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Abstract The surface energy budget governs Arctic sea-ice growth/melt, yet observations are sparse, and
reanalysis data sets suffer from systematic biases. Here, we train a neural network with observational data to
bias-correct hourly ERAS fluxes over Arctic ice-covered regions (>70°N; sea-ice concentration >80%) for
1994-2024. Training data cover two full seasonal cycles and different sea-ice regimes. The neural network
reduces RMSE for net shortwave radiation by ~40%, downward longwave radiation by ~16% and the total
surface energy budget by ~55%, eliminating the wintertime warm bias of ~4 K in ERAS5. Wintertime surface
cooling is reduced by ~50%, yielding thermodynamic ice-growth estimates of ~80-120 cm, consistent with
SMOS—CryoSat satellite thickness increases and in contrast to the 150-200 cm growth implied by ERAS. Our
bias-corrected data capture the observed clear/cloudy states of the winter boundary layer and can be used to
study Arctic climatology, evaluate climate models and drive sea-ice-ocean models.

Plain Language Summary The Arctic Ocean is warming rapidly, and its shrinking sea-ice cover is
strongly influenced by exchange of heat between the atmosphere and ice surface. Correctly estimating this
energy exchange is crucial for understanding how quickly sea-ice grows in winter and melts in summer.
However, direct surface flux measurements over Arctic sea-ice are sparse, and widely used ERAS reanalysis
data contain persistent errors in surface fluxes and near-surface temperature. We use observations from major
Arctic field campaigns to train a machine-learning model that corrects these errors. The resulting data set SEBai
substantially improves estimates of surface fluxes and 2 m temperature. It reduces errors by 40% for sunlight
absorbed at the surface, and more than half for the total surface energy budget. It removes the 4°C winter warm
bias in ERAS. These improvements point to a reduced wintertime cooling and weaker summertime heating,
suggesting that Arctic sea-ice may be more vulnerable to climate change than ERAS implies. SEBai also
reproduces the observed clear and cloudy winter states that strongly affect thermal infrared radiation but are
poorly represented in ERAS. SEBai provides a more reliable baseline for climate model evaluation, Arctic
climate studies, and driving sea-ice-ocean models.

1. Introduction

The surface energy budget (SEB), or more precisely the surface component of the atmospheric energy budget,
summarizes the exchanges of turbulent (sensible and latent heat) and radiative (shortwave and longwave) fluxes
between the atmosphere and the underlying land, sea-ice or ocean surface (Andrews et al., 2009). From the
surface perspective, these terms are often referred to as the atmosphere-surface flux, while the full SEB addi-
tionally includes subsurface conductive flux. Seasonal imbalances in the SEB control sea-ice melt in summer and
ice growth in winter (Persson et al., 2002). The near-surface temperature, which is the most important indicator of
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global-mean and amplified Arctic climate change (Rantanen et al., 2022), is closely related to the surface fluxes.
Understanding the state of the near-surface atmosphere and the SEB and accurately representing them in models
is thus essential for understanding Arctic climate variability and climate change (Serreze et al., 2007; Taylor et al.,
2022).

Despite its vital role, the SEB in the Arctic remains poorly constrained. Direct in situ observations over sea-ice are
sparse (Jung et al., 2016). They are temporally intermittent and challenged by extreme environmental conditions.
Beyond the Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAIC; Shupe et al., 2022)
and Surface Heat Budget of the Arctic Ocean (SHEBA; Uttal et al., 2002) drift campaigns, each covering a full
seasonal cycle on drifting sea-ice, only shorter timeseries of a few weeks or months are available. Satellite re-
trievals provide broad spatial coverage, but their use is constrained by cloud contamination uncertainties (Li
et al., 2022; Miiller & Pfeifroth, 2022) and difficulties in distinguishing between snow, sea-ice, and open water
surfaces (Istomina et al., 2020; Wernecke et al., 2024).

Consequently, atmospheric reanalysis data has become crucial for studying the Arctic climate and SEB (Jakobson
etal., 2012). While these data sets have full spatial and temporal coverage, they still suffer from the lack of in situ
observations and difficulties in assimilating satellite data, in particular in Arctic winter (Lawrence et al., 2019).
Model biases in the representation of stable boundary layers (Sandu et al., 2013), mixed-phase clouds (Pithan
et al., 2016) and snow on sea-ice (Batrak & Miiller, 2019) add to these difficulties.

