of a comprehensive and predictive ice albedo model is hindered by an
incomplete understanding of the drivers of ice albedo, which can lead to underestimates of surface
melting and sea level rise (Antwerpen et al., 2022). Typically, Earth system models (ESMs)
prescribe constant values for ice albedo in the visible and near-infrared wavelength regions (van
Kampenhout et al., 2020). Recent ice albedo modeling efforts show improved capabilities in
representing ice albedo in ESMs and regional climate models (RCMs). For example, through
recent improvements, the Snow, Ice, and Aerosol Radiative model (SNICAR), a multi-layer
heterogeneous snow albedo radiative transfer model, can now account for the influence of LACs
on snow and ice albedo (Flanner et al., 2021; Whicker et al., 2022). SNICAR is currently used in
the Energy Exascale Earth System Model (E3SM) and has improved ice albedo and surface melt
estimates (Whicker-Clarke et al., 2024). However, due to limitations in quantifying concentrations
of individual LACs on the GrlS, the use of SNICAR poses limitations in predicting ice albedo
beyond the observational period. The RCM Regional Atmospheric Climate Model (RACMO)
approaches this limitation by estimating ice albedo on the GrIS with the 2000-2015 mean
broadband ice albedo observations from the Moderate Resolution Imaging Spectroradiometer
(MODIS) (van Dalum et al., 2020). While these estimates provide a high ice albedo accuracy
during the observation and evaluation period, future changes in environmental and surface
conditions on the GrlS may decrease the accuracy of the albedo estimates. Therefore, RACMO

may not necessarily employ an accurate representation of ice albedo for end-of-century surface
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melt projections. The RCM Modeéle Atmosphérique Régional (MAR) prescribes ice albedo as a
function of accumulated runoff and ice sheet slope, which leads to overestimations of ice albedo
and potential underestimations of meltwater production (Antwerpen et al., 2022). While this model
configuration can account for some future changes in environmental and surface conditions, it does
not incorporate essential dependencies of other environmental variables and, therefore, does not

accurately capture the physical processes that underlie ice albedo variability.

While these considerable efforts played important roles in advancing our understanding of
ice albedo modeling, a comprehensive, accurate, and predictive ice albedo model has not yet been
developed. Here, we present PIXAL, a Physics-Informed eXplainable machine learning
architecture for ice ALbedo modeling. PIXAL is an eXtreme Gradient Boosting (XGBoost) model
(Chen and Guestrin, 2016) that accurately models and predicts ice albedo on the southwestern
GrlIS. We extract essential information from the suite of environmental variables modeled by MAR
that have previously not been used for ice albedo modeling and train PIXAL to capture the complex
and non-linear relationships between the environment and the MODIS-derived ice albedo
observations. While MAR is a state-of-the-art regional climate model, it should be noted that
biases can exist in the modeled variables, potentially creating limitations to the trustworthiness of
our results. Additionally, we elucidate important environmental drivers of ice albedo by employing
SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017), an explainable artificial
intelligence (XAIl) method. Through this work, we address limitations of ESMs and RCMs in
modeling ice albedo on the southwestern GrlS. This includes the dark ice zone, where LACs have
a dominant role in controlling ice albedo (Ryan et al., 2018). However, we show that ice albedo

modeling improvements can be made even without directly accounting for LACs. Moreover, an
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improved understanding of the environmental and physical processes underlying ice albedo
variability is vital for robust model developments and ice albedo predictions that are stable against

uncertain changes in future environmental conditions.

3.2 Data

3.2.1 MAR

We use the Modéle Atmosphérique Régional (MAR) v3.12, an RCM developed to simulate
the coupled surface-atmosphere system over polar regions (Fettweis et al., 2017; Gallée, 1997;
Lefebre et al., 2003; Ridder and Schayes, 1997). We run MAR over the GrlIS and force the lateral
boundaries and ocean surface with 6-h ERA5S reanalysis output (Hersbach et al., 2020), from the
European Centre for Medium-Range Weather Forecasts (ECMWEF). The atmosphere component
of MAR is described by (Gallée and Schayes, 1994) and the surface component is represented by
the Soil Ice Snow Vegetation Atmosphere Transfer (SISVAT) scheme (Ridder and Schayes,
1997). The SISVAT scheme includes the Crocus snow model (Brun et al., 1992), which simulates
a predefined number of snow, ice, or firn layers with variable thickness and allows energy and
mass transport between each layer. Ice albedo («) is calculated as a function of the runoff from

melt and rainwater accumulated over the preceding day as:

1

1)

The ice albedo varies exponentially between a maximum of 0.55 when no surface water is

a=0.5+0.05-

present on the ice surface and a minimum of 0.5 when large amounts of runoff (>> 50 mmWE)
are present (Zuo and Oerlemans, 1996). The cumulative runoff is negatively corrected for the ice
slope, with steeper ice slopes holding less runoff. MARv3.5.2 is validated over the GrIS (Fettweis
et al., 2017) with updates to MARv.311 (Fettweis et al., 2021). Updates to MARv3.12 regarding
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the base of the snowpack temperature and rainfall to snowfall conversion are provided in

(Antwerpen et al., 2022).

