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Abstract

Surface melt and runoff are responsible for much of the Greenland Ice Sheet&rsquo;s mass loss
over the last few decades. However, complex hydrological processes such as refreezing, percolation,
and lateral flow make it challenging to accurately simulate meltwater runoff with physically-based
models. In this study, we present a new approach for predicting daily meltwater runoff on the
Greenland Ice Sheet using the principles of transfer learning. We first develop deep learning models
to emulate the regional climate model Mod&egrave;le Atmosph&eacute;rique R&eacute;gional
(MAR). We then fine-tune these emulators with in-situ observations of meltwater runoff from three
catchments on the Greenland Ice Sheet. We find that the inclusion of observational data during
the fine-tuning stage yields a 10&ndash;59% reduction in meltwater runoff error rate relative to
emulators that are only trained using climate model data. Across all three catchments, the average
error rate of the MAR emulators was &plusmn;19%, while the average error rate of the TL models
was &plusmn;12%. We also find that models developed using transfer learning can generalize to
unseen catchments, provided that they are trained using in-situ observations from the same region.
Finally, we find that the transfer learning models can generalize to unseen years and fill gaps in
proglacial discharge measurements, although this works best when they are trained on many (i.e.
&gt;2) years of observational data. Overall, our study demonstrates the advantages of conducting
transfer learning by fine-tuning deep learning emulators with in-situ observations to yield more
accurate predictions of Greenland Ice Sheet meltwater runoff.
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Key Points:

● We develop a transfer learning approach that fine-tunes deep learning emulators for 
more accurate prediction of ice sheet meltwater runoff

● We find that, relative to emulators, transfer learning effectively reduces error rate in 

total annual meltwater runoff simulation

● We evaluate the ability of our approach to generalize spatially and temporally to fill data
gaps in meltwater runoff observations
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Abstract

Surface melt and runoff are responsible for much of the Greenland Ice Sheet’s mass loss over 
the last few decades. However, complex hydrological processes such as refreezing, percolation, 
and lateral flow make it challenging to accurately simulate meltwater runoff with physically-
based models. In this study, we present a new approach for predicting daily meltwater runoff 
on the Greenland Ice Sheet using the principles of transfer learning. We first develop deep 
learning models to emulate the regional climate model Modèle Atmosphérique Régional (MAR).
We then fine-tune these emulators with in-situ observations of meltwater runoff from three 
catchments on the Greenland Ice Sheet. We find that the inclusion of observational data during 
the fine-tuning stage yields a 10–59% reduction in meltwater runoff error rate relative to 
emulators that are only trained using climate model data.  Across all three catchments, the 
average error rate of the MAR emulators was ±19%, while the average error rate of the TL 
models was ±12%. We also find that models developed using transfer learning can generalize to
unseen catchments, provided that they are trained using in-situ observations from the same 
region. Finally, we find that the transfer learning models can generalize to unseen years and fill 
gaps in proglacial discharge measurements, although this works best when they are trained on 
many (i.e. >2) years of observational data. Overall, our study demonstrates the advantages of 
conducting transfer learning by fine-tuning deep learning emulators with in-situ observations to
yield more accurate predictions of Greenland Ice Sheet meltwater runoff.

Plain Language Summary

Meltwater runoff from the Greenland Ice Sheet has increased since the 1990s, contributing to 
rising sea levels. Currently most projections of meltwater runoff are determined using 
physically-based regional climate models. However, these models have been found to be biased
in their predictions of meltwater runoff. In this study, we develop an alternative approach for 
predicting Greenland Ice Sheet meltwater runoff using the principles of transfer learning 
models. These models first learn general relationships between atmospheric and surface 
variables and meltwater runoff as predicted by a regional climate model. Then, we mitigate 
biases in these models by allowing them to additionally learn from direct measurements of 
meltwater runoff. Our transfer learning models yield more accurate predictions of meltwater 
runoff, as compared to models that only learn from regional climate models. Our transfer 
learning models can additionally predict meltwater runoff in unseen areas of the ice sheet and 
unseen years, and can fill gaps in records of meltwater runoff measurements. Our study 
therefore shows that transfer learning models may improve climate model predictions of 
meltwater runoff, allowing us to better Greenland Ice Sheet contributions to global sea level 
rise.

1 Introduction

Greenland Ice Sheet mass balance has become increasingly negative over the last few decades, 
contributing roughly 0.66 mm, annually, to global sea-level rise between 2002–2017 (Otosaka 
et al., 2023). A large component of this mass loss is attributed to meltwater runoff which was 
21% higher between 2011–2020 than the long-term (1980–2010) mean (Slater et al., 2021) in 
response to warmer air temperatures (Noël et al., 2021), melt-albedo feedbacks (Ryan, 2024), 
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and reductions in firn pore space (Machguth et al., 2016). Enhanced meltwater runoff not only 
contributes to sea-level rise, but also to the weakening of the Atlantic Meridional Overturning 
Circulation (AMOC) (Rahmstorf et al., 2015; Swingedouw et al., 2022). Accurate projections of 
meltwater runoff are therefore crucial for quantifying the contribution of the Greenland Ice 
Sheet to global sea-level rise, determining the response of ice sheet surface mass balance to 
climate change, and investigating ocean circulation patterns that influence the Earth’s climate 
system.

