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Abstract.
Surface melt is one of the primary drivers of ice shelf collapse in Antarctica. Surface melting is expected to increase in
the future as the global climate continues to warm, because there is a statistically significant positive relationship between air

temperature and melt. Enhanced surface melt will negatively-impact the mass balance of the Antarctic Ice Sheet (AIS) and,

through dynamic feedbacks, induce changes in global mean sea level (GMSL). However, current understanding of surface

melt in Antarctica remains limited in past, present er-future-contexts—Continental-seale-spaceboerne-observations-ofsurface

we construct a PBB-novel cell-level positive degree-day (PDD) model, force it only with 2-m air temperature reanalysis
data, and parameterize it spatially by minimizing the error with respect to satellite observations-estimates and SEB model

outputs W&@&QQ@P"“ the perlod 1979 to 2022. We %mpﬁefhe—spﬁmkaﬂd{empefal—vaﬂabﬁﬁyeﬁsuffaeeme}t

by performing a goodness-of-fit test and cross-validation. We assess the accuracy of our parameterization method, based on
the performance of the PDD model when considering all computing cells as a whole, independently of to the time window
chosen for parameterization. We conduct sensitivity experiments by adding £10% to the training data (satellite estimates and
SEB model outputs) used for PDD parameterization. We find that the PDD model-can-generally-eapture-the-same-spatial-and
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the training data with steady statistically significant correlations, suggesting the applicability of the PDD model to warmer and

colder climate scenarios. Within the limitations discussed, we suggest that an appropriately parameterized PDD model can be

a valuable tool for exploring Antarctic surface melt beyond the satellite era.

1 Introduction

Surface melting is common and well-studied over the Greenland Ice Sheet (GrlIS) (e.g. Mernild et al., 2011; Colosio et al.,
2021; Sellevold and Vizcaino, 2021), and is known to play an important role in the net mass balance of the ice sheet and
changes in global mean sea level (GMSL), both now and in the past (e.g. Ryan et al., 2019). It is likely to become even more

important in the future. Even-theugh-Antarctica is currently much colder than Greenland;—prejected-Antaretienear-surface

peeted-over coming deeades, Antarctic ice

shelves show no statistically significant trend for the annual melt days (Johnson et al., 2022) and also no significant increase

in melt amount in East Antarctica in the past 40 years (Stokes et al., 2022). However, climate projections have suggested

that surface melt will increase in the current century (e.g. Trusel et al., 2015; Kittel et al., 2021; Stokes et al., 2022) — both in

terms of area and frequeney-of-melting-volume of melting (Trusel et al., 2015; Lee et al., 2017). Studies have suggested that
Antarctic surface melt can impact ice sheet mass balance through surface thinning and runoff, surface meltwater draining to the
bed, and increasing ice shelf vulnerability (Bell et al., 2018; Stokes et al., 2022). However, these are currently less understood

over Antarctica than Greenland, either in the past or at present. This is concerning as surface melting will likely become an

increasingly important component-of-Antaretiefee-Sheet(AlLS)-mass-balanee-player to Antarctic environment through this

century and the next.
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Although the warming taking place over the Antarctic Peninsula has not been consistent over the past two decades (Turner

et al., 2016), s

of-outletgla

a

Fuekettet-al52649the global mean surface temperature is predicted to increase (Meinshausen et al., 2011). Moreover, the

positive feedback of albedo, in which the absorption of shortwave radiation increases when snow melts to water, amplifies this

melting (Lenaerts et al., 2017). However, recent studies have found large inter-annual variability of surface melt in Antarctica
with no statistically significant trend (Kuipers Munneke et al., 2012; Johnson et al., 2022). Projecting Antarctic surface melt
is therefore still a challenge, partly because of uncertainties introduced by clouds (Kittel et al., 2022), atmospheric rivers (e.g.

Clem et al., 2022), or other localized climate phenomena.

—Continental-scale_spaceborne observations of surface melt are limited to the satellite era (1979-present), meaning that
current estimates of Antarctic surface melt are typically derived from surface energy balance (SEB) or positive degree-da

(PDD) models. SEB models require diverse and detailed input data that are not always available and require considerable
computational resources. The PDD meodel-eateuntates-model, by comparison, has fewer input and computational requirements
and is therefor suited for exploring surface melt scenarios in the past and future. PDD models calculate surface melt based on
the temperature-melt relationship (Hock, 2005). Altheugh-itis-empiricalitis-A typical PDD model has two parameters: (1)
the threshold temperature (Ty), which controls the decision of melt or no-melt, and (2) the degree-day factor (DDF), which

controls the amount of melt.

Although PDD models are empirical, they are often sufficient for estimating melt on a catchment scale (Hock, 2003, 2005)
because of its-their two physical bases: (a) the majority of the heat required for snow and ice melt is primarily a function of
near-surface air temperature, and (b) the near-surface air temperature is correlated with the longwave atmospheric radiation,

shortwave radiation and sensible heat fluxes (Ohmura, 2001).

Wake and Marshall (2015) suggest that Antarctic surface melt can be estimated solely from monthly temperature.
However, as the DDF is related to all terms of the surface energy balance (SEB) (Hock, 2005), the- PBDD-medel-maynotbe

appropriate-for-universal-usage-unless-the-medel-ean-a robust PDD model needs to incorporate DDFs that vary spatially and



temporally (e.g. Hock, 2003, 2005; van den Broeke et al., 2010), not simply a uniform value that covers a wide region. This is

because topegraphic-influencesthat-of the variability of energy partitioning, which is affected by the different climate, seasons
and surfaces (Hock, 2003). Topographic influences, such as the gradient of elevation which affects albedo and direct input solar

radiation (Hock, 2003), are generally strongest in mountainous terrain, together with seasonal variations in radiation, and can
95 introduce spatial and temporal variabilities of DDF, respectively (Hock, 2005). Spatial and temporal parameterisation of DDF

(model calibration), as well as model verification, therefore need to be considered.

Although PDD schemes have been used in many Antarctic numerical ice sheet models (e.g. Winkelmann et al., 2011; Larour et al., 2012)

as empirical approximations to compute the ice ablation for the computation of surface mass balance, and in several studies for
. Golledge et al., 2010; Barrand et al., 2013; Costi et al., 20

100 |, the spatial variability of PDD parameters are rarely considered. Moreover, compared to PDD model approaches established

exploring surface melt in Antarctica, particularly in the Antarctic Peninsula (e.

2

developed(e.g. Reeh, 1991; Braithwaite, 1995) and improved (Fausto et al., 2011; Jowett et al., 2015; Wilton et al., 2017) for

Greenland over many decades, such assessments for the PDD approach for the Antarctic domain are limited and a spatially
parameterized Antarctic PDD model has not yet been achieved.

In this study, we focus on constructing a computationally efficient cell-level (spatially variable) PDD model to estimate

105 surface melt in Antarctica through the past four decades, by statistically optimizing the parameters of the PDD model individu-

ally in each Antaretic-drainage-basin(Zwally-et-al;2012)-and-Heeshelf regioncomputing cell. We use the European Centre for

Medium-Range Weather Forecasts Reanalysis v5 (ECMWF ERAS5) (Hersbach et al., 2018a, b) 2-m air temperature as input

and compare the simulated presence of melt to satellite ebservations-estimates of melt days from three satellite products and

the Regional Atmospheric Climate Model version 2.3p2 (RACMO2.3p2) surface melt amount simulations. We then examine

110 the distributions of melt days and melt volume-amount from PDD experiments that use varying model parameters against

satellite-based and RACMO2.3p2 estimations. Following this, we s

in-Antareticain-terms-of occtrrence-and-amountfrom1979-t0-2022 perform a 3-fold cross validation, together with sensitivit
experiments, to evaluate our parameterization method and the PDD model.

2 Data
115 2.1 Reanalysis data

The dataset we use in this study is the ECMWF ERAS reanalysis (Hersbach et al., 2018b) (Table 1). It has hourly data for three-
dimensional (pressure level) atmospheric fields (Hersbach et al., 2018a) and on a single level for atmosphere and land-surface
(Hersbach et al., 2018b). It replaced the previous ECMWF reanalysis product ERA-Interim in 2019 (Hersbach et al., 2020),
and has become the new state-of-the-art ECMWF reanalysis product for global and Antarctic weather and climate (Hersbach

120 et al., 2020; Gossart et al., 2019).
The particular ERAS5 product we use in this study is the hourly 2-m air temperature data which has been evaluated and used
previously for studies in Antarctica (e.g. Gossart et al., 2019; Tetzner et al., 2019; Zhu et al., 2021). Assessments have shown

that ERAS near-surface (or 2-m) air temperature data is a robust tool for exploring Antarctic climate (e.g. Gossart et al., 2019;
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Table 1. Table of data that we use in this study.