We use MAR to produce daily output of topographic, atmospheric, radiative, and
glaciologic variables at its native spatial resolution of 6.5 km: albedo (AL2; -), near-surface air
temperature (TT; °C; average height is 2m), runoff of melt and rain water (RU; mmWE/day),
shortwave upward radiation (SWU; W/m?), shortwave downward radiation (SWD; W/m?),
longwave upward radiation (LWU; W/m?), longwave downward radiation (LWD; W/m?), sensible
heat flux (SHF; W/m?), latent heat flux (LHF; W/m?), cloud cover (down) (CD; -), cloud cover
(middle) (CM; -), cloud cover (up) (CU; -), cloud optical depth (COD; -), average ice density of
the top 1 m (RO1; kg/m?), zonal wind (UU; m/s), meridional wind (VV; m/s), sublimation (SU;
mmWE/day), average liquid water content of the top 1 m (WAL; kg/kg), snowfall (SF;
mmWE/day), rainfall (RF; mmWE/day), surface height (SH; m), surface slope (degrees), surface

aspect (azimuth degrees).

We select a subset of the MAR output that covers the exposed ice in southwest GrlS during
June, July, and August (JJA) in 2000-2021. This period encompasses the GrlS melt season when
surface albedo has the largest impact on surface melting (Alexander et al., 2014). Following
Antwerpen et al. (2022), we distinguish exposed bare ice from snow in MAR as cells where 1)
snow is absent and 2) the average ice density of the top 1 m is higher than 907 kg/m3. While ice in
MAR has a density of 920 kg/m?3, a thin layer of fresh snowfall with a density of 300 kg/m?3 can
lower the average density of the top 1 m to slightly below that of ice without significantly affecting

its albedo (Warren et al., 2006). Moreover, using the average ice density ensures ice lenses are not
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erroneously detected as bare ice. We further constrain ice in MAR to below the long-term average
equilibrium line altitude (ELA) of 1679 m a.s.l., which represents the 95th percentile value of all
sorted elevation values with a negative SMB during JJA of 2000-2021, which denotes the ablation

Z0ne.

3.2.2 MODIS

We collect daily MOD10A1 broadband albedo images (Hall et al., 2016) over the GrIS
from the Moderate Resolution Imaging Spectroradiometer (MODIS) for JJA in 2000-2021 at 500
m spatial resolution with Google Earth Engine (Gorelick et al., 2017). We also collect daily
MODO9GA v6 band 2 (841-876 nm) surface reflectance images (Vermote and Wolfe, 2015). This
product has been corrected for atmospheric conditions, including aerosols, gases, and Rayleigh
scattering (Vermote and Wolfe, 2015). We remove cloud-obstructed pixels using daily MOD10A1
v6 cloud mask images. We average and co-locate the MODIS data to the MAR projection and

resolution to allow for a pixel-by-pixel analysis.

We distinguish exposed bare ice from snow in the MODIS imagery by applying an upper
threshold of 0.6 to band 2 of the MODO9GA product (Shimada et al., 2016). We further constrain
ice exposure below the long-term average ELA of 1679 m a.s.l. using the static ice mask and digital
elevation model (DEM) from the Greenland Ice Mapping Project (GIMP) (Howat et al., 2014).
While this may yield a conservative estimate of the ELA during warm high-melt years, we ensure
no anomalously high-elevation ablation or cloudy cells erroneously detected as ice are included.
The upper threshold of 0.6 may cause some firn to be erroneously detected as ice. Moreover, a thin

layer of fresh snowfall over ice may not result in a reflectance value over 0.6 in band 2 of the
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MODO9GA product and will, therefore, be identified as ice. However, the broadband albedo may
increase due to the thin snow layer. Further, low-albedo outcrops, cloud shadows, and meltwater

ponding may decrease the apparent ice albedo within one pixel.

3.3 Methods

We use several linear regression approaches to show baseline improvements to the ice
albedo originally modeled by MAR. We then use XGBoost to develop PIXAL, an optimized ice
albedo model, and SHAP to elucidate the drivers of ice albedo. The methods are described in more
detail in sections 3.3.1 to 3.3.3. We train the ice albedo models on the MODIS-derived ice albedo
observations and only on the co-located data points where cloud-free ice is simultaneously
modeled by MAR and observed with MODIS. We evaluate the performance of the ice albedo
models through a comparison with the test data set of MODIS-derived ice albedo observations.
We calculate the coefficient of determination (R?) to measure how well the models predict ice
albedo compared to the MODIS observations. We also determine the mean squared error (MSE)
and mean absolute percentage error (MAPE) to measure the amount of error in the ice albedo
models. The MSE provides the measure in units of the predicted variable, while the MAPE
provides a relative measure in percentages of the error of a prediction (de Myttenaere et al., 2016).
Lastly, we calculate the structural similarity index measure (SSIM) between the modeled and
observed ice albedo. The SSIM is a performance metric from the field of computer vision
developed to determine the similarity between two images (Wang et al., 2004). The SSIM ranges
between -1 and 1, where 1 denotes a perfect similarity, -1 denotes perfect anti-similarity, and 0
indicates no similarity between the two images. While we show in section 3.4 that the XGBoost

model shows optimal performance in modeling ice albedo, we also tested a random forest (RF)
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and a high-performance symbolic regression (PySR) architecture. The RF architecture is described
in section 3.3.2. The PySR architecture is a supervised ML model that aims to find an interpretable
symbolic expression that optimizes the simulation of a target variable (Cranmer, 2023). PySR uses
a multi-population evolutionary algorithm, consisting of a unique evolve-simplify-optimize loop
designed to optimize unknown scalar constants in new empirical expressions. The configurations

for the RF and PySR architectures are described in Appendix A.