Current approaches to determine meltwater runoff from the Greenland Ice Sheet rely heavily 
on physically-based regional climate models (RCMs). Polar RCMs including RACMO, HIRHAM, 
and MAR (Christensen et al., 2007; Timmermans et al., 2026), as well as global reanalyses such 
as MERRA-2 (Lim et al., 2016) are widely used to study ice sheet-atmosphere interactions and 
Greenland Ice Sheet processes. Surface melt and runoff outputs from these RCMs have been 
employed for investigating supraglacial flow routing (Gleason et al., 2021; Hill & Dow, 2023; 
Yang et al., 2020), characterizing subglacial hydrological systems (Karlsson et al., 2021; Mankoff 
& Tulaczyk, 2017; Yang et al., 2020; Young et al., 2022), and modeling submarine melt at 
tidewater glacier calving fronts (Cook et al., 2022; Slater & Straneo, 2022; Xu et al., 2012). 
However, despite their wide usage, accurately simulating meltwater runoff with physically-
based models is challenging due to complex processes including retention, refreezing, and 
percolation. Incomplete parameterization of these processes may cause biases in RCM 
predictions of meltwater runoff (Cooper et al., 2025). Evidence for model uncertainties can be 
found in intercomparison studies which demonstrate that estimates of meltwater runoff from 
RACMO, HIRHAM, and MAR range from 302 to 491 Gt yr-1 for the 1980–2012 period (Fettweis 
et al., 2020) and by 964 to 1735 Gt yr-1 by 2100 (Glaude et al., 2024). Likewise, in-situ 
observations of meltwater runoff measured at a catchment in the southwestern ablation zone 
during July 2015 and 2016 show that RCM runoff ranges from 7% lower to 58% higher than 
measured (Cooper et al., 2025; Smith et al., 2017). Finally, remote sensing observations of 
supraglacial lake filling rates have demonstrated that RCMs overestimate runoff by +106 to 
+123% in the same region (Yang et al., 2019). These issues motivate the exploration of 
alternative approaches for predicting Greenland Ice Sheet meltwater runoff.

One alternative strategy for predicting meltwater runoff is machine learning, in which 
algorithms learn relationships between inputs (e.g. climate) and outputs (e.g. meltwater runoff)
without requiring explicit physical parameterization. The advantage of this approach is that it 
allows complex processes (e.g. refreezing, retention etc.) to be captured implicitly from in-situ 
data alone (Rosier et al., 2023). Another advantage of machine learning models is their 
relatively low computational costs. While RCMs are computationally expensive and require 
extensive spin-up times, machine learning models have faster training speeds, enabling 
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uncertainties to be explored in greater detail. Machine learning may therefore offer a viable 
and efficient alternative to process-based models for simulating meltwater runoff. 

Recent studies have applied machine learning to emulate surface melt across the Greenland Ice
Sheet (Schlager et al., 2026; Tedesco et al., 2026). Schlager et al. (2026), for example, trained 
neural network models using atmospheric (e.g. downward shortwave radiation) and surface 
(e.g. albedo) variables from HIRHAM5 to predict HIRHAM5 surface melt, while Tedesco et al. 
(2026) trained an XGBoost model using similar variables from MAR to predict MAR surface 
melt. Both studies developed RCM “emulators” capable of accurate and computationally 
efficient surface melt prediction. However, since emulators are trained exclusively on RCM 
outputs, their accuracy is inherently limited by the RCM uncertainties from which they were 
trained. Emulators alone are therefore insufficient for reducing uncertainty in meltwater runoff 
projections from the Greenland Ice Sheet.

Reducing the dependence on biased training data requires more advanced machine learning 
strategies. One such approach, termed transfer learning (TL) (Bozinovski & Fulgosi, 1976), uses 
a two-phase process to train models. In the first phase, a model is pre-trained on data from one
source task, and in the second phase it is fine-tuned with data from a target task (Han et al., 
2021). TL is especially useful when there exists a dense dataset for the pre-training stage, but a 
sparse dataset for the fine-tuning stage (Hosna et al., 2022). This approach may be especially 
relevant for predicting meltwater runoff since a model could be pre-trained with large amounts 
of RCM outputs and fine-tuned with sparse in-situ measurements of meltwater runoff which 
are more accurate. In this case, the source task is learning the general relationships between 
RCM outputs of atmospheric variables and meltwater runoff, and the target task is predicting 
actual observations of meltwater runoff. Conducting TL with in-situ observations may therefore 
provide a viable strategy for reducing systematic biases in machine learning models that 
currently rely heavily on RCMs (Eyring et al., 2024). However, despite the promises of transfer 
learning, it has yet to be applied for predicting meltwater runoff from the Greenland Ice Sheet.