Data type Time period  Spatial resolution Temporal resolution  Reference

ERAS reanalysis data® 1979-2021 0.25°%x 0.25° lon/lat  Hourly Hersbach et
Zwally Antarctic drainage basin - 1000 m - Zwally et al.
Teeshelf-eollection—30x30—Thisstudy-Satellite SMMR and SSM/I®  1979-2021  25x25 km? Daily Picard and F
Satellite AMSR-E¢ 2002-2011 12.5%12.5 km? Daily Picard et al.
Satellite AMSR-2¢ 2012-2021 12.5%12.5 km? Daily This study

RACMO2.3p2¢ 1979-2021  27x27 km? Monthly Van Wessen

% The 2-m air temperature data are on single level (Hersbach et al., 2018b). b Satellite local acquisition times over Antarctica are around 6 am and 6 pm. © Satellite local acquisition times over Antz

12 am (descending) and 12 pm (ascending). d RACMO2.3p2 surface melt simulations.

Zhu et al., 2021). ERAS5 performs better than-its—predeecessor-ERA-Interimat representing near-surface temperature than its
predecessors, the Climate Forecast System Reanalysis (CFSR), and the Modern-Era Retrospective Analysis for Research and

Applications, version 2 (MERRA-2) (Gossart et al., 2019). It is continuously being updated and is one of the most state-of-
the-art reanalysis datasets available. However, compared to 48 automatic weather station (AWS) observations, it is reported to
have a cold bias over the entire continent apart from the winter months (June-July-August) (Zhu et al., 2021). This cold bias is

reported at 0.34 °C annually and at 1.06 °C during December-January-February (DJF) (Zhu et al., 2021).
2.2 Satellite data

The number of melt days retrieved from the satellite observations is used to parameterize the threshold temperature (Ty) for the
PDD model. We use the satellite 42-year daily (once in-every two days before 1988) Antarctic surface melt dataset produced
by Picard and Fily (2006) (Table 1). It contains daily ebservations-estimates as a binary of melt and-or no-melt on a 25x25 km
southern polar stereographic grid. It is obtained by applying the melt detecting algorithm (Torinesi et al., 2003; Picard and Fily,
2006) on the scanning Multichannel Microwave Radiometer (SMMR) and three Special Sensor Microwave Imager (SSM/I)
observed passive-microwave data from the National Snow and Ice Data Center (NSIDC) (Picard and Fily, 2006). SMMR and
SSM/T sensors are carried by sun-synchronous orbit satellites observing Earth at least twice per day (Picard and Fily, 2006).

For Antarctica, the local acquisition times are around 6 am and 6 pm. The brightness temperature is the daily average of all

the passes (those around 6 am and those around 6 pm). This-dataset-is-being-continnallyupdated-and-isfreely-available-via

the-website-https://snow-univ-grenoble-alpesfr/melting/—There is a reported data gap longer than a month during the period
from December 1987 to January 1988 (Torinesi et al., 2003; Johnson et al., 2022), and we find additional missing data during

the prolonged summer (from November to March) in 1986/1987 (13 days), 1987/1988 (44 days), 1988/1989 (8 days) and
1991/1992 (9 days), which are significantly longer than the length of the missing data period of the remaining 38 years (zero or
one day, Figure A1 in the Appendix A). We therefore omit those periods from our analysiscomparison to the satellite estimates.
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Mere-recently;there-is-a-newly-We also use a more recently developed satellite melt day dataset which uses a similar algo-
rithm as Torinesi et al. (2003); Picard and Fily (2006) on the Advanced Microwave Scanning Radiometer for EOS (AMSR-E)

and the Advanced Microwave Scanning Radiometer 2 (AMSR-2) observed passive-microwave data from the Japan Aerospace

Exploration Agency (JAXA, Table 1). This dataset is on a 12.5x12.5 km? southern polar stereographic grid:—whichhas—a

. It has twice-daily observations over Antarctica covering
2002 to 2011 (AMSR-E) and 2012 to 2021 (AMSR-2, Table 1). These sensors have a local acquisition time over Antarctica of

around 12 am (descending) and 12 pm (ascending).

2.3 Surface-energybalanee-Regional climate model dataSEB output

SEB modeling is a physics-based numerical approach used to calculate the surface energy budget in order to estimate how
much energy is available for snow/ice melting. A number of studies have used SEB modeling forced by climate model outputs
and AWS data to assess surface melting on GrIS and AIS (e.g. Van den Broeke et al., 2011; Zou et al., 2021). To parameterize
the DDF for the PDD model, we compare our ERAS5 forced numerical experiments to the Antarctic surface melt simulations
from the RACMO2.3p2 (Van Wessem et al., 2018). The RACMO2.3p2 simulates Antarctic surface melt by solving the SEB
model which is defined as (Van Wessem et al., 2018):

Qyr =SW, +SW; +LW + LW, + SHF + LHF + G, 1)

where Q,, is the energy available for melting, SW | and SW; are the downward and upward shortwave radiative fluxes, LW
and LW, are the downward and upward longwave radiative fluxes, SHF and LHF are the sensible and latent turbulent heat
fluxes and Gy is the subsurface conductive heat flux (Van Wessem et al., 2018).

The RACMO2.3p2 Antarctic surface melt simulations used here cover the time period from January 1979 to February 2021

with monthly temporal resolution and 27 x27 km spatial resolution (Table 1).
2.4 Interpolation and research domain

The spatially coarsest dataset used in this study is the ERAS5 reanalysis data which is in 0.25° longitude x 0.25° latitude
geographic coordinates (Table 1). For consistency with the other data we analyse, we use the southern polar stereographic
coordinates instead of the geographic coordinates. We use the Climate Data Operators (CDO) (Schulzweida, 2021) to bilinearly
remap ERAS reanalysis data from longitude-latitude geographic coordinates to NSIDC Sea Ice Polar Stereographic South
Projected Coordinate System (NSIDC, 2022) (hereafter "polar stereographic grid"). We use a spatial resolution of 30 km,
minimising the number of missing pixels and maximising the resolution. For consistency, we also use CDO to remap all data

we-ase-products used in this study (Table 1) to the same 30x30 km polar stereographic grid.
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Figure 1. Map of the research domain and 27 Antarctic drainage basins (Zwally et al., 2012) used in this study.

3 Methods

3.1 PDD model

Using an empirical relationship between air temperature and melt, temperature-index models are the most used method for
assessing surface melt of ice and snow due to their simplicity as they are only meteorologically forced by the air temperature
(Hock, 2005). Not only does the simplicity of the approach enable fast run times and reguires—require low computational
resources, but the air temperature input data are also much easier to obtain than the full inputs (e.g. radiation fluxes, temperature,
wind speed, humidity, ice/ snow density and surface roughness (van den Broeke et al., 2010)) required by the SEB model. If
appropriately parameterized, the temperature-index approach offers accurate performance (Ohmura, 2001) and provides a
robust surface melt representation.

The PDD model calculates the water equivalent of surface snow melt (M, mm w.e.). It integrates the near-surface air tem-

peratures above a predefined threshold, which are multiplied by the empirical DDF (mm w.e. °C~! day—!) (e.g. Hock, 2005



. The adjusted PDD model we use in this study can be written as:

day 1 day 24
ZM = ﬂDDFZ ZT*
i=1 i=1j=1
2
T—-Tyg ifT—Tyg>0
T =
0 otherwise

where T is the hourly temperature and Ty is the threshold temperature.