Reanalysis data, including the widely used ERAS product from the European Centre for Medium-Range Weather
Forecasts (ECMWF; Hersbach et al., 2020), therefore exhibit substantial and systematic biases in near-surface
temperature, turbulent and radiative fluxes over Arctic sea-ice (Batrak & Miiller, 2019; Di Biagio et al., 2021;
Graham et al., 2019). In particular, ERAS is known to suffer from a near-surface warm bias of several degrees in
cold winter conditions (Batrak & Miiller, 2019) and does not reproduce the observed bimodal distribution of
surface net longwave radiation in Arctic winter (Bertossa et al., 2025).

In recent years, machine learning (ML) has emerged as a powerful tool for improving climate data products. ML-
based bias correction methods have been applied to temperature (Moghim & Bras, 2017; Niazkar et al., 2024;
Zampieri et al., 2023), precipitation (Li et al., 2023; Sun et al., 2022), surface downwelling shortwave radiative
flux (Mallet et al., 2023) and other radiation (Clark et al., 2022) fields. The potential of ML to bias-correct the
Arctic SEB in reanalyses is yet to be explored.

In this study, we bias-correct ERAS surface energy fluxes over the Arctic Ocean using a simple feed-forward
neural network (NN). The NN learns the relationship between the state of the atmosphere as represented in
ERAS and the observed surface fluxes, and uses this relationship to deduce more realistic surface fluxes even in
the absence of observations. We utilize 16 meteorological ERAS variables as input and observations from the
MOSAIC, SHEBA, Arctic Ocean 2018 (AO2018; Viillers et al., 2021), Norwegian young sea ICE (N-ICE2015;
Granskog et al., 2018) and ARTofMELT (Tjernstrdom & Zieger, 2025) expeditions as ground truth during
training. Model robustness is assessed using a leave-one-campaign-out cross-validation framework, in which
each campaign is withheld in turn, with N-ICE2015 additionally used as a primary case for detailed evaluation.

Our NN (a) substantially reduces systematic SEB biases in the reanalysis, (b) eliminates the wintertime near-
surface warm bias, and (c) produces half as much wintertime cooling and weaker summertime heating than
ERAS, resulting in a weaker amplitude of the seasonal cycle of the SEB.

2. Methods
2.1. Observational Data

We use the observational data sets from the MOSAIC, SHEBA, N-ICE2015, AO2018 and ARTofMELT (Figure
S1-S2 in Supporting Information S1) field campaigns. MOSAIC is a year-long (October 2019—October 2020)
drift expedition in the central Arctic Ocean. We apply the final processed data from the central “Met City” 10-m
meteorological and flux tower (Cox et al., 2023b) and radiation station. Measurements from nearby Atmospheric
Surface Flux Stations are used to fill temporal gaps in the Met City data streams. SHEBA is a year-long (October
1997-October 1998) drift experiment in the Beaufort Sea. For this study we use SHEBA composite data
observations (Persson, 2012). AO2018 is a summer expedition, drifting with an ice floe across the Nansen Basin
(31 July-25 September 2018; Viillers et al., 2021). ARTofMELT took place in the Fram Strait (7 May—15 June
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2023; Tjernstrom & Zieger, 2025). N-ICE2015 took place in the first half of 2015 north of Svalbard (80-83°N;
Cohen et al., 2017). These campaigns together provide high-quality measurements across different regions,
seasons/years and ice conditions. All observations are prepared as hourly averages to match the frequency of
reanalysis data (see Text S1 in Supporting Information S1 for further details).

2.2. Reanalysis Data

We utilize the ERAS reanalysis, which is the latest ECMWF reanalysis data set for global weather and climate
(Hersbach et al., 2023). ERAS combines model output with observational data from across the world into a
comprehensive and consistent climatic data set using the weather forecast model IFS. It provides hourly atmo-
spheric variables at 0.25° X 0.25° spatial resolution. In this study, we consider the period 1994-2024 over the
Arctic (north of 70°N). We extract 16 atmospheric and surface variables (Table S2 in Supporting Information S1)
from ERAS, which are relevant to analyze the Arctic SEB. For surface radiation and turbulent fluxes, we follow
the convention of the ECMWEF, which is positive downwards.