In this study we investigate the ability of TL to accurately predict daily meltwater runoff from 
the Greenland Ice Sheet at the catchment scale. To do this, we pre-train a deep neural network 
on daily atmospheric outputs from the polar RCM Modèle Atmosphérique Régional (MAR) 
version 3.14. Next, we conduct TL by fine-tuning the deep neural network with direct 
observations of meltwater runoff from the southwest (Rio Behar Internally Drained Catchment 
and Akuliarusiarsuup Kuua River) and northwest (Minturn River) Greenland. We then evaluate 
the potential of our approach in three ways. First, we assess the ability of our TL models to 
generalize across the Greenland Ice Sheet by training with in-situ data from one catchment and 
predicting meltwater runoff at two unseen catchments. Second, we assess the ability of our TL 
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models to generalize temporally by withholding years of training data and predicting those 
withheld years. Third, we assess the ability of our TL models to fill gaps in daily resolution 
meltwater runoff data. Overall, our study advances the use of deep TL for predicting Greenland 
Ice Sheet meltwater runoff, presenting opportunities to investigate sources of bias in physically-
based models and predicting meltwater runoff from other ungauged catchments.

2 Data and Methods

We carried out our TL approach in two separate phases (Figure 1). We first developed deep 
learning models to emulate MAR version 3.14 (hereafter referred to as “MAR emulators”) for 
three catchments on the Greenland Ice Sheet: Rio Behar, Akuliarusiarsuup Kuua (AK4), and 
Minturn). We then fine-tuned our MAR emulators with in-situ observations of meltwater runoff
from rivers that drain the three catchments (hereafter referred to as “TL models”). In the 
subsequent analysis, we investigate the spatial and temporal generalizability of these TL models
for predicting meltwater runoff at a catchment-scale.

Figure 1. Conceptual overview of modeling approach employed in this study. Dashed boxes 
indicate intermediate products. Previous studies have carried out RCM emulation (Phase 1). 
Our study advances these studies by applying transfer learning (Phase 2) to improve the 
accuracy of meltwater runoff predictions.

2.1 Data sources

2.1.1 MAR data

To pre-train our MAR emulators, we used daily outputs from MAR version 3.14 (hereafter 
referred to as MAR) for the years 2000–2024 at a 10 km spatial resolution. MAR was forced 
with European Centre for Medium-Range Weather Forecasts Reanalysis v5 (ERA5) global 
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reanalysis and is fully coupled with the Soil Ice Snow Vegetation Atmosphere Transfer (SISVAT) 
model (Fettweis et al., 2017; Hersbach et al., 2020; Ridder & Gallée, 1998) allowing to explicitly 
simulate meltwater production, retention and percolation. Runoff occurs when there is bare ice
at the surface or when the snowpack is liquid water saturated. However, lake/river hydrology is
not taken into account and the spatial resolution used here (10 x 10 km²) disallows to resolve 
small ice caps or glaciers tongues.  MAR has been extensively used to provide meltwater runoff 
present day hindcast and future projections over the Greenland Ice Sheet (e.g. Fettweis et al., 
2017, 2020; Lefebre et al., 2005; Rae et al., 2012).

2.1.2 In-situ meltwater runoff

We used daily discharge data from three supraglacial rivers to develop our transfer learning 
approach: Rio Behar, AK4, and Minturn (Figure 2). We selected these records because their 
catchments are 1) largely glaciated (75–90%) and 2) have been accurately delineated by 
previous studies (Esenther et al., 2026; Rennermalm et al., 2012, 2017; Smith et al., 2017, 
2021). Other rivers in Greenland have been gauged (Bahbah et al., 2025; Kondo, 2020; 
Tedstone, 2017) but were deemed inappropriate for this particular study either because their 
catchments are less  glaciated (i.e. <25%) or because of large catchment uncertainty (e.g. 
Watson River) (Mankoff et al., 2020). In-situ meltwater runoff was measured at Rio Behar 
catchment (67.04°, −49.02°) from July 20–23, 2015 and July 5–13, 2016 by an Acoustic Doppler 
Current Profiler (ADCP) suspended across a supraglacial river immediately upstream of the 
catchment’s terminal moulin (Smith et al., 2017, 2021). Its 65 km2 catchment (65 km2 and 100% 
glaciated) was delineated from high-resolution images and digital elevation models of the ice 
surface from DigitalGlobe WorldView-1 and WorldView-2 satellites (Smith et al., 2017). At the 
AK4 catchment, in-situ measurements of proglacial river stage were collected by a Solinist 
Levelogger at station AK-004-001 (67.15°, −50.11°) along the Akuliarusiarsuup Kuua River’s 
northern tributary from June 2008–December 2016 (Rennermalm et al., 2012, 2017). These 
stage measurements were converted to discharge with a rating curve that was constructed 
from 36 observations of in-situ discharge observations that were collected between 2008–2012
(Rennermalm et al., 2012, 2017). The AK4 catchment (34 km2 and 90% glaciated) was 
delineated by a previous study using a DEM (Mankoff, 2025). In-situ proglacial river stage 
measurements were collected for the Minturn catchment (78.59°, −68.99°) by a Sutron 
Constant Flow bubbler from July 2019–December 2022 (Esenther et al., 2023). The Minturn 
(3,721 km2 and 75% glaciated) catchment boundaries were delineated from ArcticDEM
(Goldstein et al., 2023) with small corrections along surface river networks made using 
RiverNet/SegConnector algorithm maps of supraglacial stream networks derived from 
WorldView satellite images (Esenther et al., 2026). 
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Figure 2. a) Locations of RB, AK4, and Minturn study catchments on the Greenland Ice Sheet. b) 
Zoomed inset showing Minturn catchment. c) Zoomed inset showing Rio Behar catchment. d) 
Zoomed inset showing AK4 catchment. Red lines represent catchment delineations (Esenther et
al., 2026; Goldstein et al., 2023; Smith et al., 2017), blue lines represent proglacial streams
(Mankoff, 2025), white background represents ice sheet (Citterio & Ahlstrøm, 2025), beige 
background represents land (Gerrish, 2020), and orange diamonds represent locations of the 
in-situ gauges (Esenther et al., 2023; Rennermalm et al., 2017; Smith et al., 2017, 2021).