195

200

205

3.2 Model parameterisation
210 3.2.1 Threshold temperature T

To parameterize the threshold temperature (T¢) for our PDD model, we firstly focus on the binary melt/no-melt signal. We

use the ERAS 2-m air temperature data to force the model and run +6+-numerieal-experiments-with-a-set-of-151 numerical
experiments for Ty ranging from -5:0-10.0 °C to +5.0 °C with a 0.1 °C intervalsinterval. We define a melt day (MD*) as a

day during-which-there-is-atdeast-one-hour-of-in which the daily input of the ERAS 2-m air temperature exceeding(T) exceeds
215 the Ty. Note that the T is either the daily mean of 6 am and 6 pm or the daily mean of 12 am and 12 pm depending on the
satellite estimates we compare to (detailed in the paragraph below). In each T experiment, we calculate the total number of

melt days from the-1st April of that year to the-31st March of the following year as the "annual number of melt days". The
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modified Equation 2 can be written as:

ta
Annual number of melt days = Z MD*

i:tl
t; = 01 — April — Year
to = 31 — March — (Year+1) 3)

1 ifT—Ty>0
MD* =

0 otherwise

Because the satellite melt day product of SMMR and SSM/I (Table 1) is retrieved from the local acquisition times areund-6

am-and-6-pm;-we-seleet-the-at around 6am and 6pm, we compute the mean of 6 am and 6 pm ERAS 2-m air temperature data
and-ealeulate-the-daily-averages-of-the-6-am-and-6-pmfor the input T for the PDD model (Equation 3). For the satellite product
from AMSR-E and AMSR-2 (Table 1), we repeat-the-ecaleulations-using-the-daily-averages-ef-the-compute the mean of 12am

and 12pm ERAS5 2-m air temperature data as of their local acquisition times. Next, we calculate the result of Equation 3 in-for
each T experiment.

In order to obtain the optimal Ty, we calculate the RMSE-root-mean-square error (RMSE) between the time series of the
annual number of melt days for the satellite observations-estimates and the model experiments in their overlapped years. As
we treat each computing cell individually, all calculations are carried out on each cell independently in each iteration (Tg

experiment).

AMSR-2-eovers-theperiodfrom2012/2013t0-2020/2021), we assume their comparability as these satellite products are derived
from the same algorithm and threshold (Picard and Fily, 2006). We-therefore-calenlate-the-average-of-theregional-average
RMSE-across three satellites thereafter; the regional RMSE)Therefore, we calculate the mean of RMSE between three satellite
estimates for each cell. Finally, we define the optimal T of each targeted-region-computing cell where the Ty experiment has
the minimal regionatRMSE-RMSE. If there are multi Ty experiments that have same minimal RMSE for their computing cell,
we calculate the mean of those Tq as the optimal Ty (this only happened on the cells that have very low melt days).

3.2.2 Degree Day Factor DDF
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The DDF is a scaling number that controls the amount of melt. It is a lumped parameter that relates to all terms of the SEB
Hock, 2005; Ismail et al., 2023) and is suggested not to be considered as a constant number in PDD models (Ismail et al., 2023

. To parameterize the DDF for our PDD model, we substitute the optimal Ty found in Section 3.2.1 into the Equation 2, and
run a series of numerical experiments forced by the hourly ERAS 2-m air temperature data: we firstly set the DDF to 1

! increments.

mm w.e. °C™! day~! then we iterate 241291 times with 0.1 mm w.e. °C™! day ™~
In order to address the optimal DDF, we repeat the calculations for the RMSE between the annual melt amount calculated

in each DDF experiment and the melt amount from RACMO2.3p2 simulations for each computing cell. Similarly, we define
the optimal DDF where the experiment has the minimal regienal RMSE-RMSE for each computing cell. If there are multiple

DDF experiments that have same minimal RMSE for their computing cell, we calculate the mean of those DDF as the optimal
DDF (this only happened on the cells that have very low melt amount).

3.3 Signifieance testingModel evaluation

3.3.1 Goodness-of-fit testin

The two-sample Kolmogorov—Smirnov test (hereafter two-sample KS test) has been used in testing the-for significant differ-
ence between two non-Gaussian climatic distributions when parametric tests are inappropriate (e.g. Deo et al., 2009; Zheng
et al., 2021). It has also been used as an alternative way to test the dissimilarity of climatic data as a validation of tests on
statistical parameters such as the mean (Zheng et al., 2021). The two-sample KS test non-parametrically tests the distributional
dissimilarity between two samples by quantifying the distance ef-between two sample-derived empirical distribution functions
(Lanzante, 2021). The null hypothesis is that the two samples are from the same continuous distribution. The test result returns

a logical index that either accepts or rejects the null hypothesis at the 5% significance level (p < 0.05).

Limited by the duration of satellite era and reanalysis data, the time series of annual data for each computing cell is no larger

than 45 years with non-normality. To test the significance-of-the-optimat-Toand-DDBFgoodness-of-fit of the parameterized PDD

model, we therefore perform the two-sample KS tests between the time series of annual number of melt days/ melt amount

from the satellite observationsestimates/ RACMO2.3p2 and from the PDB-medel-To/-DbF-experimentsparameterized PDD
model outputs. We define a >‘same distribution cell’ as a cell with no statistically significant evidence from the two-sample KS

4 Resul 1 di .

3.1 Modelparameterisation

3.0.1  K-fold cross-validation

10
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Figure 2. Schematic overview of the time periods for each CV folders and the HIGH, LOW sensitivity experiments.

RMSE-The cross-validation technique has been developed since the 20th century (Stone, 1974) and has became a standard

technique in the field of climate and weather predictions (e.g. Mason, 2008; Maraun and Widmann, 2018). It is especiall

suitable for statistical models that are calibrated and evaluated on the same data (Maraun and Widmann, 2018).

S e d h he PBD-moede 8-h e-be eeme hthe eHite-obse S on—estim 0
the-annualnumberof melt-days-overthe AlS-andieeshelvesIna-a;time period. However, this does not allow us to explore the
. . . . i . o L

~'*~‘—.--==-v---.-=..=e-.-3~- vatue-than-the RMSE-at-the-eptimal-1y 8 )-showing

suggest that the temporal variability of DDF should also be considered. Due to the short period of the satellite-era and the
scarcity of in situ Antarctic surface melt data (Gossart et al., 2019), our PDD model is parameterized and evaluated using the

same dataset covering the past four decades.

11
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therefore assess the temporal dependency of the PDD parameters, we perform an adjusted 3-fold cross-validation (hereafter
3-fold CV). The satellite melt occurrence estimates used in this study cover 38 years (four years have been omitted). Therefore

we sequentially divide the satellite estimates into two 13-year folds and a 12-year fold (Figure 2a). Note that in Section 3.2.1
we calculate the RMSE between

+—1879between the PDD and three satellite estimates on their overlapping period, respectively, and calculate the mean of
those three RMSE. However, the second fold has actually only 7 years of overlap between the satellite SMMR and SSM/{S%

the)—This-could-shed-alight-on-the-further simplification-of I, and satellite AMSR-E. Here, we firstly calculate the mean of
satellite estimates between their overlapping periods prior to the 3-fold CV and then, we perform the 3-fold CV. The 3-fold CV.
has three members. the first membercontains the first and second fold used to parameterize the PDD model, and the third foldis
used to test the model. In Member 2, we take the first and third fold to parameterize the PDD model by-rounding the-Tyto

round-the-optimal-and test the model on the second fold. In Member 3, we take the second and third fold to parameterize the
PDD model and test the model on the first fold. Similarly, we repeat the calculations for the RACMO?2.3p2 surface melt amount
but the folds are divided into two 14-year folds and a 13-year fold (Figure 2b).

3.0.2 Sensitivity experiments

Although RACMO2.3p2 is suggested to be one of the best models on reconstructing Antarctic climate, a cold bias of -0.51
K for the near-surface temperatures is also reported (Mottram et al., 2021). However, it is unclear how much this cold bias
influences the output of RACMO2.3p2 snowmelt simulations, at least on the spatial scale. Satellite estimates are more direct

roducts for Antarctic surface melt. However, biases in satellite products are likely due to frequent equipment replacements
i.e., 4 times in the period 1979-2005 (Picard and Fily, 2006; Picard et al., 2007).