3.3.1 Linear regression

The first baseline ice albedo model consists of updating the slope (0.05) and intercept (0.5)
coefficients used in MAR by training the original ice albedo equation (Equation 1) on the MODIS-
derived ice albedo using linear regression. For the second baseline ice albedo model, we expand
the linear regression by including the eleven MAR-based variables (or features) that have the most
impact on ice albedo: TT, RU, SWU, SWD, LWU, UU, VV, SU, SH, slope, and aspect. The
features are determined from the XGBoost and SHAP analyses, described in sections 3.3.2, 3.3.3,

and 3.5.

3.3.2 XGBoost

Classic linear regression tools generally do not fully capture complex relationships between
real-world properties, which are often dynamic and non-linear. We, therefore, employ the open-
source machine learning method XGBoost (Chen and Guestrin, 2016) to learn the complex
relationships between observed ice albedo and the environmental drivers of ice albedo modeled
by MAR. XGBoost is an extension of the basic decision tree, a learning algorithm for classification

and regression tasks. Decision trees are supervised models that require the input data to contain
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labels for the target variable. A decision tree predicts a target variable through simple threshold
decisions on every variable in the input dataset. Threshold decisions are made at each node of the
decision tree, splitting the input data and the prediction of the target variable into two branches
that each connect to a threshold decision at the next node. More complex trees have more nodes
and branches. Every sequence of branches from the top to the bottom of the tree represents one
target variable prediction. Through these sequences, a target prediction can be made from a new
set of input data. However, individual decision trees do not generalize data well and are prone to
overfitting. Furthermore, small perturbations in the input data can lead to vastly different threshold
decisions at each node, tree structures, and target predictions. Averaging the target predictions of
an ensemble of trees, such as in an RF architecture, can mitigate this instability and simultaneously

achieve a higher prediction accuracy.

XGBoost builds upon the RF architecture by applying a scalable tree-boosting algorithm
that uses gradient boosting to build an ensemble of parallel decision trees based on subsets of the
dataset (Chen and Guestrin, 2016). A gradient descent algorithm is applied over a regularized
objective function to optimize the balance between complexity and data fitting while minimizing
overfitting. To minimize the prediction error, each decision tree in the ensemble is built iteratively
using targeted outcomes based on the gradient of the previous prediction error residuals. The final
prediction is the weighted average of the individual trees. XGBoost has seen successful
applications in Earth and climate-related studies in prediction (Fan et al., 2018; Huang et al., 2021;
Ibrahem Ahmed Osman et al., 2021; Ma et al., 2020), image classification (Colkesen and Ozturk,
2022; Nkiruka et al., 2021), reconstruction of remote sensing data gaps (Tan et al., 2021), and risk

assessment (Ma et al., 2021).
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The predictor dataset consists of the MAR features (section 3.2.1). We standardize the data
to ensure no feature bias is present due to different feature value ranges. We exclude albedo (AL2),
cloud cover (CD, CM, and CU), and cloud optical depth (COD) as input features because we
include only cloud-free data points in both MAR and MODIS. To ensure snow, meltwater ponding,
cloud shadows, and outcrops erroneously identified as ice are not included in training the
XGBoost, we constrain the predictant albedo values from MODIS to within the 2¢ standard
deviation range (0.165-0.671). We apply an 80-10-10 training-validation-testing split on our data
stack, consisting of 5,384,250 data points spread over 22 years with 92 days each year and 18
features. The test data set consists of the last two years (2020 and 2021) of the data. We construct
a regression tree ensemble with a Pseudo-Huber loss function, which is less sensitive to outliers
than the commonly used squared error loss (Huber, 1964). We use an exact greedy tree
construction algorithm for split finding to minimize the loss and a gbtree booster, which, each
iteration, builds the next tree and gives higher weights to misclassified points in the previous tree.
We perform a hyper-parameter search using Optuna (Akiba et al., 2019) and find the XGBoost
configuration that yields optimal performance using a mean squared error evaluation against the
validation dataset. The configuration includes a maximum tree depth (21), learning rate (0.07),
number of boosted trees (500), gamma (2.38 - 10-), minimum child weight (10), subsample ratio
(0.92), column subsample ratio (0.79), alpha (L1 regularization; 0.74), and lambda (L2

regularization; 0.33).
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3.3.3 SHAP

Machine learning models and their outcomes often lack interpretability, leading to
complexities in their reliability assessment. This challenge is addressed by a set of explainable Al
(XAI) tools and algorithms developed for understanding and interpreting ML models that are
regarded as inherently uninterpretable. We use SHapley Additive exPlanations (SHAP) (Lundberg
and Lee, 2017), an XAl tool rooted in the field of cooperative game theory, to explain and interpret
our XGBoost model output and understand the roles of the environmental properties, or features,
in the input dataset in driving variability in ice albedo. The importance value of each feature in the
dataset, the SHAP value, is determined by iteratively training the XGBoost model on subsets of
features. In each iteration, a feature is systematically added or removed from the training dataset.
The SHAP value of each feature is calculated based on the difference in the predicted value
between the model variations before and after adding or removing a feature. Generally, for datasets
that include physical properties, each feature can be dependent on one or more other features in
the dataset. Therefore, to fully capture the additive SHAP value of all features, the model is trained
on all possible feature subsets and a weighted average of SHAP values for all model variations is
determined. Positive SHAP values drive a positive change to the model prediction with respect to
the mean prediction and vice versa. Missing values have a zero SHAP value and, therefore, do not

affect the model prediction, making SHAP insensitive to data sparsity.

