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ABSTRACT

This paper presents an approach for Arctic sea ice concentration correction and
downscaling based on multi-sensor fusion that is applied only during the train-
ing stage. While conventional downscaling methods primarily enhance spatial
resolution, the proposed approach also improves physical consistency by fusing
the widely used OSISAF sea ice concentration dataset with the high-resolution
multi-sensor-corrected MASAM?2 product. This synthesis not only increases spa-
tial resolution from 25 km to 4 km, but also yields more realistic ice patterns, as
validated by a mean absolute error (MAE) of 0.009 and high structural similarity
(SSIM) scores. Comparisons with classical downscaling techniques and manual
product hybridization confirm the superior performance of our model. The pro-
posed solution has strong potential to improve sea ice forecasting and generate
high-resolution historical datasets. Code and weights are provided on GitHu

1 INTRODUCTION

Sea ice concentration (SIC) - the fractional area covered by ice within a grid cell - is the most im-
portant variable for monitoring and predicting Arctic conditions. Satellite-based passive microwave
observations have provided continuous SIC estimates since 1978, forming the backbone of climate
data records (Lavergne et al., 2019). However, these products face an inherent trade-off between
temporal coverage and spatial resolution. Long-term climate data records derived from SMMR,
SSM/I, and SSMIS instruments offer over four decades of observations but have relatively coarse
spatial resolution (approximately 25 km). In contrast, modern multisensor products combining var-
ious satellite sources can achieve higher spatial resolution (4 km) but are available only for the past
few decades. It causes a challenge for effective sea ice forecasting due to the uneven quality of data
(Ran et al., 2026).

This resolution gap poses challenges for applications requiring both long historical records and
fine-scale spatial detail. Traditional interpolation methods, such as bilinear, bicubic, and nearest-
neighbor approaches, can increase nominal resolution but cannot recover sub-grid information ab-
sent in the original data. For instance, mesoscale ice features and edge dynamics that fall below the
coarse resolution threshold remain unresolved (Kvanum et al., [2025). Similar issues are faced by
the weight-based approach for downscaling (Ahn et al., [2014).

Deep learning approaches offer a promising alternative for spatial downscaling of climate data.
Super-resolution techniques, originally developed for image enhancement in computer vision, have
been successfully adapted for climate applications, including precipitation (Chiang et al.| |2024; [Lin
et al.| [2023), temperature (Jha et al.,|2025), and general climate variables (Serifi et al.|[2021)). These
methods learn mappings from low-resolution to high-resolution representations, potentially cap-
turing physical relationships that enable reconstruction of fine-scale features. U-Net architectures
(Ronneberger et al.|, [2015) have proven particularly effective for such tasks due to their ability to
preserve spatial context through skip connections (Andersson et al.,[2021; [Palerme et al., [2024)). For
sea ice applications specifically, deep learning has demonstrated success in forecasting SIC (An-
dersson et al} 2021} [Li et al., [2024) and improving forecast skill through post-processing (Palerme
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et al.l 2024} Kvanum et al., |2025) or using a downscaling stage as a part of a forecasting model
(Xu et al., [2025). Some works have explored the applicability of GANs (Rocha et al., [2025) and
attention-based architectures (He et al.| 2025) for super-resolution of sea ice concentration, but they
considered a single-source setup. We can conclude that the application of learned downscaling to
extend high-resolution SIC records back in time using different data sources remains underexplored.

In this work, we present a deep learning-based approach that enhances the spatial resolution of
long-term SIC observations and improves reproduction of natural physics patterns through fusion
with additional high-quality data. Using paired observations from a coarse-resolution climate data
record (OSISAF - approximately 25 km) and a high-resolution multisensor product (MASAM?2 -
4 km) during their overlapping period, we train a U-Net-based model to learn the low-to-high-
resolution mapping. Our objectives are follows: (1) to evaluate whether deep learning downscaling
provides meaningful improvements over classical interpolation methods for SIC data; (2) to compare
physical coherence of high-resolution fields produced with our approach, classical approach and
manual multisensor hybridization; (3) to assess the feasibility of reconstructing high-resolution SIC
fields for the historical period before modern multisensor products became available.