12
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To explore the sensitivity of PDD parameters and model outputs to biases in both the satellite and RACMO2.3p2 products, we
erform two sensitivity experiments. In the first sensitivity experiment, we explore the response of T and-substitute-the rounded
optimal-and the PDD melt-day (and CMS) outputs to perturbations in satellite estimates. We increase/decrease (HIGH/LOW

run) satellite CMS estimates by 10% (Figure 2a) for each grid-cell then repeat the Ty inte-thefor-the numerieal-experiments
on-DBF-parameterization as described in the-Section 3.2:2-

amoeunt-and-the-. 1, respectively. In the second sensitivity experiment, we explore the sensitivity of the DDF and the PDD melt

MM&MM%RACMM 3p2s

RACMO2.3p2 fa-e-melt estimates by 10%

(Figure 2b) for each grid-cell then repeat the DDF parameterization as described in Section 3.2.2, respectively. Note that in the

see-that the RMSE-minimum-in-context of the sensitivity experiments, our optimal parameterization of Tg and DDF in Section
3.2.1 and Section 3.2.2 constitutes our CONTROL run.

In addition, these sensitivity experiments enable us to explore potential applications of our PDD model to predict Antarctic
surface melt in the future. Although our PDD parameters remain stable for the contemporary climate, it is uncertain how they.
could change in a warmer climate. Exploring the variations in PDD parameters by performing the above sensitivity experiments
provides some insights on the model ability to simulate melt under future warming scenarios.

4 Results and discussion

4.1 Optimal PDD parameters

Figure 3a shows the spatial map of the optimal Tys selected by the minimal RMSE from 151 Ty experiments on each computing.
cell (there are 4515 computing cells in total). The optimal Ty for almost all computing cells are negative. The mean of all
optimal T is -2.32 °C, That the dominant number of cells show a negative sign indicates that using To = 0 °C as a melt
threshold may significantly underestimate melt events, a finding consistent with other work (Jakobs et al., 2020).
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Figure 3. (a) Spatial map of the optimal To (°C) of each computing cell. (b) Spatial map for the optimal DDF (mm w.e. °C~! day 1) ) for
each computing cell. (¢) Probability histogram of the optimal To (°C). Red curve is the fitted normal distribution. Red dashed vertical line
is the mean of Ty for all computing cells. Blue dotted line is the median of Ty for all computing cells. (d) Probability histogram for the

optimal DDF (mm w.e. °C~! day™'). Red curve is the fitted exponential distribution. Red dashed vertical line is the mean of DDF for all
computing cells. Blue dotted line is the median of DDF for all computing cells.

Figure 3¢ summarizes the statistics of Tgs. The skewness of Tys is -0.63 indicating a slight left asymmetry of the probability

distribution of Toexperiments-also-maximises-the same two-sample elsbetween-the PDD-model-and-the-satelHite-observation

~s. The kurtosis is slightly larger than 3 which is the

red curve in

kurtosis of a normal distribution. We fit a normal distribution with the same mean and standard deviation (STD

Figure 3c). That the probability distribution of Toand-DDF-used-asPDD-moedel-parametersfor-all-the-Antareties is close to the

normal distribution is not surprising, given the large sample size of the Tys (4515 computing cells). There is a small number of

cells distributed below -5.5 °C with less than 5% probability (Figure 3c). We highlight these lower-end tail cells with a yellow
color in the Figure 3a. These cells are mainly distributed in two areas. One is the interior boundary of the satellite observational
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area (Figure A2 in the Appendix A) over the drainage basins (“Drainage-basins™).e.g. Basin 1, 9, 21 and 22), which is not

surprising as the optimal T

W&@Mﬁgure B1 in the Appendix B). The other area is the central Amery Ice Shelf ( Flgure 32,1\)/»

s there may not be significant, given the non-statistically significant (p > 0.05) temperature-melt

Figure 3b shows the spatial map of the optimal DDFs identified by the minimal RMSE from 291 DDF experiments on each
computing cell. We see a large number of DDFs with relatively low magnitude (from 1 to 4.5 mm w.e. °C™" day ™", colored
light yellow), distributed over ice shelves other than the Ross Ice Shelf and Filchner-Ronne Ice Shelf (Figure 3b). We highlight
DDFs larger than 15.5 mm w.e. °C™" day™" in red in Figure 3b. Although the magnitude of the DDF over the cells located in
the west Ross Ice Shelf and south-east Filchner-Ronne Ice Shelf may exceed the upper boundary (30 mm w.e. °C~" day ™)
of our DDF: experiments that we heuristically defined in Section 3.2.2, we do not expand the upper boundary of the DDF or
MMMW@@MMWMWM
significant (p > 0.05,

round-the-optimal- DDFfor-the PDD-medelFigure B1), therefore the PDD model which is based on the temperature-melt

relationship for those cells may not be significant; (2) the total number of those cells is less than 5% of the total number of

the computing cells (Figure 3d); (3) surface melting in those cells is negligible under present-day conditions, and even remains

negligible in RCP8.5 2100 future projection (Trusel et al., 2015); (4) these parameters are empirically defined by minimizin

the RMSE between PDD experiments and satellite estimates/ RACMO2.3p2 simulations, which means the optimal parameters
are likely less robust over cells where melt is rare.

Table-of PDD-model-parameters-To-0O-and-DDHE-O: RegionTo-DDHERegion-Figure 3d summarizes the statistics of DDFs,
The probability distribution of the DDFs is asymmetrical and strongly left skewed (Figure 3d), We see that nearly 50% of
the DDFs are in the range 1 to 2.5 mm w.e. °C™* day™". That the majority of the DDFs are low may be associated with the
negative ToPPERegion-s defined in the T i i i i

%%%%MM&%M&H%&%%M%l%

) the parametrization
of the Ty and DDF is sequential. The optimal Tgs are substituted into the Equation 2 (Section 3.2.2) as a predefined variable for

the DDF experiments, which means our decision on the optimal T will influence the decision making for the optimal DDF;
(2Basin4—1-10-Basin16-3-3-Antaretica~2-3
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-).a low negative
optimal T, may cause more degrees above the T leading to a low optimal DDF that works in conjunction with the sum of the
degrees above a vey low Tj.

4.2 Model evaluation

421 Goodness-of-fit

Different
RACMO2.3p2 v.s. PDD
Different

Same
Same

Testing cells: 4515
Same cells: 3213
Same cell %: 71.16%

Testing cells: 4515
Same cells: 3886
Same cell %: 86.07%

Two-sample KS tests on annual melt days
Satellite v.s. PDD

Two-sample KS tests on annual melt amount

Figure 4. (Spatial maps for the two-sample KS test results. The two-sample KS tests are performed individually for each of the 4515
computing cells. The test result "Same" means the tested cell is a »ERAS-surface-orography-same distribution cell where there is no
statistically significant evidence for the rejection of the null hypothesis that the testing two samples are from the same continuous distribution
cell (#@M‘Wﬂ%ﬁ%&lﬁ@wﬁ%ﬁ. N(mﬂig) is the two-sample KS test results for testing the annual number of
melt days between the satellite estimates and the PDD model outputs. (b) MeanDH-ERAS-monthty 2-m-air-temperature-is the two-sample
outputs.

mean;—standard-deviation—and-trend-for-We evaluate the parameterized PDD model outputs (melt day and melt amount) for
each computing cell by testing the statistical significance of the similarity between the satellite estimates or RACMO?2.3p2
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e-model-derived empirical

distribution functions. Figure 4 shows the two-sample KS test results for each computing cell. Overall, the parameterized
PDD model shows good agreement with the satellite estimates and RACMO2.3p2 annual-melt-amount-as-shown-tnand—We

aa th ha An Ponin

hraround-annual-70-96-mett simulations both in

estimating the annual total of melt days and up-to-300-450-mm-w-e—melt magnitude-in-ecoastal-eels—amount, indicated by
86.07% and 71.16% same melt day and amount distribution cells, respectively (Figure 4). Our parameterized PDD model is
particularly well-suited for estimating surface melt over the ice shelves in the Antarctic Peninsula, while cells located in other
ice shelves, such as the Filchner-Ronne Ice Shelf, ice shelves in Dronning Maud Land, Amery Ice Shelf and Ross Ice Shelf,
are either in a good agreement on estimating the surface melt days or amount (Figure 4). That the PDD model performs well
in the Antarctic Peninsula is exciting, given the fact that the Antarctic Peninsula is the region of Antarctica experiencing most
intense surface melting both at the present (Trusel et al., 2013: Johnson et al., 2022) and in projections of the current century.
(Trusel et al., 2019).