2.2 Methods

2.2.1 Pre-Processing

To derive modeled climate data and meltwater runoff for each catchment, we intersected 
gridded 10 km daily MAR outputs with our delineated catchment polygons. Since catchment 
polygons often contain grid cells that are only 1) partially glaciated and 2) partially intersect 
MAR grid cells, we weighted the climate and meltwater runoff data before computing 
catchment means (Fig. S1). To do this, we first computed the ice sheet fraction of each MAR 
grid cell using the MAR ice sheet mask, which represents ice sheet area as percentage of total 
grid cell area (Fig. S2). Next, we computed the fractional coverage of MAR grid cells intersecting
each catchment. We multiplied these two weights to produce the effective glaciated fraction of 
each MAR grid cell within each catchment. We then computed weighted-area catchment 
means of climate variables for the 2000–2024 period at a daily resolution. 
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2.2.2 Model architecture of catchment-scale MAR emulators

We selected a multilayer perceptron (MLP) (Rosenblatt, 1962) as the underlying model 
architecture for our MAR emulators and TL models. MLPs are feedforward deep neural 
networks consisting of an input layer, multiple hidden layers, and an output layer, in which each
layer contains a set of neurons (Martinez-Ramon et al., 2024; Rosenblatt, 1962). Our MLPs 
consist of 4 dense hidden layers, each containing 64 nodes that are activated by Rectified Linear
Unit (ReLU) functions. In between each Dense hidden layer is a dropout layer with a dropout 
rate of 0.2. Training was performed using the “Adam” algorithm (Kingma & Ba, 2017) with a 
learning rate of 0.001 for 1,000 epochs with a batch size of 32. We implemented early stopping 
with a patience of 20 epochs, which stops training before 1,000 epochs if the MLP’s loss stops 
improving and remains unimproved for 20 epochs. We used Mean Squared Error (MSE) as the 
MLP’s loss function. All MLPs were developed using TensorFlow 2.21.0 and Keras 3.13.2 and 
trained on an iMac with an Apple M4 chip and 32 GB RAM using 25 years (2000–2024) of 
catchment area-weighted mean MAR outputs (n=9132). A separate MAR emulator and TL 
model were developed for each catchment.

2.2.3 Systematic feature selection

We selected features for training our MAR emulators and TL models using a systematic feature 
selection approach (Bolón-Canedo & Alonso-Betanzos, 2019). To do this, we initially examined 
the explained variance (R2) between MAR meltwater runoff and atmospheric and surface 
outputs that previous studies have identified as important predictors (Schlager et al., 2026; 
Tedesco et al., 2026) (Fig. S3). We then performed systematic feature selection on different 
predictor sets, i.e., different combinations of MAR atmospheric outputs, containing MAR 
atmospheric outputs with the highest R2 values (see Table 1). For each predictor set, we 
produced an ensemble of 100 MLPs trained with MAR outputs for the years 2000–2024. For 
each ensemble, we calculated the ensemble Bayesian Information Criterion (BIC) which is a 
measure of model performance that accounts for model complexity by penalizing models based
on the number of parameters (Schwarz, 1978). We defined the final predictor set as the model 
with the lowest BIC, allowing us to choose predictor sets that balance both model error and 
complexity (Neath & Cavanaugh, 2012). 

2.2.4 Analysis of transfer learning models

We evaluated the ability of our TL models to generalize runoff predictions in three separate 
ways: 1) spatially (i.e. to unseen catchments), 2) temporally (i.e. to unseen years), and 3) ability 
to perform time-series gap-filling (e.g. caused by stream gauge failure). To evaluate spatial 
generalization, we used a TL model trained on one catchment to predict meltwater runoff in 
another. We then repeated this step for all combinations of catchments for all years. To 
evaluate temporal generalization, we performed Leave-One-Out Cross-Validation (LOOCV)
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(Stone, 1974) for each catchment, withholding each year from fine-tuning and predicting 
meltwater runoff for the held-out year, with an ensemble of 100 predictions made per year. We
evaluated the error rate of the spatial and temporal generalizability experiments using Equation
1:

Error rate=(|
Q¿−situ−Qmodel|

Q¿−situ
)

(1)

where Q is total annual meltwater runoff. We express the result as a percentage where low 
values indicate high accuracy and vice versa. To evaluate gap-filling performance, we randomly 
removed one week of daily runoff (two days for Rio Behar due to low number of in-situ 
observations) during June–August for each year for each catchment. We then predicted the 
missing values using both our TL models and linear interpolation (i.e. a more commonly used 
gap-filling method). We repeated this 1,000 times for each year for each catchment and 
compared methods using the ensemble mean normalized MSE (NMSE), which is MSE divided by
the catchment’s mean meltwater runoff.