2.3. Neural Network Training, Evaluation and Prediction

ERAS reanalysis variables are normalized to the same scale (see Table S2 and Text S2 in Supporting Informa-
tion S1), ensuring reliable and efficient optimization of the NN. We employ a simple feed-forward NN to predict
surface fluxes from 16 ERAS variables. The network consists of five hidden layers of 256 nodes using rectified
linear unit activation functions, followed by a linear output layer (Figure S3 in Supporting Information S1). Each
model contains 267,777 trainable parameters. The output layer is designed to predict a single bias-corrected
variable, and seven separate models are trained, each dedicated to one target variable (see Table S2 and Texts
S2-S3 in Supporting Information S1 for further details).

We assess model robustness using a leave-one-campaign-out cross-validation framework, in which each
campaign is withheld in turn and used for evaluation while training on the remaining campaigns (Text S4 and
Tables S3-S5 in Supporting Information S1). The results show consistent performance across campaigns, with
some variability in the magnitude of improvement depending on the withheld data set. Clear improvements over
ERAS across all cases confirm the model's ability to generalize across different Arctic regimes, seasons, and
observational conditions. In addition, we use data from N-ICE2015, which is not used for training and from a
different year/location, as an independent evaluation (called “testing” in ML). N-ICE2015 spans winter to
summer conditions and therefore provides a comprehensive data set for detailed evaluation of model perfor-
mance. We produce bias-corrected surface fluxes at the ERAS grid scale (SEBai) by passing ERAS variables
through the NN from the period 1994-2024 over the Arctic Ocean (north of 70°N). SEBai is stored for subsequent
analysis. A visual inspection of the bias-corrected data (Figures S4-S6 in Supporting Information S1) exhibits
physically plausible patterns, without any unrealistic gradients introduced by the bias-correction. Although each
surface flux is predicted independently, we assess the physical consistency of the combined outputs by recon-
structing the total SEB from the six SEBai fluxes. The reconstructed total SEB agrees much better with obser-
vations than the total SEB from ERAS (Figure 1; Figure S8 in Supporting Information S1) and does not exhibit
any systematic imbalance.

Model performance is quantified by comparing SEBai with N-ICE2015. To ensure robust evaluation, we exclude
sensible heat flux values exceeding +70 Wm™? prior to analysis (~5% of data), as the N-ICE2015 sensible heat
flux measurements occasionally contained extreme outliers that are likely measurement artifacts. No outliers had
to be removed from the training data set. Improvements are assessed against the raw ERAS fluxes to demonstrate
the added value of the NN correction.

3. Results and Discussion
3.1. Biases in ERAS Surface Fluxes

As a baseline for evaluating the bias correction scheme, we compare hourly ERAS 2 m temperature and surface
turbulent and radiative fluxes with the N-ICE2015 campaign data. ERAS exhibits substantial RMSE values
relative to observations for the sensible heat flux (23.1 Wm™2), latent heat flux (13.8 Wm™2), downward long-
wave radiation (26.2 Wm™2), net shortwave radiation (18.0 Wm™?2), and 2 m temperature (3.8 K; Table S1 in
Supporting Information S1). ERAS is known to systematically overestimate 2 m temperature during winter
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Figure 1. Scatter plots of observed N-ICE2015 hourly surface net shortwave radiation, 2 m temperature and surface energy
budget versus ERAS and SEBai (1:1 reference line).

(Graham et al., 2019; Wang et al., 2019; Yu et al., 2021), which has been attributed to the lack of an insulating
snow layer in the model (Batrak & Miiller, 2019; Herrmannsdorfer et al., 2023).

We find correlations above 0.8 between ERA5 and observations for 2 m temperature, downwelling and net
shortwave radiation and downwelling longwave radiation, variables whose variability is dominated by a strong
seasonal cycle (Table S1 in Supporting Information S1). The low correlation coefficients for the remaining
variables (net longwave radiation, turbulent heat fluxes and the total SEB) highlight that the reanalysis does not
reliably capture observed Arctic boundary-layer processes (Dahlke et al., 2025). The mismatch is particularly
striking for the total SEB, defined as the sum of net shortwave and longwave radiation and turbulent heat fluxes.
The correlation coefficient of total SEB with observations is 0.18 and the RMSE is 46.4 Wm™2 (Table S1 in
Supporting Information S1), that is, almost twice the standard deviation of the hourly observed budget itself (25.9
Wm™2, with a mean of —21.2 Wm™>).