Next, we evaluate the parameterized PDD model outputs for the whole of Antarctica, Firstly, we evaluate the parameterized
optimal To and its related PDD outputs on the surface melt day. To do this, we calculate the cumulative melting surface
W%ka for satellite estimates and PDD outputs, respectively. The CMS which is also known as a melt index
(e.g. Trusel et al., 2012), is calculated by multiplying the cell area (km?) by the total annual melt days (day) in that same
cell (Trusel et al,, 2012). We see in Figure Sa that two CMS time series are in a generally good agreement on both the
amplitude and the temporal variability, apart from a small number of years including a period from 1979/1980 to 1982/1983,
the year 2014/2015, the year 2016/2017 and the year 2019/2020. Although there is a PDD underestimation for the first
decade (1980 to 1990), the cumulative CMS of PDD at the end of the 38-year period is in a good agreement with the
cumulative CMS of satellite estimates (-3.06% PDD cumulative CMS underestimation compared to the satellite cumulative

he-wh ~both-the-numb me nd-the-amoun e . The positive correlation between the satellite
CMS and the PDD CMS is statistically significant (Spearman’s p = 0.52, p < 0.05, d--and-a=d)deerease-from-the-marine-edges

o
Oowd OO O n & OTOE1d =g

examinationFigure 5c). The probability histogram for mismatches between the PDD and satellite CMS also indicates a good
agreement between the PDD and satellite CMS (Figure 5d). The mismatches are distributed symmetrically to the mean which

is approximated to zero.
Globally, we see that-the the PDD model has the ability to capture the main spatial patterns of surface melt days when

compared to the satellite ebservations-and-RACMO23p2-simulations;-apartfrom-the-absence-of-melt-fromthe PPDD-mede
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Figure 5. (a) time series for the cumulative melting surface (CMS) (da km?) for satellite estimates during the period from 1979/1980 to
2020/2021 (with 1986/1987 to 1988/1989 and 1991/1992 omitted), and for PDD outputs during the period from 1979/1980 to 2021/2022.
b) cumulative CMS for satellite estimates and PDD outputs from 1979/1980 to 2020/2021 (with 1986/1987 to 1988/1989 and 1991/1992
omitted). (c) scatter plot and ordinary least squares (OLS) fit between satellite CMS and PDD CMS. (d) probability histogram for the

mismatches between the PDD CMS and satellite CMS. Red dashed vertical line indicates the mean of all mismatches. (e) to (g) spatial

maps for the differences between mean, standard deviation (STD) and trend of PDD outputs and satellite estimates on the annual melt
days (day). Mean, STD and trend for the PDD outputs and satellite estimates are calculated over the period from 1979/1980 to 2020/2021
with 1986/1987 to 1988/1989 and 1991/1992 omitted), respectively. (h) and (i) probability histograms for the mismatches between the

PDD outputs and satellite estimates on mean, STD and trend (histograms for (e) to (g)). Red dashed vertical line indicates the mean of all

mismatches between means. Blue vertical line indicates the mean of all mismatches between STDs. Black dashed vertical line indicates

the mean of all mismatches between trends. Note that for all panels the satellite estimates from 2002/2003 to 2010/2011 are the average of
SMMR and SSM/I, and AMSR-E. The satellite estimates from 2012/2013 to 2020/2021 are the average of SMMR and SSM/I, and AMSR-2.

spattal RMSE-and-two-sample KS-tests-thatare-catenlated-between-estimates for a majority of the computing cells (Figure Se,
fand g). The computing cells that have relatively large disagreement between the mean annual melt days of PDD outputs and
of satellite estimates are mainly located over the ice shelves in the Antarctic Peninsula (~ -2.5 to -22.5 days), over the Abbot
Ice Shelf (v -5.5 to -12.5 days over the marine edge and ~ +2.5 to +7.5 days over the interior) and over the Shackleton Ice
Shelf (~ +7.5 to +12.5 days). However, these cells with relatively large disagreement in mean only amount to around 5% of the
total computing cells (Figure 5h), and overall for all computing cells, the mean of mismatches in means between the PDD and
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satellite FRACMO2:3p2-(in-the-annual melt days is approximately zero (-0.12 days, Figure 5h). That the PDD model captures

the main spatial patterns of melt is not surprising, given the statistically significant positive correlation between surface melt

and 2-m air temperature in most of the Antarctic ice shelf and coastal cells used in the calculations (Figure B1).

relatively large disagreement on STD are mainly located over the Wilkins Ice Shelf (~ +4.5 to +13.5 days) and over the south
of Larsen C Ice Shelf (~~ -7.5 to -10.5 days). Similar to the cells that have relatively large disagreement in their means, these
cells amount to only a negligible proportion (less than 5%) of the total number of the computing cells. However, there are
around 20% of the computing cells that have -1 to -3 days of STD mismatches (Figure Sbse-andh), spatially distributed widely.
over the eastern Ross Ice Shelf, West Antarctic drainage basins 18 and 19, the Abbot Ice Shelf, ice shelves in Dronning Maud
Land, and the Amery Ice Shelf. The mismatches in trend are not symmetrical about zero, both shown by the dominant area of
red color (all ice shelves in the Antarctic Peninsula, almost all ice shelves in Dronning Maud Land and nearly the whole Amery.
Ice Shelf) to blue (some computing cells over the Wilkes Land) in Figure 5g and a slightly right-skewed probability histogram
of trend mismatches with a positive mean (+0.04 day year™", Figure 5i).

Secondly, we evaluate the parameterized optimal DDF and its related PDD outputs on the surface melt amount. Similar to the
negative mismatches between PDD and satellite estimates on the CMS for the period from 1979/1980 to 1982/1983 (Figure 5a),
negative mismatches of PDD against the RACMO2.3p2 are also present on the annual melt amount for 1982/1983 (Figure 6b

ton-a). The abnormally extensive
melt in 1982/1983 has been reported by previous studies (Zwally and Fiegles, 1994; Liu et al., 2006; Johnson et al., 2022). It
is_suggested to be driven by the SAM, because of an inverse relationship between the number of melt days in Dronning
Wmmlmmd the PDD

most likely explained by the absence of any substantial temperature anomaly in the input ERAS 2-m temperature, because of
the temperature-dependency of the PDD model (Equation 2) and the temperature-melt relationship (Figure BI). It could also
partly be explained by the fact that the PDD parameters were defined based on fitting multi-decadal timeseries between PDD
experiments and satellite/ RACMO2.3p2 (Section 3.2.1 and 3.2.2)
fully captured.

Apart from the 1982/1983 event, other negative mismatches from PDD are also evident in the period from 1991/1992 to
1992/1993 (Figure 6a). However, we cannot compare this PDD melt amount mismatch period to the PDD CMS mismatch as the
year 1991/1992 is omitted for all the analysis related to the satellite estimates due to the missing satellite data, Notwithstanding,
MWM%MWMMMGMM 3p2 simulations i

, meaning that some inter/inner- annual signals may not be

ood agreement, especially after 1992/1993 when the two curves start overlapping (Figure 6a) whilst the PDD-satellite CMSs
show some disagreement (e.g. 1995/1996, 1999/2000, 2014/2015, 2016/2017 and 2019/2020, Figure 5a). That the PDD is in
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Figure 6. (a) time series for the annual melt amount (mm w.e.) for RACMO?2.3p2 simulations during the period from 1979/1980 to 2019/2020,

and for PDD outputs during the period from 1979/1980 to 2021/2022. (b) cumulative annual melt amount for RACMO2.3p2 simulations

and PDD outputs from 1979/1980 to 2019/2020. (c) scatter plot and ordinary least squares (OLS) fit between satellite annual melt amount

and PDD annual melt amount. (d) probability histogram for the mismatches between the PDD annual melt amount and satellite annual melt

amount. Red dashed vertical line indicates the mean of all mismatches. (e) to (g) spatial maps for the differences between mean, standard

deviation (STD) and trend of PDD outputs and RACMO2.3p2 simulations. Mean, STD and trend for the PDD outputs and RACMO?2.3p2

simulations are calculated over the period from 1979/1980 to 2019/2020. (h) and (i) probability histograms for the mismatches between the