3 Results

3.1 Optimal predictors

We find that the most effective predictor set for catchment-scale meltwater runoff is air 
temperature, ice surface temperature, albedo, and shortwave downward radiation (Table 1). 
For three of the three catchments (Rio Behar, AK4, and Minturn) this predictor set has the 
lowest BIC of the six predictor sets tested (Figure 3). This predictor set is therefore used for all 
the MAR emulators in the rest of the study. 

MAR output Predictor set
Air temperature 1
Air temperature & ice surface temperature 2
Air temperature & shortwave downward 3
Air temperature, ice surface temperature & albedo 4
Air temperature & albedo 5
Air temperature, ice surface temperature, shortwave 
downward & albedo
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Table 1. Predictor sets created from different combinations of MAR output variables.

Figure 3. 
Change in ensemble Bayesian Information Criterion (BIC) for different predictor sets for each 
catchment, relative to the air temperature predictor set. Each ensemble contained 100 MLPs 
for each predictor set at each catchment, trained with 25 years of MAR outputs and predicting 
a random year. Variables in each predictor set can be found in Table 1.

3.2 Performance of MAR emulators relative to MAR

We find that our MAR emulators are able to accurately reproduce MAR meltwater runoff. The 
coefficients of determination (R2) between MAR 2000–2024 daily meltwater runoff and MAR 
emulator-predicted 2000–2024 daily meltwater runoff range from 0.90 at the Minturn 
catchment to 0.96 at the AK4 catchment (Figure 4). The Root Mean Square Error (RMSE) 
between MAR daily meltwater runoff and MAR emulator-predicted daily meltwater runoff 
ranges from ±0.81 mmWE at the Minturn catchment to ±3.12 mmWE at the AK4 catchment 
(Figure 4). Additionally, the relationship between MAR daily meltwater runoff and MAR 
emulator-predicted daily meltwater runoff is statistically significant with p  < 0.001 at all three 
catchments (Figure 4). These high R2 values, low RMSE values, and statistically significant p-
values demonstrate that our MAR emulators successfully learned the relationships between 
MAR outputs and MAR meltwater runoff. These values are also similar to two previous studies 
who found that machine learning models are able to simulate surface melt with high accuracy
(Schlager et al., 2026; Tedesco et al., 2026).
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Figure 4. Comparison of daily meltwater runoff between MAR and our MAR emulators for the 
three study catchments (2000-2024).

3.3 Performance of TL models relative to MAR emulators

Relative to the MAR emulators, we find that the TL models improve predictions of cumulative 
meltwater runoff but that the magnitude of improvement varies across catchments. Across all 
three catchments, the average error rate of the MAR emulators was ±19%, while the average 
error rate of the TL models was ±12% (Tables S4-S6). Conducting TL therefore yielded a 36.8% 
reduction in error rate relative to the MAR emulators (Figure 5). However, we find that 
improvement in error rate varies substantially between catchments. Conducting TL at the Rio 
Behar catchment decreased average model error rate from ±20% to ±17% for July 20–23, 2015 
and July 5–13, 2016 (Figure 6, Table S4). At the AK4 catchment, conducting TL decreased 
average model error rate from ±27% to ±11% across all years predicted during the 2008–2016 
period (Figure 7, Table S5). At the Minturn catchment conducting TL decreased average model 
error rate from ±10% to ±9% across all years predicted during the 2019–2022 period (Figure 8, 
Table S6). Therefore, overall, we find that our TL approach is able to provide more accurate 
predictions of meltwater runoff than emulation alone. Although we note that the error rate 
improvement varies substantially across catchments (Figure 5). Causes for this variation are 
explored in Section 4. 
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Figure 5. Catchment-scale MAR emulator and TL model error rate for all years predicted. Error 
rate is presented on a log scale to better visualize the effect of TL on error rate as error rate 
ranges multiple orders of magnitude between catchments.
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Figure 6. MAR emulator and TL model predictions of cumulative meltwater runoff compared 
with in-situ measurements at Rio Behar for July 20-23, 2015. Blue and orange lines with shaded 
bounds depict cumulative meltwater runoff predictions from the MAR emulator and TL model, 
respectively. The dashed red line depicts in-situ cumulative meltwater runoff. Shaded regions 
represent the 5–95% predictive interval from 100 Monte Carlo dropout realizations of the MAR 
emulator and TL model, indicating their respective predictive uncertainties.

Figure 7. MAR emulator and TL model predictions of cumulative meltwater runoff compared 
with in-situ measurements at AK4 for 2012. Blue and orange lines with shaded bounds depict 
cumulative meltwater runoff predictions from the MAR emulator and TL model, respectively. 
The dashed red line depicts in-situ cumulative meltwater runoff. Shaded regions represent the 
5–95% predictive interval from 100 Monte Carlo dropout realizations of the MAR emulator and 
TL model, indicating their respective predictive uncertainties.
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Figure 8. MAR emulator and TL model predictions of cumulative meltwater runoff compared 
with in-situ measurements at Minturn for 2020. Blue and orange lines with shaded bounds 
depict cumulative meltwater runoff predictions from the MAR emulator and TL model, 
respectively. The dashed red line depicts in-situ cumulative meltwater runoff. Shaded regions 
represent the 5–95% predictive interval from 100 Monte Carlo dropout realizations of the MAR 
emulator and TL model, indicating their respective predictive uncertainties.