2 IMPROVEMENT OF SEA ICE CONCENTRATION DATA

2.1 DATASETS

As a case study, we utilize two sea ice concentration products that differ substantially in spatial
resolution and temporal coverage, enabling a paired training approach for learned downscaling:

OSI SAF: 25 km. The EUMETSAT Ocean and Sea Ice Satellite Application Facility (OSI SAF)
provides the Global Sea Ice Concentration Climate Data Record (OSI-450-a) and its interim exten-
sion (OSI-430-a), covering the period from October 1978 to present (Lavergne et al.,|2019). This
product is derived from passive microwave brightness temperatures measured by SMMR, SSM/I,
and SSMIS instruments aboard various satellites. Sea ice concentrations are computed algorithmi-
cally using dynamic tie points that adapt to evolving surface characteristics and inter-sensor calibra-
tion differences. The data are provided on a polar stereographic grid at approximately 25 km reso-
lution (grid cell size 432 x432 pixels for the Arctic domain). Key advantages of this dataset include
its long and stable time series, quantitative uncertainty estimates for each grid cell, and atmospheric
correction using ERAS reanalysis data. The OSI SAF represents the widely used reference for sea
ice monitoring and climate studies.

MASAM2: 4 km. The MASIE-AMSR2 (MASAM?2) product provides high-resolution daily sea
ice concentration estimates at 4 km grid cell size (Fetterer et al., 2023). This product blends two
complementary data sources: the Multisensor Analyzed Sea Ice Extent (MASIE) product, which
provides ice extent information at 4 km resolution based on operational ice analysis incorporating
synthetic aperture radar, infrared, visible imagery, and in situ observations; and sea ice concen-
tration from the Advanced Microwave Scanning Radiometer 2 (AMSR?2) at 10 km resolution. By
combining the spatial precision of MASIE ice edge detection with AMSR?2 concentration gradients,
MASAM?2 achieves a high-resolution concentration product (grid size 2550x2100 pixels for the
Arctic domain) suitable for operational forecast model initialization. The dataset is available from
July 2012 to present.

Downscaling Strategy. For model training, we construct paired samples by matching daily observa-
tions from both products over their common temporal coverage (July 2012 - present). The OSI SAF
data serve as low-resolution input, while the corresponding MASAM?2 fields provide high-resolution
targets. This configuration enables the model to learn the mapping from coarse passive microwave
observations to the finer-scale patterns captured by the multisensor analysis. The substantial resolu-
tion ratio (approximately 6x in each spatial dimension) presents both an opportunity for meaningful
enhancement and a challenge for accurate reconstruction of sub-grid features.

The two products use different native projections: OSI SAF uses a Lambert Azimuthal Equal Area
(LAEA) projection centered on the North Pole, while MASAM?2 uses a polar stereographic projec-
tion following the EASE-Grid 2.0 North specification. Thus, the direct pairing of these two datasets
inherently requires reprojection. We allow the neural network to learn this reprojection transforma-
tion alongside super-resolution, enabling a native neural transition between the two product formats.
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2.2 MODELS

Proposed approach. We implemented a lightweight U-Net architecture specifically optimized for
super-resolution of sea ice concentration (SIC) data with an approximate scale ratio of 6x. The model
transforms low-resolution inputs (432x432 pixels, OSISAF product) into high-resolution outputs
(2100x2550 pixels, MASAM?2 product). The architecture of the model is presented in Figure
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Figure 1: Scheme of proposed approach with details of implemented U-Net architecture. Train and
inference setups are used for experiments, operational demonstrate the real usage scenario.

To achieve the target resolution of 2100x2550, a multi-stage upsampling strategy is applied. Firstly,
two sequential bilinear upsampling stages with scale factor x2 (reaching 1728x1728). Secondly,
final precise resizing to 21002550 via Upsample with bilinear interpolation. Large convolutional
kernels (7x7) replace standard 3x3 kernels to capture broader spatial context with fewer layers.
Reduced channel counts (16-128 filters) minimize GPU memory consumption while maintaining
representational capacity. The model was trained using L1 loss (Mean Absolute Error), the Adam
optimizer with an initial learning rate of 0.001, and dynamic learning rate scheduling via ReduceL-
ROnPlateau (factor 0.5, patience 5 epochs) triggered by validation metric stagnation.