PDD outputs and RACMO?2.3p2 simulations on mean, STD and trend (histograms for (e) to (g)). Red dashed vertical line indicates the mean

of all mismatches between means. Blue vertical line indicates the mean of all mismatches between STDs. Black dashed vertical line indicates

a good agreement with RACMO2.3p2 on the annual melt amount is also evident by the statistically significant strong positive
correlation (Spearman’s p = 0.81, p < 266-0.03, Figure 6¢). However, the probability histogram of PDD melt mismatches is
slightly left-skewed with a negative mean (-0.08 x 10° mm w.e.)-¢b-e-and-, Figure 6d) and the PDD model underestimates
around 9.81 % for the 41-year integrated annual melt amount compared to the RACMO2.3p2 (Figure 6bse)-—However, wesee

oOn achelyve ntha \Wa A Danin nd- Pronnine L\ d nd-th how

trends-between-the PDD-medel-caleulations—and-thesatelite-). Nevertheless, this underestimation on the 41-year integrated

annual melt amount is not evolving through the past four decades, as we see in Figure 6b: the two curves differ in the first
decade (i.e. the gap between the two curves is increasing from ~ 1980 to ~ 1990) and becomes parallel for the following three

decades.
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Figure 6e, f and g show the spatial maps for the difference between the mean, STD and trend of the PDD annual melt amount
and RACMO2.3p2 temean annual melt amount for the period from 1979/1980 to 2019/2020. As shown in Figure 6e, f and
e~f)—This-eppesition-suggestsg, the differences over most of the computing cells are equal to or close to zero, which is
%WWQWMW Figure smuw«a@i
that the PDD model i

the ability to capture the main spatial patterns of both the surface melt days and amount, when compared to the satellite
observations-estimates and RACMO2.3p2

e-has

West-Antaretie Peninsutaiee shelvessimulations, for the majority of the computing cells. There are less than 5% computing
cells with mismatches in the mean of lower than -15 mm w.e. or larger than +15 mm w.e. (Figure 6h). These cells are spatially.
distributed over the western Antarctic Peninsula, ice shelves in nerth-west-Dronning Maud Landand-the-coastal-margins-of
;SVEOVV\l,éV@VHlVVX\?W (Flgure 6%3—Whef6ﬂelﬁfwel-y—lﬂfg€—%4—s%ﬂ—a}seﬂﬂdeﬂf—ﬂl) The PDD—medek&hews—&s&a&s&eaHy

computing cells that have relatively large disagreement
Mﬂ%mmww%mmammw Ice
Shelf
mﬁgmﬁ%wﬁé%%ﬁémmwwwmmﬁgm 6H) &mwmmmm
trends between the PDD and RACMO2.3p2 are-in-a 4 4 - 3 3

{~—t)-trend-ef-annual melt amount overthe-teeshelvesin-WitkesLand-—Howeverfor-the-is similar to the mismatch in trends

W%annual melt days, WesP{ee—She}P@afPe#&meeﬁhe}ve&mWﬂke&Eaﬂéaﬁhews—&ﬁa&sﬁeaﬂy

or RACMO-suggestsas they both have the same positive mismatch spatial patterns (Antarctic Peninsula, Dronning Maud

Land and Amery Ice Shelf, Figure 5g and Figure 6g) and similar right-skewed probability histograms with positive means
(Figure 5i and Figure 6i). This could be explained by other players driving surface melting, such as the Southern Annular

Mode (SAM) (Torinesi et al., 2003; Tedesco and Monaghan, 2009; Johnson et al., 2022) which explains ~ 11%—-36% of the
melt day variability (Johnson et al., 2022). However, this-does-these mismatches in trends do not necessarily require that we

reject the PDD model, as the trend presented by the PDD model is a reflection of the trend of the input temperature (Figure C1

in the Appendix C), because of the linear relationship between air temperature and surface melt (Figure B1). The disagree-
ment in trends, therefore, is actually between the satellite/ RACMO2.3p2 and ERAS 2-m temperature, rather than between the

satellite/RACMO2.3p2 and the PDD model itself.
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540 4.2.2 Temporal dependency of the PDD parameters

Table 2. Frend-Periods of the sateHite-training and PBB-EMS--testing folds for the peﬂeéffeﬁQ%S@»ﬂ}%%@/%G%kWtﬂ}%é&%%

B8:0653DDF 3-fold cross-validation, respectively.

Member

West-Antaretiea—0:96-+1950.03 107+ 1.86-0.03-0:5+1.01-0:62 Ty Member |
West-Antaretie Peninsula—0:73 4 2:57-0:04- 377+ 2.75 0.17 -1:31-+1.67-0.06 Ty Member 2
East-Antaretie Peninstla—197 4 2:43-0:07-0:53+1.97 0.0 -0.56 -+ 131-0.02 Ty Member 3
Filehner-RonneJee-Shelf—0:22 -+ 0.58-0:02-0.05+0:25-0-0.09+0.45-0 heightDDF CONTROL

Dronning Maud-Land—0:98 +4:97-0-5:13+ 291 0.25 -0:18+1.51-0 DDF Member |

AmeryTee-Shel—0-57+1650.01-0:54113-0:02-027+0:51-0.03-DDF Member 2_
Wilkes Tand—0-19-0:63-0:01-0:28 -+ 0:46-0:04-0-07+0:65-0-DDF Member 3

@ periods from 1986/1987 to 1988/1989 and 1991/1992 are omitted.

our PDD model in a temporal sense, we perform 3-fold CV for T, and DDF (as described in Section 3.3.2), respectively. Table 2
lists the periods for the training folds and testing folds for each T and DDF member. The training fold is used to parameterize
the PDD model parameters. For example, in Ty Member 2, we use the satellite estimates over the periods 1979/1980-1995/1996
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Figure 7.
To/ DDF parameterized in each member of the To/ DDF 3-fold CV and the optimal To/ DDF, respectively. (g) to (1) probability histograms
for the To/ DDF of each To/ DDF 3-fold CV and the optimal To/ DDF, respectively. Black eurves-are-time-series-vertical lines indicate the

is the period-from1979t6-2649-PDD W%WMMWM period frem1979%t0202+-Dotted
tines-show-of the trends ~ ' ‘ : testing-fold, respectively. We calculate
the everlapped-period-difference of PPB-cumulative CMS/ annual melt amount between each member and RAEMO2:3p2the CONTROL, at
the end of the testing fold, respectively. Frends-that-are-statistiealty significant-(p<0-05s) are-annotated-by-text-with-same-colorin-the figure
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time period of satellite estimates) to parameterize the optimal Ty for Member 2 (see also Figure 2). The testing fold is used
&aWMWW%MW%MWWwM

20462020 (see also Figure ZMMW
for the whole 41-year time period. Then we extract the PDD model (the Member 3 DDE PDD model) outputs for the testing
fold period (19797 tat] e-resi f)—Fhe : :
1980-1992/1993) from the whole 41-year model outputs, for testing (evaluating) the DDF Member 3.

Figure 7 shows the results of the 3-fold CV on T, and DDE. We see in Figure 7a to f that there are changes on the value
of the Ty and DDF for a dominant number of the computing cells, depending on the time window (i.e. the training fold) we
choose to parameterize the PDD model. Especially for the DDF members, we see conspicuous changes in the values of the
DDFs in the computing cells over the western and southern Ross Ice Shelf, the Filchner-Ronne Ice Shelf and coastal basins
2 and 3 (Figure 7d, ¢ and f). which indicates that a large temporal variability of PDD parameters may exist. However, this
indication that a large temporal variability of PDD parameters exists may not be reliable for the residuats between satetlite-and
PPB-EMS-(hwestern and southern Ross Ice Shelf and coastal basin 2, given that there is no statistically significant evidence
for the temperature-melt relationship (Figure B1).

satellite-Although we see the parameter changes associated with the time windows for the dominant number of the computing.
cells, these changes reduce when we look at the whole population of the parameters in each member (Figure 7g to ). It is evident
that the probability histogram of the optimal parameters and the probability histogram of each member’s parameters are closely.
comparable, with negligible differences between means (excluding the DDF Member 2 where the differences between means
is relatively larger: +0.8 mm w.e. °C~! day !, Figure 7k).
N%M@;@%%@&@%@%&MW&MW/ RAGM@%?”%

WWWMMMWWMWMMMQW
training folds, for each Ty and DDF members respectively. Overall, the sateltite/RACMO2:3pZ-and-curves of each member are
comparable and overlapping with the CONTROL, (Figure 7m to 1), indicating the temporal consistency of our PDD model, and
that the ability of our PDD model in estimating the Antarctic-wide surface melt in terms of the PBB-{western-Antaretie
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Peninsula-—and-Dronning Maud-Land)—The-trend-of-melt_occurrence (CMS) and the melt totals (amount) is independent
of the time windows chosen for the parameterization. Although the parameters in each computing cells vary through the
parameterization time window, the i is statisti tgh iti overall performance
of the PDD model for all the computing cells as a whole is generally consistent.