3.4 Ability of TL models to generalize spatially

We find that our TL models have potential for accurately predicting cumulative meltwater 
runoff in unseen catchments, provided that the catchments are situated in similar regions. The 
TL models fine-tuned with in-situ data from catchments in southwest Greenland exhibit some 
generalizability, despite differences in catchment sizes (Figure 9). The Rio Behar TL model yields
a mean error rate of ±33% when predicting AK4, compared to the AK4 TL model’s mean error 
rate of ±10% (Figure 9). Likewise, the AK4 TL model yields a mean error rate of ±26% when 
predicting Rio Behar, compared to the Rio Behar TL model’s mean error rate of ±17%. 
Interestingly, the TL model for the northwestern catchment (Minturn) is able to generalize to 
the southwestern catchments with accuracy similar to that in the region in which they were 
trained (Figure 9). The Minturn TL model predicts Rio Behar and AK4 with error rates of ±78% 
and ±76%, respectively (Figure 9). On the other hand, the TL models trained in southwestern 
catchments have a higher error rate when used to predict the northwestern catchment. The Rio
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Behar TL model yields a mean error rate of ±105% and the AK4 TL model yields a mean error 
rate of ±161% when applied to Minturn (Figure 9). We find that it is possible that the TL models 
fine-tuned with in-situ data from southwestern catchments generalize well to the other 
southwestern catchment because they are in the same region. However, to determine if this is 
also true for northwestern catchments, we would need in-situ data from a catchment in the 
same region as Minturn.

Figure 9. Generalization error of TL models across catchments. Values in each cell represent the
mean error rate across all years at the prediction site.

3.5 Ability of TL models to generalize temporally

We find that our TL models are able to accurately predict meltwater runoff in years of unseen 
data, given that they are fine-tuned with sufficient amounts of in-situ data. The AK4 TL model, 
which was fine-tuned with nine years of in-situ data, predicts unseen melt years with a mean 
error rate of ±17% which is comparable to the AK4 TL model fine-tuned with all years of in-situ 
data (±14%; Figure 10a). This indicates that nine years provides sufficient amount of variation 
for our TL models to generalize across a range of melt conditions, including the 2012 extreme 
melt event (Nghiem et al., 2012) (Figure 7). The Minturn TL model, which is fine-tuned with four
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years of in-situ data, also generalizes well, though the mean error rate for predicting unseen 
melt years (±4%) is lower than that of the Minturn TL model fine-tuned with all years of in-situ 
data (±6%: Figure 10b). On the other hand, we find that the TL model fine-tuned with only two 
years of in-situ data at Rio Behar generalizes less well to unseen data as its mean error rate is 
higher when predicting unseen years than at other catchments. The Rio Behar TL model 
predicts unseen melt years with a mean error rate of ±23%, which is higher than the Rio Behar 
TL model fine-tuned with all years of ±5% (Figure 10c). Our findings therefore indicate that fine-
tuning with a greater range of years increases the ability of our TL models to generalize 
temporally, producing lower and more comparable error rates between models fine-tuned with
all years of in-situ data and those which were not fine-tuned with in-situ data from withheld 
years.

Figure 10. Error rate of MAR emulators pre-trained with in-situ data from all melt seasons 
except the withheld predicted year (blue), TL models fine-tuned with in-situ data from all years 
(orange) and TL models fine-tuned with in-situ data from all years except the withheld 
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predicted year (pink). 100 predictions were made by each model for each year at each 
catchment.

3.6 Filling temporal gaps in runoff time series with TL models

We find that our TL models have potential for gap-filling in-situ river discharge data at some 
catchments. For AK4, the TL model ensemble mean NMSE for filling random data gaps is 2.12 
while the ensemble mean NMSE of linear interpolation is 7.45 (Table 2). Likewise, at Rio Behar, 
the TL model ensemble mean NMSE is 2.30 and the linear interpolation ensemble mean NMSE 
is 3.16 (Table 2). However, at Minturn, we find that linear interpolation is more effective at 
filling random gaps in data than our TL models. We speculate that the high performance of our 
TL model can be attributed to the larger amount of in-situ data for fine-tuning (nine years) 
which is more than double that used to fine-tune the TL models at Minturn, which performed 
worse. Larger amounts of training data, however, cannot explain the high performance of the 
Rio Behar TL model relative to linear interpolation because this model was only fine-tuned with 
13 days of in-situ data. The better performance of the TL model may be because the data gaps 
for this catchment were only two days. Our findings indicate that at least nine melt seasons of 
in-situ data may be needed to fine-tuned TL models to accurately fill gaps in daily meltwater 
runoff since our TL models fine-tuned with less than nine melt seasons of in-situ data were 
unable to outperform linear interpolation.