Significant successes have been made with SHAP in explaining machine learning models
developed for the Earth and climate studies related to classification (Descals et al., 2023; Temenos
et al., 2023), predictions (Batunacun et al., 2021; Dikshit and Pradhan, 2021; Ghafarian et al.,

2022; Silva et al., 2022; Tang et al., 2022), and process understanding (Ishfaque et al., 2022).
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Moreover, SHAP has seen uses in classifying Antarctic sea ice imagery (Koo et al., 2023),
interpreting sea-level projections (Rohmer et al., 2022), and studying the freeze-thaw cycle on the
Tibetan plateau (Li et al., 2024). However, SHAP applications in the cryosphere sciences are still
limited. To our knowledge, this work signifies the first time SHAP is applied to study the drivers

of ice albedo variability on the Greenland ice sheet.

3.4 Results

A comparison of the ice albedo modeled with MAR and the MODIS-derived ice albedo
observations shows low performance metrics (Figure 3.1; reds). The performance metrics
coefficient of determination (R? = 0.062), mean squared error (MSE = 0.032), mean absolute
percentage error (MAPE = 46.202%), and structural similarity index measure (SSIM = 0.112)
signify the low performance of MAR in modeling ice albedo. The MAR albedo shows little
variability with a mean of 0.56 + 0.04, an overestimation compared to the MODIS-derived ice

albedo observations, which have a mean of 0.42 + 0.11.

3.4.1 Linear regression

The two baseline linear regression approaches show an improvement over the ice albedo
modeled with MAR, with slightly better performance metrics when evaluated against the MODIS-
derived ice albedo. The improved slope (0.35) and intercept (0.20) coefficients to the MAR ice
albedo equation (Equation 1 and section 3.3.1) result in a factor 2-3 improvement of the R? =
0.092, MSE = 0.009 and MAPE = 22.385% (Figure 3.1a; purples). However, a slight regression is
seen for the SSIM = 0.103. While the updated MAR equation provides a mean ice albedo of 0.42

+ 0.03, similar to the mean MODIS-derived ice albedo, it shows a too-low variability.
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The ice albedo derived from the linear regression with RU, slope, and the additional
features mentioned in section 3.3.1 shows a moderate improvement with regard to R? = 0.212,
MSE = 0.008, MAPE = 20.193%, and SSIM = 0.301 (Figure 3.1b; greens). Adding additional
features beyond the eleven most important ones did not achieve better performance but only
increased the complexity and computing time of the model. The additional features we tested are:
meltwater production (ME, mmWE/day), longwave downward radiation (LWD, W/m?), sensible
heat flux (SHF, W/m?), latent heat flux (LHF W/m?), surface atmospheric pressure (SP, hPa), ice
density (RO1, kg/m?), liquid water content (WA1, kg/kg), snowfall (SF, mmWE/day), and rainfall
(RF, mmWE/day). The linear regression-derived ice albedo has a mean of 0.42 + 0.05 but still
generally underestimates the MODIS-derived ice albedo. The spread in the linear regression-
derived albedo values is larger than for MAR and the updated MAR equation. However, the large

variability seen in the MODIS-derived ice albedo is not achieved with the linear regression.
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Figure 3.1: Correlation between MODIS-derived ice albedo (x-axis) and ice albedo
modeled with MAR (a,b,c; reds) and ice albedo modeled with a) updated slope and intercept
coefficients of the MAR ice albedo equation (Equation 1) (purples), b) linear regression with
additional features (greens), ¢) and XGBoost (blues). The dashed line represents the 1:1 line.
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3.4.2 XGBoost

The ice albedo modeled with XGBoost shows major improvements in all performance
metrics with R? = 0.563, MSE = 0.005, MAPE = 14.699%, and SSIM = 0.620. The XGBoost-
modeled ice albedo has a mean of 0.42 + 0.08, exhibiting a similarly large variability as in the
MODIS-derived ice albedo. XGBoost represents ice albedo values between 0.4 and 0.6 very well

but slightly overestimates low-albedo values (Figure 3.1c; blues).

Figure 3.2a shows the mean MODIS-derived ice albedo for JJA in 2020-2021. The ice
albedo modeled by XGBoost (Figure 3.2b) below 66 °N shows a similar decreasing pattern in ice
albedo from the snowline to the ice sheet margin as observed with MODIS. Above 66 °N, the
XGBoost-modeled ice albedo exhibits a bimodal distribution, similar to MODIS, with high values
near the ice margin and near the snow line. Low albedo values are found in between the margin
and snow line, which represent the dark ice zone. Compared to the MODIS-derived ice albedo,
XGBoost slightly underestimates albedo at the snowline near Jakobshavn Glacier at 69-70 °N and
slightly overestimates albedo in some areas near the ice margin in the central and southern regions
(Figure 3.2c¢). Generally, XGBoost provides a higher spatial ice albedo variability across the study

area than MAR (Figure 3.2d).
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Figure 3.2: Mean ice albedo for JJA in 2020-2021 for a) MODIS, b) XGBoost, c)

