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Abstract

Accurate estimation of sea ice drift is critical for Arctic navigation, climate re-
search, and operational forecasting. While optical flowa computer vision tech-
nique for estimating pixel-wise motion between consecutive imageshas advanced
rapidly in computer vision, its applicability to geophysical problems, and more
specifically, to satellite SAR imagery, remains underexplored. Classical optical
flow methods rely on mathematical models and strong assumptions about mo-
tion, which limit their accuracy in complex scenarios; recent deep learning-based
approaches have substantially improved performance and are now the standard
in computer vision, motivating their application to sea ice drift estimation. We
present the first large-scale benchmark of 48 deep learning optical flow mod-
els on RADARSAT-2 ScanSAR sea ice imagery, evaluated with endpoint error
(EPE) and Fl-all metrics against GNSS-tracked buoys. Several models achieve
sub-kilometer accuracy (EPE 6-8 pixels, 300-400 m), a small error relative to the
spatial scales of sea ice motion and typical navigation requirements in the Arc-
tic. Our results demonstrate that the models are capable of capturing consistent
regional drift patterns and that recent deep learning-based optical flow methods,
which have substantially improved motion estimation accuracy compared to clas-
sical methods, can be effectively transferred to polar remote sensing. Optical flow
produces spatially continuous drift fields, providing motion estimates for every
image pixel rather than at sparse buoy locations, offering new opportunities for
navigation and climate modeling.

1 Introduction

Arctic sea ice is a key component of the climate system, influencing global circulation patterns
[19, 40], ecosystems [B2, 8], and human activity through its role in navigation and forecasting
[24, 3]. Accurate estimation of ice drift is therefore essential for both climate research and opera-
tional decision-making [Bf]. Classical approaches for sea ice motion estimation include correlation-
based methods such as maximum cross-correlation and phase correlation [I'Z, IZ], as well as feature
tracking strategies [[[6]. While effective in certain conditions, these methods often degrade in low-
texture regions, at floe boundaries, or under strong deformation [28, IS].

Optical flow is a computer vision technique that estimates motion at the level of individual pixels
between two consecutive images. Each pixel is assigned a vector indicating the direction and magni-
tude of its movement from the first to the second image, providing a dense motion field across the en-
tire scene [[I]. In the context of sea ice, optical flow has the potential to capture detailed drift patterns
over large areas, including subtle deformations and floe interactions, which are difficult to resolve
with sparse tracking methods such as drifting buoys, whose limited spatial coverage prevents the ob-
servation of fine-scale drift patterns and interactions between individual ice floes. Classical optical
flow approaches rely on mathematical models, such as brightness constancy constraints combined
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with spatial regularization, solved through variational or local optimization methods [39]. While
effective in certain contexts, these methods are limited in handling large displacements, complex
motion patterns, or noisy data. In recent years, deep learning has become the standard for computer
vision tasks, including optical flow, enabling models to learn motion patterns from data and achieve
state-of-the-art accuracy and efficiency [3T1].

Recent developments in optical flow estimation have focused on improving both accuracy and ef-
ficiency, extending the RAFT [B4] family of methods into more scalable and generalizable archi-
tectures. WAFT [B7] challenges the need for cost volumes by relying on high-resolution warping,
achieving competitive accuracy with lower memory usage and faster inference. MEMFOF [] re-
visits RAFT-like designs with reduced correlation volumes and multi-frame estimation, striking a
balance between runtime efficiency and state-of-the-art accuracy, particularly at FullHD resolution.
DPFlow [26] addresses scalability by generalizing to ultra-high-resolution inputs (up to 8K) with-
out requiring high-resolution training, while also introducing a new benchmark to systematically
evaluate methods at large scales. Complementarily, SEA-RAFT [38] improves RAFTs convergence
and generalization through a simplified architecture and novel training strategies, achieving strong
cross-dataset performance with reduced computational cost. These approaches consistently achieve
state-of-the-art results across standard optical flow benchmarks [T, 4, U, 23]. Collectively, they
highlight a shift toward architectures that not only improve accuracy but also address the growing
demands of resolution, efficiency, and generalization in optical flow.