Catchment Linear interpolation 
ensemble mean NMSE

TL model ensemble 
mean NMSE

Rio Behar 3.16 2.30
AK4 7.45 2.12
Minturn 0.82 0.99

Table 2. Ensemble mean NMSE values for TL models and linear interpolation filling random gaps
in daily meltwater runoff time series. An ensemble of 1,000 random gaps was run for each melt 
year at each catchment. Gaps were week-long for AK4 and Minturn, and 2 days long at Rio 
Behar, due to less data.

4 Discussion

4.1 Improved meltwater runoff prediction using transfer learning

We developed a deep transfer learning approach for predicting meltwater runoff at three 
catchments on the Greenland Ice Sheet. We find that, by fine-tuning RCM emulators using in-
situ measurements of meltwater runoff, we can simulate total annual meltwater runoff with a 
mean error rate of ±15% across three catchments in Southwest and Northwest Greenland. Our 
transfer learning approach, which incorporates training data from both RCMs and in-situ 
measurements, therefore offers a viable approach for accurately simulating meltwater runoff 
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from the Greenland Ice Sheet that advances previous studies which have relied on RCM outputs
alone. We also demonstrate, using several experiments, that our TL models have the potential 
to generalize spatially and are able to generalize temporally. When predicting unseen 
catchments, our TL models fine-tuned with in-situ data from southwestern catchments 
generalized spatially to the other southwestern catchment (Figure 9). With in-situ data from 
more catchments, we could determine if our TL models have the highest accuracy when they 
generalize spatially at the regional scale. Our TL models can generalize temporally to predict 
unseen years of meltwater with lower error rates than those of our MAR emulators (Figure 10). 
Our findings therefore indicate that transfer learning is an effective approach for predicting 
meltwater runoff in nearby ungauged catchments or extending time-series of meltwater runoff 
in catchments that are already gauged.

Our analysis advances the use of machine learning for predicting surface melt and runoff from 
the Greenland Ice Sheet. The RCM emulators developed by our study differ from two other 
recently developed emulators (Schlager et al., 2026; Tedesco et al., 2026) in two primary ways. 
First, our emulators predict meltwater runoff, as opposed to surface melt. We predict runoff 
because it is directly measured by in-situ river gauges that we used to fine-tune our emulators, 
and because runoff directly contributes to global sea level. In some ways, this made our task 
more complex because meltwater runoff not only depends on the amount of energy absorbed 
at the ice sheet surface but also on several other processes such as retention and refreezing, 
which determine how much meltwater flows into supraglacial rivers. Uncertainties in modeled 
meltwater runoff are therefore likely to be higher than modeled surface melt. Having said that, 
our emulators have comparable accuracy (R2 = 0.88–0.96) to the surface melt emulators 
developed by Schlager et al. (2026) and Tedesco et al. (2026). Transfer learning could be 
applied to surface melt emulators, but it would require fine-tuning with a different source of in-
situ measurements such as surface height measurements from ablation stakes or sonic ranging 
sensors mounted on automated weather stations (Chandler et al., 2021; Fausto et al., 2021; 
Hermann et al., 2018). Similar transfer learning methods could then be applied to improve 
emulators of surface melt developed by previous studies. 

The second way our study differs from two previous studies is that we predict at the 
catchment-scale rather than major drainage basins or across elevation bands (Schlager et al., 
2026; Tedesco et al., 2026). Since we fine-tune with in-situ river gauges, our approach is limited 
to the catchment-scale. An advantage of this scale is that our predictions could be directly 
incorporated into existing freshwater flux datasets which quantify Greenland Ice Sheet 
meltwater runoff into the ocean at specific outlets (e.g. Igneczi & Bamber, 2025; Mankoff et al., 
2020). Our approach could therefore be used to investigate how much meltwater runoff is 
flowing into the marine environment and how this is changing in different parts of the ice sheet,

35

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

36



manuscript submitted to Journal of Geophysical Research: Machine Learning and Computation

as well as to extend or fill data gaps in existing streamflow records. The disadvantage is that our
approach cannot be used to predict meltwater runoff over large areas or in a gridded format. 
This makes our meltwater runoff predictions somewhat limited since we cannot investigate 
elevational changes in meltwater runoff or incorporate meltwater runoff predictions in sheet 
models. Further research will be required to develop a transfer learning approach that can 
produce meltwater runoff predictions as a gridded product.

Our findings demonstrate the need for records of meltwater runoff from many catchments 
across the Greenland Ice Sheet. We find that the magnitude of improvement depends on the 
amount of in-situ data. In our evaluation we found that conducting TL with nine years of in-situ 
data yielded greater improvement in model accuracy than conducting TL with in-situ data from 
only two or four years. Leveraging longer records of in-situ data captures wider variation in 
volumes of meltwater runoff and provides more context for TL models to be able to generalize 
temporally and predict meltwater runoff from unseen years. This finding implies that longer in-
situ meltwater runoff records are necessary to properly fine-tune and validate catchment-scale 
TL models. Likewise, we also find that spatially extensive in-situ data are needed to ensure 
cross-catchment generalizability of TL models. To generalize across catchments and predict 
catchment-scale meltwater runoff across the Greenland Ice Sheet, a diverse set of in-situ 
meltwater runoff records are needed from variable catchments to fine-tune TL models.