3.2. Performance of Machine Learning Bias Correction

The N-ICE2015 campaign is used as an independent data set to assess how our bias correction (SEBai) gener-
alizes outside the training data set.
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SEBai is substantially closer to N-ICE2015 observations than ERAS (Figure 1 and Figure S7 in Supporting
Information S1). Hourly RMSE values are reduced by ~40% for net shortwave radiation, ~34% for 2 m tem-
perature, ~32% for sensible heat flux and ~16% for downwelling longwave radiation (Table S1 in Supporting
Information S1). We obtain even larger error reductions for daily mean values of net shortwave radiation (~52%),
2 m temperature (~38%), downwelling longwave radiation (~19%) and sensible heat flux (~42%). These results
confirm that the bias correction effectively addresses both turbulent and radiative flux errors in the reanalysis.

The wintertime warm bias of ERAS5 compared to observations is effectively eliminated in SEBai (~1.3 K;
Figure 1c—1d and Figure S8a in Supporting Information S1), which demonstrates that the NN has learned to
correct this important bias in the data set. Prior studies have used a linear correction of daily/monthly mean ERAS
temperatures or used satellite observations to partly correct the warm bias in clear-sky situations (Tian et al., 2024;
Zampieri et al., 2023). Our bias-correction method works on hourly data under all-sky conditions and makes use
of the relationship between the bias in one variable and the state of the atmosphere and boundary layer.

SEBai further produces an improved estimate of the Arctic SEB. For net shortwave radiation, ERAS captures the
observed variability reasonably well (correlation coefficient ~0.87), but demonstrates biases at higher fluxes.
SEBai closely reproduces the observed spread with reduced peak values (Figures la and 1b), suggesting an
improved representation of the surface albedo relative to ERAS. Biases in shortwave radiation and albedo are
known deficiencies in ERAS and other reanalysis data sets, often associated with errors in cloud representation
and surface properties (Di Biagio et al., 2021; Graham et al., 2019). For validation, we only include times when
ERAS sea-ice concentration at the nearest grid point to the N-ICE2015 station is more than 80%. At lower
concentrations, the measurements on the ice floe may not be representative of the ERAS grid-box averaged fluxes.

For the total SEB, ERAS overestimates the frequency of occurrence of both extreme positive and negative values,
and hardly shows a notable correlation with observations (correlation coefficient ~0.18; Table S1 in Supporting
Information S1). This suggests that ERAS fails to capture the variability of surface energy exchanges (Herr-
mannsdorfer et al., 2023). In contrast, SEBai captures the variability and magnitude of the observed fluxes with
reduced spread (Figure 1 and Figure S8b in Supporting Information S1), although it also produces a few extreme
negative values below —100 Wm™> not found in observations. These events have a negligible influence on the
climatological mean (—1.67 Wm™? including them vs. —1.66 Wm™> excluding them). The hourly total SEB
shows a ~55% reduction in RMSE against N-ICE2015, and the correlation coefficient increases to ~0.64
(Figure 1; Table S1 in Supporting Information S1). For daily values, the error is reduced by ~65% (Figure S9 in
Supporting Information S1). Our bias correction thus provides an Arctic-wide data set of the surface energy fluxes
that generally captures the observed hourly variability, which is not the case for raw ERAS data. Since our model
was never trained on the total SEB, its good performance for this integrated variable further increases our con-
fidence in the results for individual fluxes.

3.3. Distribution of Net Longwave Radiation

Observational data sets including MOSAIC, SHEBA and N-ICE2015 exhibit a bimodal distribution of net
longwave radiation in winter (Graham et al., 2017, 2019; Herrmannsdorfer et al., 2023; Shupe et al., 2026;
Figure 2). One mode is near —45 Wm™? corresponding to strong surface cooling under radiatively clear con-
ditions, and another near —5 Wm™? associated with cloudy conditions. The ERA5 distribution does not show the
bimodal structure (Bertossa et al., 2025; Dahlke et al., 2025), but a broader spread with a single peak around —20
Wm™2. SEBai reproduces the observed bimodality with peaks near —5 Wm™2, and —45 Wm™? (Figure 2) and thus
captures the physically important cloudy and clear states of the Arctic winter boundary layer.