difference MODIS-XGBoost, and d) MAR.
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Additionally, XGBoost provides considerable improvements in temporal ice albedo
modeling compared to the ice albedo from MAR. Figure 3.3 shows the ice albedo during JJA
averaged over 2020 and 2021. XGBoost (Figure 3.3; blue line) shows close daily alignment with
the MODIS-derived ice albedos (Figure 3.3: green line) throughout the melting season. Especially
in July and August, when larger ice areas are exposed compared to earlier in the melting season
(Figure 3.3; black line) (Antwerpen et al., 2022; Noél et al., 2019). In the first half of June, when
ice exposure is low, XGBoost slightly underestimates the MODIS-derived ice albedo while still
outperforming MAR (Figure 3.3; red line). Generally, XGBoost slightly underestimates high-
albedo values and slightly overestimates low-albedo values. The peak albedo values (> 0.6) from
MAR represent data points with snow or firn cover that have been misidentified as ice.
Anomalously high albedo values can occur, especially during low ice exposure days, due to a

skewed average when only a few data points are available.
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Figure 3.3: Daily mean ice albedo across the southwestern GrIS for JJA averaged over
2020 and 2021 for MAR (red), MODIS (green), and XGBoost (blue). The black line indicates
the mean number of ice albedo data points per day.
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3.4.3 Model performance evaluation

The performance metrics of all our ice albedo model configurations evaluated against the
MODIS-derived ice albedo observations are shown in Figure 3.4. The correlations between ice
albedo modeled with RF and with PySR and the ice albedo observed with MODIS are shown in
Figures A.1and A.2. The ML architectures (XGBoost, RF, and PySR) perform considerably better
than the non-ML architectures (MAR, updated MAR equation, and linear regression), showcasing
the superiority of ML in modeling ice albedo. While the symbolic regression method used in the
PySR architecture can provide explicit insights into the developed ice albedo model, it shows a
considerably lower performance than the XGBoost. We, therefore, do not highlight the symbolic
regression insights determined by the PySR in this study. The RF architecture shows a considerable
improvement over MAR. However, the XGBoost shows optimal performance with the highest R?
and SSIM scores and the lowest MSE and MAPE scores. This result highlights the value of the
gradient descent algorithm in XGBoost, which takes the gradient of the prediction error into
account when constructing the next decision tree iteration. This method is absent in the RF

architecture.
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Figure 3.4: Performance metrics of ice albedo models vs MODIS-derived albedo. For
visualization purposes, MSE is multiplied by 10 and MAPE is divided by 100. For MSE and
MAPE, lower scores represent a better performance. For R? and SSIM, higher scores represent
a better performance.

3.4.4 SHAP

The XGBoost architecture comprises the modeling and prediction component of PIXAL.
Additionally, PIXAL includes an XAl component to reveal drivers of ice albedo and sources of
model improvement. The SHAP values of the eleven most important MAR-based features are
listed in Figure 3.5. The importance of each feature in controlling ice albedo is determined by the
magnitude of its impact on the final ice albedo prediction from XGBoost (SHAP value), with
respect to the mean ice albedo prediction (0.42). In other words, the SHAP value shows how much
the ice albedo prediction increases or decreases due to each individual feature relative to the mean
ice albedo. The position on the x-axis and point density indicate the impact each data point has on
the final ice albedo prediction. The color of each data point represents the feature value, i.e., the
value of the MAR feature. The features are ordered by the mean absolute SHAP values, which

emphasizes the average impact and gives less weight to high-magnitude SHAP values. The
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topographic features of surface height and slope are primary drivers of ice albedo and
environmental, radiative, and atmospheric features are secondary drivers. It is important to note
that the topographic constant features are not biased in MAR, while the other time-varying

variables could be biased, potentially impacting the SHAP values.
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Figure 3.5: SHAP values for the eleven most important MAR features. The SHAP
value represents the impact a feature has on the ice albedo prediction, relative to the mean
ice albedo prediction. A feature with a positive SHAP value indicates that the feature
increases the ice albedo prediction and vice versa. The features are sorted by their mean
absolute SHAP values in ascending order. Red indicates high feature values and blue
indicates low feature values. SH = surface height, TT = near-surface air temperature, VV =
meridional wind, LWU = longwave upward radiation, SWU = shortwave upward radiation,
RU = runoff, SU = sublimation, SWD = shortwave downward radiation, UU = zonal wind.

3.5 Discussion

3.5.1 Drivers of ice albedo
Surface height exhibits a non-linear relationship with its SHAP values (Figure 3.6a-c). The

SHAP values show the strong impact of surface height on albedo, ranging from -0.05 to 0.1, with
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the lowest albedo values present at low elevations near the ice margin and high albedo values
present at high elevations near the snow line. These findings are in line with previous studies on
ice albedo drivers (Feng et al., 2024; Moustafa et al., 2015). As the melting season commences
and temperatures rise, snowmelt first occurs at the ice margin, exposing the underlying ice. The
snowline then retreats to higher elevations, resulting in lower-elevation ice experiencing longer
exposure. Longer ice exposure can result in a lower albedo as it allows for more accumulation of
LACs from local and distant sources. Algal blooms are also given more time to grow and spread
if uninterrupted by snowfall events. Snowmelt events at higher elevations may add to the LAC
concentrations at lower elevations when meltwater is transported toward the ice margin and LACs
may remain behind on the ice surface. Higher ice sheet elevations are generally further from local
LAC sources, such as moraines, dunes, dry proglacial floodplains, ground transport, and industry,
reducing the potential for LAC deposition. Furthermore, englacial Holocene dust mostly melts out
at lower elevations due to the flow configuration of the GrlIS, adding to the LAC concentration and
albedo darkening at low elevations (MacGregor et al., 2020; Wientjes et al., 2012). A large low-
albedo region is present at ~800-1100 m a.s.l. above 66 °N, representing the dark ice zone where
the highest concentrations of LACs are found (Shimada et al., 2016; Wang et al., 2020). Moreover,
at low elevations, older, denser ice is exposed, which has fewer and smaller englacial air bubbles,