4.2 Emulating meltwater runoff on the Greenland Ice Sheet

We found that certain catchments were easier to emulate than others. For example, we find 
that our MAR emulator performed better for the Rio Behar and AK4 catchments than for 
Minturn. We speculate that the Rio Behar and AK4 are easier to predict (R2 = 0.91 and 0.96, 
respectively) because their catchments are relatively small (65 km2 and 34 km2, respectively) 
and predominantly consist of glacier ice. Most surface melt is therefore efficiently routed 
through the catchment with lag times much less than a day (e.g. 5.5 hrs for Rio Behar and 5 hrs 
for AK4) (Smith et al., 2017, 2021). Daily meltwater runoff can therefore be accurately predicted
using daily atmospheric variables along with surface albedo and ice surface temperature. We 
speculate that the slightly worse performance of our MAR emulator in Minturn (R2 = 0.90) is 
because this catchment contains substantial amounts of firn and snow. Meltwater generated in 
these catchments may therefore be more likely to infiltrate into pore spaces than in the 
predominantly glacier ice catchments of Rio Behar and AK4 (Harper et al., 2012). Meltwater 
runoff in these catchments may therefore depend not only on instantaneous surface energy 
balance, but also firn storage capacity. To account for this, future studies should consider 
including features that represent antecedent conditions such firn air content in their predictor 
sets. Alternatively, studies could explore the inclusion of lagged variables (e.g. subsurface 
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storage) that account for delays between peak melt and runoff caused by infiltration in firn or 
snow.

We find that the best performing emulators for predicting meltwater runoff are those trained 
with predictor sets containing albedo. In all three study catchments, we found that the 
inclusion of albedo as a predictor greatly increased model accuracy (Fig. 3). This is consistent 
with previous studies which found that inclusion of albedo is critical for RCM emulators to 
predict meltwater production and surface melt (Schlager et al., 2026; Tedesco et al., 2026). 
Since Greenland is generally cold, shortwave energy absorption is a major source of energy to 
the ice sheet surface in the ablation zone, which could explain why albedo is so important for 
surface melting and runoff. Additionally, albedo may encode information about surface 
conditions as glacier ice has a lower capacity to store meltwater than firn and snow, leading to 
higher meltwater runoff in bare-ice catchments (Ryan et al., 2019). We also find that ice surface
temperature is an important variable for predicting meltwater runoff since snow and ice cannot
melt until they reach 0°C. Advantageously, Greenland Ice Sheet albedo and ice surface 
temperature observations are readily available from satellite remote sensing (Fang et al., 2023; 
Hall et al., 2008; Karagali et al., 2022; Ryan et al., 2026; Zhang et al., 2026). As such, future 
studies may be able to predict meltwater runoff with even higher accuracy by incorporating 
satellite observations of albedo and ice surface temperature.

4.3 Applications of TL in hydrology

While our application of TL is novel for the Greenland Ice Sheet, this approach is increasingly 
used in terrestrial hydrology where studies have found that TL models consistently outperform 
deep learning models which were trained solely on sparse data from target basins. In terrestrial
hydrology, a primary goal is to pre-train deep learning models with in-situ hydrological records 
from well-monitored regions, then conduct TL using sparse records to improve streamflow 
predictions in poorly-monitored regions (Echternacht et al., 2025; Ma et al., 2021; Ougahi & 
Rowan, 2026). This is similar to our approach, which pre-trains Greenland Ice Sheet runoff 
models with dense records (MAR meltwater runoff) then fine-tunes them with sparse records 
(in-situ meltwater runoff). However, terrestrial hydrology TL studies have the advantage of 
being able to leverage in-situ datasets during both the pre-training and fine-tuning stages as 
there are hundreds if not thousands of gauged catchments in the continental Europe and USA
(Coxon et al., 2020; Höge et al., 2023; Loritz et al., 2024; Newman et al., 2022). In Greenland, 
few catchments are gauged (Chen et al., 2025; Mankoff et al., 2020), so we pre-trained our TL 
models with RCM outputs to make up for this scarcity of in-situ runoff records. 
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In this study, we developed catchment-scale MAR emulators and transfer learning models that 
we trained and tested with in-situ runoff records from three catchments in southwest and 
northwest Greenland. We also tested the ability of our TL models to generalize spatially and 
temporally and fill data gaps in in-situ records. Our TL models are more accurate than our MAR 
emulators because they remove inherent biases present in the MAR emulators by fine-tuning 
deep learning models with in-situ observations of meltwater runoff. Furthermore, our TL 
models show potential for generalizing spatially to other catchments in the same region as the 
catchment used in the fine-tuning stage. When generalizing temporally to unseen melt seasons,
our TL models exhibit higher accuracy than our MAR emulators. Our TL models also generalize 
temporally with higher accuracy when they are fine-tuned with more years of in-situ meltwater 
runoff data. At catchments where meltwater runoff has been measured in-situ for many years, 
our TL models are better at gap-filling than conventional methods. As such, our TL models have 
implications for predicting meltwater runoff at ungauged catchments, extending temporal 
records of meltwater runoff data in gauged catchments, and filling gaps in meltwater runoff 
data in gauged catchments with missing data.
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