Secondly, we calculate the Spearman’s p and its statistical significance for the testing fold between each member and the
ngure7mmmmm
MWMMOOS) i

@WMMHMB@& Tt MtQA)Q %M%Hﬂ@ﬂmﬂmﬂmﬂy@%ﬂn&«f@ﬁﬁ%%ﬁ%

iations-(However, this is not surprising, given
the comparable probability distributions of parameters and the indistinguishable cumulative curves between each member’s
PDD and the CONTROL PDD (Figure 7¢g to 1). Although the To Member 1 PDD estimates and PDD CONTROL estimates
are strongly correlated to the training fold (black dots in Figure 7s), which is not surprising as the To Member 1 PDD is
parameterized by those PDD CONTROL estimates, the To Member 1 PDD estimates and PDD CONTROL estimates are not
%&%MMWM&@%MF@W 7s).

PPB-against To further explore this disagreement in the testing fold, we plot the time series of CMS for satellite estimates,
CONTROL estimates and To Member 1 estimates in Figure D1, in the Appendix D. We find that the To Member 1 estimates
in the testing fold are likely not unrealistic values. Instead, they are in a good agreement with the satellite estimates over the
testing-fold period, as the time series of satellite CMS and Member | CMS almost overlap. Therefore the disagreement between
the To Member 1 estimates and the CONTROL estimates over the testing-fold period might be the disagreement between the
satellite estimates and CONTROL estimates, as the time series of satellite CMS and Member 1 CMS almost overlap. Although
the abilities of Member 1 To and optimal To in capturing the cumulative satellite estimates are robust and indistinguishable
(Figure 7m), the agreement between the time series of Member 1 Ty and satellite CMS may suggest that the Tq parameterized
WW%M/W%W

W%M@MMW&MWM@%W
amount-over-the Filchner-RonneJee-Shel-byPPDb;-and-20122010 to 2020/2643-for-an—underestimation-of-melt-amount-in
WitkesLand-tand-2021) than the optimal Ty that parameterized by the full 38-year period. However, the data sample that used
to parameterize the Member 1 Ty is only 2/3 the full data length which parameterized the optimal T, giving us less confidence
on the reliability of the Member 1 Tys for the full 38-year period.
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4.2.3 Sensitivity experiments and implementation to the future predictions
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Figure 8. (a) and (b) spatial maps for the difference between the T parameterized in the HIGH/ LOW experiment and the CONTROL
optimal) Ty. (¢) and (d) spatial maps for the difference between the DDF parameterized in the HIGH/ LOW experiment and the CONTROL

optimal) DDF. (e) and (g) cumulative CMS/ annual melt amount for the satellite estimates/ RACMO2.3p2 simulations and PDD outputs.
Note that the period for (e) is from 1979/1980 to 2020/2021 (with 1986/1987 to 1988/1989 and 1991/1992 omitted). The period for is

from 1979/1980 to 2019/2020. The upper and lower boundaries of the semi-transparent shaded areas indicates the HIGH/ LOW satellite
estimates and the HIGH/ LOW PDD outputs. The percentage difference annotated in the left-bottom corner is calculated between the HIGH/
LOW and the CONTROL for each variable (by "variable”, we mean satellite melt occurrence data/ PDD melt occurrence and amount data/
RACMO2.3p2 melt amount data), respectively. (f) and (h) scatter plots and the Spearman’s p (with its statistical significance) for PDD
outputs and satellite/ RACMO2.3p2, from each sensitivity experiment (HIGH, LOW and CONTROL).

Figure 8 shows the result from our sensitivity experiments. We see changes in the PDD parameters associated with the
increase (HIGH run, +10% magnitude of the satellite / under—estimations-on-mel-days-and-amountfor-cachteeshelf region

A acid dicresardine—10R
W ca a oard S O

} shelves 0 < s-disreg o RACMO?2.3p2 data) and decrease
OW run, -10% magnitude of the satellite / +983-and1995RACMO?2.3p2 data) on the satellite estimates and RACMO2.3p2
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with the increase/ decrease of the satellite estimates is expected, because a decrease of the threshold temperature is expected to
allow more temperatures above the threshold to produce more melt days, and -
Mmﬁﬂ%ﬁm%ﬂ%%\m/ 8

the RACMO2.3p2 simulations leads to an increase/ decrease on the DDFs, which is also expected because the Ty is predefined
for the DDF parameterization, thus the sum of the degrees above the Ty becomes an invariant. Therefore, as a scaling number.
the DDF is expected to increase to amplify the sum of the degrees above the T to match the increase of the RACMO2.3p2

melt amount simulations, and vice versa.

Figure 8¢ shows that the PDD model is less sensitive than the satellite estimates on the low melt scenario, where the

PDD estimates only decrease 9.78% for the integrated 38-year CMS when the satellite estimates decrease 10%. Although
the PDD model is more sensitive than the satellite estimates on the high melt scenario, where we see that PDD increases
10.84% on the 38-year integrated CMS with the 10% increase of the satellite estimates, this increase in PDD estimates is linear
M%mmmmmﬂgm Smmmm

on the DDF, we see that the PDD model is less

extensive-melt regions-indicated by satellite-in both the HIGH and LOW melt scenarios. Taken together, the sensitivity of
the PDD model is linear (the correlations do not change much across different sensitivity experiments, Figure 8f and h) and
with the same order of magnitude to both the satellite estimates and RACMO2.3p2 tand-)-—Fhe-disagreement-of simulations,
suggesting that the PDD is also applicable to future climate change scenarios where surface melting is predicted to increase
Ww%the PDD model for-this-extensive-melt-event-is-most-likely-explained-by-the-absence-of-any

estimates and RACMO2.3p2 simulations,

which indicates that our PDD model can reduce the bias that the satellite and RACMO2.3p2 have on the melt products, even
though their biases are unclear (Picard et al., 2007; Mottram et al., 2021).

4.3 Limitations of the PDD model

The PDD model has the notable advantage of high computational efficiency due to its one-dimensional nature and being solely

forced by 2-m air temperature. However, in reality the 2-m air temperature is not the sole driver of Antarctic surface melting
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(Figure B1). A primary limitation of the PDD model is systematically introduced by the temperature-dependency, making it
difficult to accurately estimate surface melt strengthened/ weakened or triggered by other components of the surface energy
budget that may accompany katabatic winds (Lenaerts et al., 2017) and climatic phenomena such as the SAM (e.g. Tedesco and
Monaghan, 2009; Johnson et al., 2022), El Nifio Southern Oscillation (Tedesco and Monaghan, 2009; Scott et al., 2019), f6hn
winds (e.g. Turton et al., 2020), atmospheric rivers (Wille et al., 2019), sea ice concentrations (Scott et al., 2019), or proximity
to dark surfaces such as bare rock (Kingslake et al., 2017). Although we combine observations and model simulations to
robustly establish our PDD parameterization and consider the spatial variability of model parameters, the PDD model cannot
fully replicate a few of the extensive melt events presented-captured by satellites and RACMO2.3p2 (Figure 5a and Figure 6a).

Besides, the model simply multiplies a scaling number (DDF) by the summation of temperature above a certain threshold
(Tp). It lacks the ability to simulate or account for other physical mechanisms such as the meltwater ponding, percolation

through the snowpack, refreezing, and so on. As the model is parameterized and calibrated by satellite- and SEB-derived

estimates, which-alse-inclade-a—variety-of-assumptions;—and-it is also limited by the various assumptions and shortcomings
inherent in those methods. Although we perform a number of cross-validation and sensitivity experiments, due to the scarcity

of surface melt data from in situ measurements (Gossart et al., 2019), our PDD output has yet to be confirmed by other datasets.