Progress in this direction has been limited in part by the scarcity of large-scale labeled datasets for
Arctic sea ice motion. The 2021 Sea Ice Dynamics Experiment (SIDEx) campaign [14, [1] provides
a rare opportunity by deploying a set of Global Navigation Satellite System (GNNS) [I0] tracked
buoys in the Arctic pack ice, delivering high-quality ground-truth trajectories that enable rigorous
benchmarking of sea ice motion estimation at scale.

In this work, we present the first large-scale benchmark of 48 pretrained deep learning optical
flow models, covering convolutional, recurrent, and transformer-based architectures, applied to
RADARSAT-2 ScanSAR imagery [BU] over the Beaufort Sea in the Alaskan Arctic. Models per-
formance is evaluated against the buoy positions using widely adopted metrics in the computer
vision community for optical flow assessment, specifically endpoint error (EPE) and Fl-all metrics.
Several achieve sub-kilometer accuracy, highlighting the promise of pretrained vision models for po-
lar geophysical applications. Beyond quantitative scores, we report qualitative patterns and discuss
implications for Arctic navigation and climate science.

2 Experimental Setup

We evaluate the capability of deep learning optical flow methods to estimate sea ice drift from SAR
imagery. Our experiments combine a dedicated RADARSAT-2 dataset with GNSS buoy observa-
tions, testing a wide range of pretrained models under consistent preprocessing and standardized
evaluation metrics. This section outlines the dataset preparation, model selection, evaluation crite-
ria, and quantitative and qualitative results.

2.1 Dataset Preprocessing

We use a dataset of 54 RADARSAT-2 ScanSAR images collected during the 2021 SIDEx campaign
in the Beaufort Sea (March—May). The data provide wide coverage of Arctic sea ice at 20-50 m
spatial resolution, encompassing diverse conditions such as compact ice, leads, and fractures. The
temporal resolution of the dataset is ~1.3 days.

For validation, we compare the estimated motion fields against ground-truth displacements from 43
buoys [[I4], including 12 SATICE buoys equipped with geodetic-quality GNSS tracking [[Z]. The
SATICE buoys recorded positions every 5 minutes, while the other buoys provided updates every
10 minutes, enabling high-temporal-resolution tracking. To align with the SAR acquisitions, we
linearly interpolated buoy positions, yielding 1880 displacement observations for evaluation. To
ensure consistent model input, all images were resampled to a uniform 50 m spatial resolution.
Each image was then cropped to a 40 km? region centered on the position of the GNSS buoy OSU-
IT-23 [I4]. This Lagrangian frame of reference [8] allows the image patches to move with the buoy,
retaining fine-scale deformation patterns.



2.2 Optical Flow Models

We benchmarked 48 pretrained optical flow models, spanning convolutional, recurrent, and
transformer-based architectures. The selection was guided by both code availability and repro-
ducibility of state-of-the-art optical flow methods reported in standard benchmarks [T, 4, G, I3].
While some top-performing models have been reported in the literature, not all had accessible or
verifiable implementations. To enable consistent evaluation with our sea ice data, we included only
those models for which a reliable implementation could be obtained, using pretrained weights and
interfaces provided by the priflow library [24].

Models were applied without fine-tuning to assess their transferability to SAR imagery. While our
GNSS-tracked buoy observations provide valuable ground-truth for validation, they are too sparse-
i.e., they provide measurements only at a limited number of discrete locations rather than at every
pixel-to reliably train or fine-tune deep learning optical flow models. Most state-of-the-art optical
flow architectures are trained on dense synthetic ground-truth displacement fields, which provide
per-pixel motion vectors covering nearly the entire image [II], whereas our sea ice dataset contains
only a handful of buoy-based measurements. Attempting to fine-tune on this sparse data would risk
overfitting to the few available observations and would also reduce the amount of data available for
an independent evaluation, since a subset would have to be withheld for validation [77]. By applying
pretrained models directly, we can rigorously evaluate their out-of-the-box performance in a realistic
Arctic scenario while preserving the integrity of the test set and avoiding spurious conclusions due
to extremely limited training data.

Performance was quantified using two standard optical flow metrics: Endpoint Error (EPE), the
Euclidean distance between predicted and reference displacements (reported in pixels and converted
to meters), and Flow outlier rate (Fl-all), the proportion of pixels with error > 3 pixels and > 5%
relative displacement. These metrics capture both absolute error and robustness to large displace-
ments, providing complementary perspectives on model performance.