3.4. Seasonal Cycle and Climatology of Surface Fluxes and 2 m Temperature

We investigate the climatology of the Arctic 2 m temperature and surface fluxes over Arctic ice-covered regions
(north of 70°N, sea-ice concentration >80%) for the years 1994-2024 using SEBai, and its differences from the
ERAS climatology. Differences may arise from biases in the reanalysis as well as portions of open ocean included
in an ERAS grid cell, where the SEBai value will only be representative of the sea-ice covered portion of the grid
cell. In partially ice-covered cells, SEBai represents conditions over sea-ice, whereas ERAS fluxes reflect grid-
cell averages. We therefore focus our evaluation on the ice-covered Arctic Ocean and do not recommend using
our bias correction over the marginal ice zone or coastal regions where uncorrected ERAS fluxes remain the best
estimate.
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Both ERAS and SEBai capture the pronounced seasonal cycle of downwelling shortwave radiation (Figure 4a),
with maxima in June and no shortwave radiation in polar night. SEBai closely follows ERAS from April-June, but
shows an increase of radiation in summer, exceeding 12 Wm™2 in July. This suggests a systematic underesti-
mation in ERAS at a time that is crucial for ice melt. Note that the RMSE of downwelling shortwave radiation is
only slightly improved in SEBai (Table S1 in Supporting Information S1), so the true value may well be between
the two estimates.

For net shortwave radiation, both ERAS and SEBai reproduce the expected seasonal cycle, with a peak in June-
July (Figure 4b). SEBai absorbs nearly 15 Wm™? less solar energy at the surface in June-July compared to ERAS
due to a higher albedo. Evaluation against N-ICE2015 demonstrates substantial improvement in reproducing net
shortwave radiation (Table S1 in Supporting Information S1), indicating that our bias correction provides a more
realistic representation of the absorbed shortwave radiation over Arctic sea-ice.

ERA5 produces a wintertime net longwave radiation of around —40 Wm™? (Figure 4d), suggesting an over-
estimation of surface cooling relative to SEBai and observations of ~10 Wm™2. We attribute this bias to the near-

294 196
5 0 1 2 SWdown

SH LH SH LH
31 121

January July

Figure 3. Monthly mean surface energy budget components over Arctic sea-ice (>70°N; sea-ice concentration >80%) in January and July, including longwave (LWup,
LWdown), shortwave (SWup, SWdown), sensible (SH) and latent heat (LH) fluxes. Ice-thickness change reflects conversion of the net surface energy budget to ice

growth or melt.
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Figure 4. Climatological monthly means of (a) downwelling shortwave, (b) net shortwave radiation, (c) 2 m temperature, (d) net longwave radiation, and (e) surface
energy budget and corresponding thermodynamic sea-ice thickness change averaged over Arctic ice-covered regions (>70°N; sea-ice concentration >80%).
Observations (dashed) are compared with SEBai and ERAS (solid). Panels (a—d) right axis show SEBai—-ERAS differences (dotted). In (e), the left axis shows surface
energy budget (positive means energy gain) and the right axis represents ice-thickness change (cm month™'; positive indicates ice growth).

surface warm bias (lack of snow cover) and the lack of the radiatively opaque or cloudy state in the reanalysis (Di
Biagio et al., 2021; Herrmannsdorfer et al., 2023). Both issues are resolved in SEBai, resulting in a more realistic
representation of wintertime surface radiative cooling.

The ERAS warm bias in wintertime 2 m temperatures over Arctic sea-ice peaks at ~4 K between November and
March (Figure 4c). SEBai substantially reduces this bias and aligns more closely with observations from
MOSAIC and SHEBA. During the summer melt season, both ERAS and SEBai are in better agreement with
observations. ERAS shows a summertime warm bias of ~1.5 K that is eliminated in SEBai. Our findings are
consistent with wintertime warm biases found in reanalyses over the Arctic and the Weddell Sea pack ice
(Herrmannsdorfer et al., 2023; King et al., 2022).

In the total SEB, ERAS5 displays a surface energy loss down to ~—45 Wm™ during winter (November—March).
SEBai suggests about half as much cooling, which is in better agreement with observations during MOSAiC and
SHEBA (Figure 4e). SEBai suggests weaker net surface heating than ERAS in summer (June—August). Differ-
ences between ERAS and SEBai are small during the spring and fall transition seasons, which may be due to
compensating summer and winter biases. Previous findings confirm that ERAS and other reanalyses tend to
overestimate the amplitude of the seasonal energy cycle and misrepresent the balance between turbulent and
radiative fluxes (Graham et al., 2019; Mayer et al., 2019).