5 Conclusions

We have constructed a PDD model based on the temperature-melt relationship (e.g. Hock, 2005; Trusel et al., 2015), and
used it to estimate surface melt in Antarctica ia-through the past four decades. We parameterized the PDD model by running
numerical experiments on each individual computing cell to iterate over various combinations of the threshold temperature and
the DDF (Section 3.2). We individually selected an optimal parameter combination by locating the minimal RMSE between
the PDD and satellite ebservationsestimates, and SEB simulations, for each computing cell. We independently performed two-
sample KS tests 1 i -on each computing cell in order to guantify-the-pereentage-of-cells-thathave statistically

assess the goodness-of-fit for the parameterized PDD model. We
also temporally and spatially compared the PDD estimations, satellite observations-estimates and RACMO2.3p2 simulations

+we-to evaluate the parameterized PDD model. We found that the PDD model has the ability to capture the main spatial and
temporal features for a majority of cells in Antarctica under a range of melt regimes (Section 4.2)-1).

As the parameters were parameterized spatially, the PDD is overall in a good agreement with the spatial patterns shown by

ature-te orrelation Wetound-that-our-optimized patramete

were-temporatty stable —at-deast for 37-of 41-years-in-the-epochin the ice shelves of the western Antarctic Peninsula and an
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695 overestimation of melt days on Shackleton Ice Shelf and of melt amount on Amery Ice Shelf. The most inadequate estima-
tion was in 1982/1983, during which we found a-significant{residua hree—standard-deviation PDD-underestimation—of

frta a-ana-weSstern fta e sta

arge PDD underestimation on both the melt days and amount. We suggest this
underestimation eerresponded-corresponds to SAM-influenced climatic conditions, and that the PDD lacks the ability to accu-

700 rately capture melt if it arises from effects such as féhn winds or atmospheric rivers that are not presentin-thereflected in the

input ERAS 2-m temperature fields used to force the calculations (e.g. Turton et al., 2020; Wille et al., 2019). Other-overfunder-

nd-ove a chelve n—Pronnine A d nd—ke MA

705 Fhese-fimitations-asideThese limitations aside, we found overall high fidelity of PDD model, suggested by the 3-fold
cross-validation. Although the PDD parameters vary on the cell-level through the different time window chosen for parameterization,
the probability distribution for all computing cells changes negligibly and the overall performance of the PDD model when
considering all computing cells is consistent. From the sensitivity experiments, we found thatthe PPB-the changes of the PDD
estimates are comparable to the changes in training data (satellite and RACMO2.3p2 data). The correlations between the PDD

710 estimates and training data exhibit stability regardless of the changes in the training data.
The PDD model can not only relatively accurately estimate surface melt in Antarctica compared with the satellite ebservations

estimates and more sophisticated SEB model, but it is also highly computationally efficient. These advantages may allow us
to use the PDD model to explore Antarctic surface melt in a longer-term context into the future and over periods of the ge-
ological past when neither satellite observations nor SEB components are available. This efficiency also allows our model to

715 be employed at a far higher spatial resolution than regional climate models. However, due to the systematical limitations of
the PDD model and the scarcity of Antarctic surface melt data available (Gossart et al., 2019), more work is needed, such as

model evaluation ;-exploration-of-the-temporal-variability-of PDD-parameters;-by independent melt data and discussions of
approximations to the physical processes (e.g. refreezing) taking place after surface melting. Nevertheless, PDD models have
been used in many numerical ice sheet models for the empirical approximation of surface mass balance computations, due to
720 their unique advantages in terms of their simple temperature-dependency and computational efficiency. We propose that our
spatially-parameterized implementation extends the utility of the PDD approach and, when parameterized appropriately, can

provide a valuable tool for exploring surface melt in Antarctica in the past, present and future.
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Data availability. The ERAS reanalysis data are available from https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5 (last ac-
cess: 02 August 2022). The Zwally Antarctic drainage basin (Zwally et al., 2012) data are available from http://imbie.org/imbie-3/drainage-
basins/. The satellite SMMR and SSM/I, AMSR-E and AMSR-2 products are available from https://doi.org/10.18709/perscido.2022.09.ds376
(Picard, 2022). The RACMO2.3p2 data are available from https://doi.org/10.5194/tc-12-1479-2018 (Van Wessem et al., 2018). The annually
PDD model data (this study) is available in this study. Higher temporal resolution (monthly, daily and hourly) PDD model data (this study)

is available by contacting yaowen.zheng @ vuw.ac.nz.

Appendix A: Satellite data

The number of melt days and the area of surface melt can be detected using the microwave brightness temperature data
since 1979 (e.g. Torinesi et al., 2003; Picard and Fily, 2006). The theoretical basis of this approach is that changes between
dry and wet snow can be distinguished by the upwelling microwave brightness temperature change (Chang and Gloersen,
1975). When dry snow is melting, the meltwater at the surface significantly changes the dielectric properties of the surface by
increasing absorption and increasing microwave emission (Chang and Gloersen, 1975; Zwally and Fiegles, 1994). By applying
an empirical threshold with an appropriate surface melt detecting algorithm (Torinesi et al., 2003), the number of melt days and
the spatial extent of surface melt can be detected (e.g. Torinesi et al., 2003; Picard and Fily, 2006). This satellite observational
approach has been developed and used for Antarctic surface melt investigations (e.g. Picard and Fily, 2006; Johnson et al.,
2022), showing it as a valuable and powerful tool that can be used to study and understand the surface melt frequency in
Antarctica on both continental and regional scales (Johnson et al., 2022). However, this approach does not allow melt volume

to be retrieved.
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Figure A1. Daily percentage of missing data for satellite observationsestimates. Satellite SMMR and SSM/I covers the period from 1979-04-
01 to 2021-03-31. Satellite AMSR-E covers the period from 2002-04-01 to 2011-03-31. Satellite AMSR-2 covers the period from 2012-04-01
to 2021-12-31.
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Figure A2. (a) mask of the satellite SMMR and SSM/I observational area. (b) mask of the satellite AMSR (AMSR-E and AMSR-2) obser-

vational area. Both masks are bilinearly remapped to the 3030 km? polar stereographic grid.
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Appendix B: Signifieanee-testing-and-medel-simplificationTemperature-melt relationshi
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Figure B1. Correlation map between the mean DJF ERAS 2-m air temperature and the RACMO2.3p2 annual surface melt amount for the

eriod from 1979/1980 to 2019/2020. It is calculated by the Spearman’s rank correlation coefficient on each cell. Black dots mark the cells

where the correlations are statistically significant (p < 0.05). Grey cells are either outside our research area (as shown in Figure 1) or have

not melted ever during the period.

The positive relationship between 2-m air temperature and surface melt on Antarctic ice shelves (Trusel et al., 2015) allows
us to use temperature to empirically estimate Antarctic surface melt via the PDD modelwith—rounded-optimal-Ty—and-the
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790

795
800
805
or nearby basins (17, 18 and 19), have statistically significant (p < 0.05) istributi i
810 and-two-sample¥ est-maxtmum-are-approxtmately-equa T re-a-h he sest-disagreement

testmaximum-ta-fpositive correlations. Although the interior basins 19, a-g;-a-i-and-a-)20 and 21 show negative correlations
without statistical significance (p > 0.03), the annual melt there is negligible compared to the ice shelves and coastal areas.

815 Qverall, the correlation map shows a result consistent with Trusel et al. (2015): Antarctic ice-shelf near-surface temperature
and surface melt are positively correlated, which allows us to empirically construct a temperature-index model to explore
surface melt in Antarctica and especially Antarctic ice shelves.
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820 Appendix C: Spatial-and-temporal-variabilityERAS DJF 2-m temperature trend

ERA5 DJF 2-m temperature

Figure C1. Trend of the mean DJF ERAS 2-m temperature on each computing cell during the period 1979/1980-2019/2020. Black dots

mark the trends that are statistically significant (p < 0.05).

825
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Appendix D: 3-fold CV Ty Member 1
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Figure D1. Residuals-between-the PDD-medet-estimation—(a) and RAEMO23p2-for-annual-melt-amount-(mm-w-e:b) in-the-pertod-from

ontar—ao c ariKs aHars at—o Y O Oftta Ha ne—meah

larger-than1+-96-standard-deviationFigure 7(m) and (s). Red-vertieal-ine-marks-(c) time series of the year-where-CMS for satellite estimates,
CONTROL and Member 1 during the residual-istarger-than-three-standard-deviationtesting fold period.
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