3 Results and Discussions

Quantitative Analysis. 75% of the tested models achieved EPE values within 6-8 pixels, indicating
consistent performance across the majority of models. Table [ presents the top five models, ranked
by Fl-all to emphasize robustness against gross displacement errors in operationally relevant regions.
Full quantitative results for all 48 models are provided in the supplemental material.

Table 1: Top-5 optical flow models evaluated on RADARSAT-2 ScanSAR imagery. Models are
ranked by Fl-all, which quantifies the fraction of pixels with gross displacement errors, prioritizing
reliability in operationally sensitive regions. EPE is reported in pixels (50 m/pixel). Lower values
indicate better performance in both average error and robustness against gross errors. Best value for
each metric is highlighted in bold.

Model EPE [px] Fl-all [%]
DIP (Sintel) [28] 6.29 42.52
RPKNet (Sintel) [25] 7.51 42.89
SEA-RAFT (M) (Spring) [BR] 7.56 43.07
DPFlow (Chairs) [26] 6.27 43.08
SEA-RAFT (S) (Spring) [B¥] 7.75 43.12

Figure [ presents a scatterplot of the best performing 22 optical flow models, showing EPE versus Fl-
all. To improve readability, we only visualize models within a restricted range of errors. Specifically,
we plot models with end-point error (EPE) below 8.5 and flow outlier rate (Fl-all) below 47. This
filtering allows us to highlight the most competitive methods, since displaying all 48 evaluated
models would overcrowd the figure and obscure relevant patterns.

Qualitative Analysis. To further assess model performance, we conducted a qualitative analysis
on a representative RADARSAT-2 ScanSAR image pair. Figure O illustrates the predictions from
the three best-performing models. It can be interpreted by referring to the standard optical flow
colorwheel (subfigure c), where hue indicates direction and saturation indicates magnitude.
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Figure 1: Scatter plot of optical flow models evaluated on RADARSAT-2 ScanSAR imagery, com-
paring end-point error (EPE) and flow outlier rate (Fl-all). For clarity, only models with EPE < 8.5
and Fl-all < 47 are shown (22 models in total). A total of 48 models were evaluated (full list in
Table D), but the full set is omitted here to avoid overcrowding. For comparison, the benchmark met-
rics officially reported in the PTLFlow library for standard computer vision datasets are summarized
in Table B.

Across all models (df), several distinct drift blocks can be identified, each characterized by a domi-
nant color representing a coherent motion direction. The magnitude of motion increases gradually
toward the corners of the scene and is lowest near the image center, an expected pattern given that
the analysis is performed in a Lagrangian reference frame. All three models show a strong agree-
ment in motion direction, capturing consistent regional drift pathways; however, differences emerge
in the estimated magnitude.

The RPKNet model (e) systematically underestimates the motion magnitude compared to DIP (d)
and SEA-RAFT (f), particularly in areas where multiple motion blocks converge. In addition, RP-
KNet produces spurious high-gradient values along the image borders that do not correspond to
physically feasible ice motion. For practical use, we recommend cropping 5-10 pixels along the
borders when applying this model to operational scenarios. In contrast, DIP and SEA-RAFT yield
more stable and spatially coherent results, better preserving the large-scale drift structure.

For Arctic applications such as navigation support and early-warning systems, models that produce
less nuanced and more categorical motion estimates—favoring stable regional drift patterns over sub-
tle local variations—may be more reliable and interpretable. Overall, the qualitative results confirm
that deep learning optical flow models can capture realistic sea ice motion fields, while highlighting
the need for model-specific considerations depending on the intended operational context.

Discussion. Our large-scale benchmark of 48 deep learning optical flow models on RADARSAT-2
ScanSAR data demonstrates that pretrained computer vision methods can be effectively transferred
to polar remote sensing. Remarkably, 75% of models achieved endpoint errors (EPE) within 6-8
pixels (approximately 300-400 m), with several methods surpassing this level of accuracy. Notably,
Fl-all scores are relatively high because this metric is extremely strict, designed for contexts requir-
ing subpixel precision; nevertheless, we focused on selecting the best values to minimize large errors
as much as possible. While such errors may seem substantial in a general computer vision context,
at Arctic scales they are negligible, since sea ice drift patterns evolve over tens of kilometers, mak-
ing pixel-level deviations minor in the context of regional dynamics. The consistency across diverse
architectures suggests that adaptations designed for complex textures and varying illumination in
natural images also translate well to SAR imagery.