Baselines. We used three classical interpolation methods as baselines for comparison with the pro-
posed approach. Bilinear interpolation produces smooth outputs, but tends to blur sharp boundaries
such as the sea ice edge. Bicubic interpolation preserves smooth gradients better than bilinear inter-
polation, but cannot recover sub-grid structures absent in the source data and may introduce ringing
artifacts near abrupt transitions. Nearest-neighbor interpolation preserves the original concentration
values without distortion, but does not produce smooth transitions between regions of differing ice
concentration, resulting in a blocky appearance.

Manual hybridization. For comparative analysis, we implement a manual hybridization method
analogous to the approach described by (Nikitin et all [2025) for OSISAF-MASIE data fusion.
The method leverages the complementary characteristics of the source products: the low-resolution
product provides the full-range concentration values, while the high-resolution product defines the
precise ice edge. The hybrid field is generated by using the ice concentration values from the low-
resolution product and the ice edge mask (e.g., concentration > 0.15) from the high-resolution
product to correct spurious low-concentration artifacts. This simple, non-trainable baseline serves
to benchmark the performance gains achievable by more sophisticated, learnable super-resolution
models against an established manual fusion technique.

3 RESULTS AND DISCUSSION

Averaged quality metrics for train (2012-2020, ~ 2920 samples), validation (2021-2022, ~ 730 sam-
ples), and test (2023-2025, ~ 1095 samples) samples are presented in Table [T} Metrics demonstrate
that the proposed approach achieves the best quality compared to classical interpolation methods.
The high performance of the implemented architecture confirms its sufficiency for solving the given
problem. Also, we analyzed comparative visualization for low and high-resolution fields. Figure 2h)
demonstrates a sample with successful restoration of the missing ice edge after using the proposed
downscaling model. Summer images (Figure[2b) demonstrate the advantage of the proposed method
over a manual hybrid.
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Table 1: Performance comparison against MASAMﬂ

Method  Split BACC IIEE (x10%) MAE PSNR SSIM
Train 0.923 £0.075 0.436 £0.443 0.008 £0.002 23.81+1.32 0.973 £0.017
Proposed  Val  0.906 £0.059 0.509 +0.211 0.009 +0.002 23.18+1.17 0.966 + 0.018
Test 0.899 £0.072 0.514+0.309 0.009+0.002 23.20+1.46 0.963 + 0.026
Train 0.318 £0.063 4.15+1.64 0.070£0.009 12.52+0.72 0.597 £0.016
Bilinear Val 0331 £0.061 4.06+1.62 0.068£0.028 13.18+2.44 0.612+0.051
Test 0.321 £0.060 3.96 £1.63  0.067 £0.028 13.33+2.56 0.607 £ 0.047
Train 0.316+0.062 4.16+1.64 0.071£0.010 12.41+0.73 0.591 £+ 0.018
Bicubic Val  0.3294+0.060 4.07+1.62 0.069£0.028 13.08+2.45 0.607 £ 0.051
Test 0.319+£0.059  3.97+1.63 0.068£0.029 13.224+2.58 0.602 4 0.048
Train  0.314+0.060 4.16+1.63  0.070 £0.010 12.38+0.77 0.589 & 0.018
Nearest Val  0.3274+0.058 4.08+1.61  0.068 £0.028 13.04+2.45 0.605 =+ 0.051
Test 0.317+0.058 3.98+£1.62 0.067+0.028 13.194+2.58 0.599 £ 0.048

OSISAF Prediction

MASAM2

MAE distribution

10

OSISAF

0.0

Date - 2021.08.15

Figure 2: Comparison of low and high resolution images a) winter downscaling result; (b) summer
downscaling result and manual hybrid. The frame is on the area of interest with a refined ice edge.

4 CONCLUSION

This study demonstrates that a deep learning approach based on a U-Net architecture can effectively
downscale coarse-resolution (25 km) Arctic sea ice concentration data to high resolution (4 km),
outperforming classical interpolation methods and a manual hybridization technique. The model
successfully reconstructs physically realistic fine-scale features, such as the ice edge, while achiev-
ing superior validation metrics (MAE: 0.009, SSIM: 0.963). This approach enables the generation
of long-term, high-resolution SIC datasets, offering significant potential for improving sea ice fore-
casting, local-scale modeling, and historical climate analysis.
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