Differences between ERAS5 and SEBai are largely insensitive to the chosen sea-ice concentration threshold
(Figure S10 in Supporting Information S1), especially in winter, which suggests that the correction reflects an
improved representation of fluxes over sea-ice rather than open-ocean influences. Our bias-corrected SEB
suggests a weaker amplitude of the seasonal cycle than given by ERAS, with weaker wintertime cooling and
weaker summertime heating of the ice surface.
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3.5. Implications for Sea-Ice Thickness Change

To illustrate the effect of SEB differences on sea-ice, we translate the surface fluxes to thermodynamic changes in
sea-ice thickness (Figure 4e). For this conversion, we assume an ice density of 917 kgm™ and a latent heat of
fusion of 3.34 x 10° Jkg™'. While thermodynamic forcing dominates in observations (SHEBA and MOSAIC),
sea-ice thickness is also influenced by dynamical processes such as ice redistribution and ridging. Therefore, we
do not expect our estimates to exactly match observed thickness changes.

During winter (October—-March), ERAS suggests Arctic-averaged sea-ice growth rates peaking at ~40 cm
month™" while SEBai produces maximum growth rates just above 20 cm month™", which aligns more closely
with those derived from SHEBA and MOSAIC SEB observations (Raphael et al., 2024; Shupe et al., 2026). The
SMOS—CryoSat satellite observations from 2012 to 2024 (European Space Agency, 2023) support these smaller
winter sea-ice thickness growth estimates. Satellite estimates and SEBai both suggest sea-ice thickness increases
of 80-120 cm for the period October-March (Figure S11 in Supporting Information S1). In contrast, ERAS
consistently implies larger winter sea-ice growth, with thickness changes ranging between ~150 and 200 cm.
These ERAS values represent diagnostic thermodynamic estimates based on SEB, not prognostic ice-thickness
evolution, since ERAS5 does not include fully coupled sea-ice thermodynamics. Both SEBai and ERAS5 imply
reduced thermodynamic ice growth during spring transition (April-May; Figure 4¢). In summer (June—August),
ERA5 implies a total melt of around 120 cm, with a maximum melt rate in July of around —57 cm month™.
SHEBA observations record a similar total summer melt (~123 cm; Perovich et al., 2003) but stronger July
minima (~-71 cm month_l). In contrast, SEBai implies weaker melt (~102 cm). The sensitivity to the chosen
sea-ice concentration threshold (80%, 90%, 95%; Figure S11 in Supporting Information S1) is small, confirming
the robustness of these patterns.

The seasonal cycle of the total SEB and sea-ice thickness has been shown to be overestimated in reanalyses,
including ERAS (Mayer et al., 2019). SEBai aligns more closely with observations and produces a more realistic
seasonal cycle of thermodynamic ice thickness change consistent with satellite-observed ice thickness changes.
Our bias-correction thus provides the basis for a more realistic representation of sea-ice in ice-ocean or coupled
reanalyses.

4. Conclusions and Outlook

Leveraging observations through ML provides a powerful means to reduce the systematic biases in ERAS
reanalysis data over Arctic sea-ice. By training a simple NN on variables from ERAS and major field campaigns,
we produce a bias-corrected data set (SEBai) that reveals 50% weaker wintertime surface cooling and weaker
summertime surface heating than suggested by ERAS, and eliminates the ERAS5 near-surface warm bias of about
4 K in winter and 1.5 K in summer. We expect that the approach can easily be extended to other data-sparse
regions, including the Antarctic continent and sea-ice.

Compared to ERAS, we achieve reductions in RMSE against observations by 16%-40% for hourly values of
individual fluxes and ~55% for the total SEB. SEBai produces a more realistic climatological seasonal cycle of
the total SEB and thermodynamic ice thickness change. Our bias-corrected data reproduce the observed bimodal
distribution of net longwave radiation in winter and thus capture the physically important cloudy and clear states
of the Arctic boundary layer. The bias correction effectively addresses well-documented deficiencies in ERAS,
particularly the representation of albedo, lack of the radiatively opaque or cloudy state and lack of snow cover (Di
Biagio et al., 2021; Graham et al., 2019).

The success of the NN in predicting observed fluxes outside of the training data set shows that the surface fluxes
over Arctic sea-ice are largely determined by the large-scale state of the atmosphere captured in ERAS. Better
parametrizations of the underlying processes than those implemented in the IFS, the model underlying ERAS, are
therefore possible.

SEBai allows us to revise climatological estimates of Arctic surface fluxes. Compared to ERAS, we find a damped
seasonal cycle driving weaker thermodynamic sea-ice growth in winter and less melt in summer. Together, these
changes suggest that the thermodynamic component of Arctic sea-ice evolution is more sensitive to climate
change than implied by ERAS.
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