reducing the albedo.
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Figure 3.6: Feature values, SHAP values (impact of feature values on ice albedo), and
the feature and SHAP value correlation for surface height (a-c), slope (d-f), near-surface air
temperature (g-i), and runoff (j-1). The maps show the average over JJA in 2020-2021. Note the
larger range of SHAP values for surface height in b, compared to the SHAP value range used
in e, h, and k.
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Conversely, longer ice exposure can cause an increase in albedo. Ice erodes as it is exposed
to the environment in strong incoming shortwave radiation conditions, affecting the metamorphic
state and creating a porous weathering crust with a low density (Munro, 1990). During conditions
with low amounts of meltwater, a weathering crust has many interfaces between the ice and air,
allowing for light scattering with a high angle, which increases albedo (Jonsell et al., 2003). The
relationship between albedo and surface height will likely change in the future with increasing
temperatures, expanding the melting season and causing earlier ice exposure, as well as later snow-
covering. Therefore, ice is exposed for longer periods, potentially exacerbating the processes
related to ice metamorphism and LAC accumulation, lowering the albedo. These processes will
also occur more frequently and for longer periods at higher elevations as the snowline rises with

increasing temperature.

The surface slope and its SHAP values have a linear and positive relationship, with SHAP
values ranging between -0.05 and 0.05 (Figure 3.6d-f). A flat ice surface, typically found at higher
elevations and the dark ice zone, correlates to low albedo values. Higher albedo values are found
on steeper ice surface slopes at the ice margin. This relationship likely represents the potential for
meltwater and LACs to accumulate more efficiently on flat ice surfaces (Wientjes and Oerlemans,
2010; Zuo and Oerlemans, 1996). The positive relationship between surface slope and albedo is at
odds with the results from Feng et al. (2024), who find that darker ice is found on steeper ice
slopes. However, this relationship mostly holds for the southeastern GrlS while the link between

slope and albedo is less strong for the southwestern GrlS.
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While surface aspect is shown as an important driver of ice albedo in Figure 3.5, this is due
to the large impact of a few extreme feature values on ice albedo (Figure A.3). The common west-
facing aspect angle (250-300°) does not affect ice albedo much on the southwestern GrlS (Figure
A.3c). Some of the southwest-facing ice surfaces (300-360°) show a lower albedo, potentially due
to increased algal bloom activity in response to increased solar radiation. However, we find no
significant relationship between shortwave downward radiation and ice albedo or aspect (Figure
A.4). Additionally, the 6.5 km resolution is likely not sufficient to represent the spatial variability

of the aspect and its effects on ice albedo.

The topographic features in MAR do not change with time. Potential changes in the
relationships between topographic features and ice albedo may, therefore, not be fully captured by
MAR. Nonetheless, during the early Holocene (~12-7 ka), the most recent period with warmer-
than-present temperatures in Greenland (Badgeley et al., 2020), maximum ice margin retreat rates
of the southwestern GrlS were ~35 m/y (Briner et al., 2020). Assuming similar present-day retreat
rates, a generous estimate of ice margin retreat at the end of this century would be ~2,660 m, which
only constitutes ~40% of one 6.5 km grid cell in MAR. We, therefore, assume that the physical
configuration of the GrlIS will not change significantly by 2100 and that the static topographic

features in MAR are sufficiently accurate for the purposes of this study.

There is a strong negative linear relationship (-0.006/°C; R? = 0.860) between near-surface
air temperature and its SHAP values (Figure 3.6g-i). High temperatures are generally found at the
ice sheet margin, while low temperatures are found at higher elevations. Temperatures below 0 °C

can cause refreezing of meltwater in the shallow subsurface ice layers and superficial meltwater
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ponds and streams, increasing the albedo. Conversely, temperatures above 0 °C can cause thin,
freshly fallen snow layers to melt and expose the lower-albedo ice underneath. High temperatures
generally promote biological growth of algal blooms (Uetake et al., 2010), decreasing the albedo.
Moreover, high temperatures are mostly found near the ice margin, where there is closer proximity
to local LAC sources and, thus, a higher likelihood of LAC deposition, including bio-available

nutrients, which further promotes algae growth.

Runoff has a strong negative linear relationship with its SHAP values for runoff values
below ~25 mmWE/day, which can be partly explained by the dependence of runoff on near-surface
temperature. In this range, runoff promotes ice albedo decrease through the accumulation of
meltwater in ponds and streams and by filling up shallow microcavities in the upper ice layers.
Runoff and decreasing ice albedo are further enhanced by the positive meltwater-albedo feedback.
At runoff values of ~25 mmWE/day, maximum albedo reduction is achieved and almost no further
ice albedo decrease is observed (Figure 3.61). The cutoff of 25 mmWE/day may signify a saturated
ice surface and sub-surface where no more meltwater can be retained, causing any additional
meltwater to run off to lower elevations. Moreover, increased runoff and meltwater production on
the upper ice layers can cause increased melt-out of englacial Holocene dust and the development

of cryoconite holes, further lowering the albedo.

The additional features listed in Figure 3.5 are shown as important features because they
are ordered by their absolute mean SHAP values, which gives more weight to the average impact
of the feature and de-emphasizes high-impact SHAP values. However, these features do not show

a high impact on ice albedo and are, therefore, not discussed here.
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3.5.2 Limitations

Our results reveal previously hidden relationships between ice albedo and environmental
ice sheet conditions. Several of these drivers may account for some processes related to LAC-
driven ice sheet darkening. However, PIXAL is trained on the available topographic, atmospheric,
radiative, and glaciologic features in MAR and can, thus, only learn physical processes that can be
inferred from these features. Moreover, some MAR features (e.g. SWU) can be biased due to
potential dependencies on the inaccurately modeled ice albedo in MAR. Therefore, using a more
accurate ice albedo in MAR could impact this analysis. Additionally, other physical processes may
not be fully captured by PIXAL, including the biological activity of algae, deposition of black
carbon, dust, and ash released by deserts, local dried-up flood plains, forest fires, volcanic
eruptions, anthropogenic emissions, and the melt-out of englacial Holocene dust. Positive
feedback systems related to LACs, which could accelerate ice albedo darkening, may, therefore,

also be missed.

Moreover, we use modeled estimates of the environmental features which poses limitations
to the trustworthiness of the derived results. While MAR is a state-of-the-art regional climate
model that has been validated over the GrlS (Fettweis etal., 2017), it is not without flaws or biases.
Similarly, while MODIS has outstanding capabilities in measuring albedo, it has limitations related
to atmospheric corrections, a fundamental reflectance data processing step. To account for
radiance, reflectance, and transmittance effects due to atmospheric aerosol loading, a radiative
transfer model is applied (Vermote et al., 2002). However, a per-pixel analysis of MODIS
observations is infeasible due to computational costs (Vermote et al., 1997). Therefore, a

simplified approach is applied using a look-up table for different aerosol loadings and sun-view
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geometries, potentially leading to inaccurate corrections. Moreover, NASA Terra’s ~10:46-10:49
AM overpass time could incur a bias towards higher albedo measurements because the darkening
effect of meltwater production will occur mostly in strong incoming radiation and high-
temperature conditions during the afternoon. The relationships we find between the MAR features
and the MODIS-derived ice albedo might, therefore, in part arise from model imperfections and

measurement biases.

While we train PIXAL only on southwestern GrlS ice albedo, many physical processes are
generalizable and hold in other glaciated areas, e.g., the relationship between temperature, ice
melting, and ice albedo change. However, some processes may be specific to the southwestern
GrlS, such as the dependency of ice albedo on surface height, slope, and aspect. Moreover,
processes relating to LAC deposition are likely specific to the southwestern GrlS as these are
dependent on the LAC source location, atmospheric circulation patterns for transport, and

topographical characteristics of the ice.

PIXAL is intended for both hindcasting and forecasting purposes. Because of the unknown
effects of climate change on the environmental conditions on and near Greenland, a changing
distribution of environmental feature values is expected for the rest of the century, e.g. more
frequent high temperatures. Out-of-distribution values for input features generally pose a problem
for the stability of ML models. However, the current spread of values in our large dataset (~60)
accounts for most of the expected extreme values. While these extreme values may become more
common toward the end of the century, PIXAL is trained on and familiar with these values. We,

therefore, do not expect significant issues relating to out-of-distribution values in forecasts. Except
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for surface height, with ice exposure likely occurring at higher and unprecedented elevations with

continued atmospheric warming during the rest of the century.

3.6 Conclusions

We explored a suite of modeling architectures to develop PIXAL and improve ice albedo
estimates on the southwestern GrlS. Our findings highlight XGBoost as the best-performing
architecture, which outperforms a state-of-the-art regional climate model, MAR, in modeling ice
albedo. Performance metrics as evaluated against the MODIS-derived ice albedo observations
improved across the board with an increased R? from 0.062 to 0.563, an increased SSIM from
0.112 to 0.620, a decreased MSE from 0.032 to 0.005, and a decreased MAPE from 46.202% to
14.699%. We find that the most important drivers of ice albedo are the topographic features,
specifically the ice sheet surface height and the slope. Surface height and albedo have a non-linear
relationship, but low albedo values are generally found at lower elevations, likely due to the longer
ice exposure which induces increased accumulation of LACs, melting out of englacial Holocene
dust, and algal bloom activity. The ice at lower elevations is generally older and denser and has
fewer and smaller englacial air bubbles, further reducing the albedo. We find low ice albedo values
on flat ice surfaces where meltwater and LACs are more likely to accumulate. A steep ice surface
less efficiently retains meltwater and LACs and, therefore, has a higher potential for increased
albedo. Additionally, we determine near-surface air temperature and runoff as strong drivers of ice
albedo. Temperatures below 0 °C can increase ice albedo by refreezing meltwater, while
temperatures above 0 °C can decrease ice albedo by melting thin snow layers and promoting algal
bloom activity. Runoff can cause a decrease in ice albedo up to runoff values of ~25 mmWE/day.

Above this threshold, the upper ice layers are likely saturated with meltwater and the albedo does
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not decrease further. An explicit understanding of the emission, transport, and deposition of LACs
onto the GrIS and other glaciated areas is essential for further improvements to PIXAL and general
ice albedo modeling. PIXAL paves the way for a new generation of climate models that are more
adept at modeling ice albedo and ice sheet melting. This work signifies a significant step forward
in climate modeling and provides new insights about ice albedo and its drivers, the short and long-

term future of the GrlIS, and global and local sea level change.
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Conclusion

In this Ph.D. dissertation, | present my work on advancing our understanding of physical

processes controlling ice mass loss on the GrlS.

In the first chapter, I constrain behavioral characteristics of the GrlIS related to its response
to temperatures during the Holocene that were as warm or warmer than today. Understanding how
the GrlIS previously responded to climate change allows us to better understand, model, and predict
its ice mass loss in response to the current and future changing climate. While the exact response
time of the GrIS to variations in climate is difficult to determine, my findings suggest that the
timing of the southwest GrlS ice mass loss is likely in phase with regional temperature maxima.
These results have broad implications for our understanding of the GrlS stability and ice sheet

change in response to current and future climate change.

In the second chapter, | analyze the performance of the regional climate model MAR in
simulating GrlS ice albedo, a key player in controlling ice surface melting. | find that MAR
generally overestimates albedo, leading to potential underestimates of meltwater production. The
results of this chapter suggest that future research should focus on understanding the relationships
between ice albedo variability and its drivers. Moreover, work is needed towards improving the
representation of ice albedo in climate models to reduce the uncertainty of sea level rise

projections.
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In the third chapter, | address the challenges in the second chapter and work towards
improving the representation of ice albedo in climate models. | present PIXAL, a physics-informed
explainable ML architecture for Greenland ice albedo modeling, which outperforms the state-of-
the-art regional climate model MAR. Additionally, | reveal previously hidden relationships
between ice albedo and environmental variables on the GrlIS. PIXAL presents crucial
advancements for the ice albedo community and promises increased accuracy of ice albedo

modeling and predictions of surface melting.

In summary, this dissertation provides a deeper understanding of processes related to GrIS
ice mass loss through elucidating details of the GrIS’ response to past climate change and of ice
albedo variability in the present. Moreover, | propose a method to improve our ice albedo modeling
capabilities. These advancements can help us improve estimates of ice mass loss in climate models

and provide more accurate sea level rise projections.

Nonetheless, major areas for future work remain and include providing stronger constraints
on the Earth structure and rheology around Greenland and the contribution of sterodynamics to
relative sea level around Greenland. Moreover, an increased understanding of processes related to
LACs is essential for further improvements to ice albedo, surface melting, and sea level rise
modeling. Specifically, | propose to extend PIXAL by investigating and learning the relationships
between (1) the emissions, transport, and deposition of LACs and aerosols from local and distant
sources covering the entire northern hemisphere, including mineral dust, black carbon, and
volcanic ash, and (2) GrIS ice albedo variability. Such an analysis will elucidate the LACs and

their sources that account for the most severe ice albedo reduction. | will leverage a transformer-
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based ML architecture and a data stack of remote sensing aerosol and albedo observations, Earth
system model aerosol output, and reanalysis aerosol data to determine the source locations of the
most potent LACs. Then, using XAl, | will determine an explicit description of the spatiotemporal
variability of LACs and its effects on GrlIS ice albedo as an addition to PIXAL. The global
extension of PIXAL by training on all available ice albedo data, including the Antarctic ice sheet
and other global ice caps and glaciers, will be a crucial step towards decreasing the uncertainty
and improving the accuracy of sea level rise predictions and our ability to mitigate and prepare for

the global effects of climate change and sea level rise.
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Appendix A — Supplementary Material for “PIXAL: A Physics-
Informed Explainable Machine Learning Architecture for
Greenland Ice Albedo Modeling

Model parameters for Random Forest

We perform a hyper-parameter search and find the Random Forest configuration with the best
performance using a mean squared error loss function and bootstrap sampling. The configuration
includes number of trees in the forest (75), minimum number of samples needed to split a node
(15), minimum number of samples needed at each leaf node (8), method to determine the number
of considered features for the best split (square root of number of features), maximum tree depth

(25).

Model parameters for PySR
The PySR architecture uses a Random Forest model for feature selection to build the symbolic
expression. We set the maximum number of features to seven, which yields the following set: TT,
RU, SWD, VV, SH, slope, aspect. We choose a range of potential operators O,Sx’y ) with varying
complexity n applied to (x,y) € R?:

03(x’y) =[x+y,x—y,—xxy,x?]

06(96,3/) — [x/y’ |x|,ﬁ,x3]

09(x’y) = [e*,In(x),log,(x),log;o(x),sin(x), cos(x), tan(x), sinh(x), cosh(x), tanh(x)]

Oz(g;’y ) = [xY,atan(x),asinh(x),acosh(x), atanh(x)]
Operators with low complexity are preferred by the PySR algorithm in building the symbolic
expression and we set the maximum complexity to 70. The best results are obtained when we use

10,000 random samples from the training data set (JJA in 2000-2019) and restrict the model to run
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for 400 iterations or 18 hours, whichever occurs first. Other parameters include a population size

of 400, each with 100 samples, and 400 mutations to run, per 10 samples, per iteration.

0.7

0.6

Modeled albedo [-]
o =]
=y w

o
w

0.2

0.2 0.3 0.4 0.5 0.6 0.7
Observed albedo [-]

Figure A.1: Correlation between MODIS-derived ice albedo (x-axis) and ice albedo modeled
with MAR (reds) and ice albedo modeled with Random Forest (oranges). The dashed line
represents the 1:1 line.
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Figure A.2: Correlation between MODIS-derived ice albedo (x-axis) and ice albedo modeled
with MAR (reds) and ice albedo modeled with PySR (green-blues). The dashed line
represents the 1:1 line.
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Figure A.3: a) aspect, b) SHAP values for aspect, and c) their correlation. The maps

show the average over JJA in 2020-2021.
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