When compared to standard computer vision benchmarks (Table B), the EPE values obtained for
RADARSAT-2 imagery are higher in absolute terms. However, this discrepancy is expected given
the fundamental differences between the domains: SAR imagery exhibits distinct speckle noise
patterns and limited texture gradients, ground-truth motion fields are sparse and less precise, and
the physical scales of motion are orders of magnitude larger. Therefore, while the reported errors
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Figure 2: Qualitative comparison of the top three models on a selected RADARSAT-2 ScanSAR
image pair. (a) First image. (b) Second image. (c) Colorwheel for interpretation: hue indicates
direction, saturation indicates magnitude. Magnitude increases radially from the center (0) to the
maximum displacement in the dataset (=100 pixels for this case) (d) DIP (Sintel) prediction [48].
(e) RPKNet (Sintel) prediction [25]. (f) SEA-RAFT (M) (Spring) prediction [3¥].

may seem high relative to benchmarks such as Sintel or KITTI, they are operationally negligible in
Arctic applications, where ice drift occurs over tens of kilometers.

Qualitative analysis further showed that all models largely agree on motion patterns, although they
may differ in edge definition and slightly in motion magnitude, while the motion direction is highly
consistent. These qualitative observations further highlight subtle model-dependent trade-offs be-
tween smoothness, sharpness, and magnitude estimation that are consistent with the quantitative
metrics reported above.

Limitations. A key limitation remains the lack of large, labeled SAR datasets for supervised training
and fine-tuning. Manually generating ground truth fields at pixel level is nearly infeasible, making
pretrained models a key ally in the near term.

4 Conclusion

Our benchmark provides the first comprehensive evidence that pretrained deep learning optical flow
models can deliver operationally meaningful accuracies for sea ice drift estimation from SAR. These
findings demonstrate the promise of transferring vision-based methods to geophysical applications
and chart a path forward for developing domain-specific models tailored to the unique challenges of
polar remote sensing.

Minor qualitative differences between architectures suggest that targeted adaptations to SAR-
specific characteristics could further enhance accuracy and stability. Future progress will likely re-
quire domain-adapted approaches that combine machine learning with physical constraints, exploit
multi-sensor fusion, and extend to long temporal sequences for seasonal-scale monitoring. More-
over, future work could explore the use of alternative evaluation metrics better suited to geophysical
problems that capture spatial and temporal dependencies more effectively.
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A Appendix / supplemental material

A.1 Extended Background

A.1.1 Classical Methods for Sea Ice Motion Estimation

Traditional sea ice motion estimation techniques rely on block matching, cross-correlation, and fea-
ture tracking applied to satellite images [[]. Maximum cross-correlation (MCC) [[Z] and phase
correlation [A1] have been widely adopted due to their efficiency. Extensions include Laplacian
pyramids [[I'T] and wavelet-based methods [&7], aimed at improving robustness. However, all re-
main limited in regions of thin ice, low texture, or under rapid deformation [?2]. Sparse methods
based on tie points [[[6] offer reliability in structured regions but fail to capture full ice dynamics,
especially under divergence or ridging [28]. Dense optical flow offers a richer representation [B5]
but must overcome SAR-specific noise.

A.1.2 Deep Learning for Optical Flow

Deep learning introduced end-to-end frameworks for motion estimation, beginning with FlowNet [A]
and FlowNet2 [[5]. PWC-Net [33] introduced feature pyramids and cost volumes, while RAFT [34]
advanced accuracy through recurrent refinement. More recently, transformer-based models such as
Unimatch [23] and others exploit global feature matching and self-attention, capturing long-range
dependencies in motion. These advances have shown strong performance in RGB benchmarks, but
their transfer to SAR remains largely untested [22].



A.1.3 Applications in Climate Science and Navigation

Satellite-derived ice motion fields inform large-scale climate models of Arctic dynamics [29], while
operational services (e.g., NIC, Copernicus Marine Service) use them to improve forecasts and
navigation safety. Enhanced methods also support search and rescue, oil spill tracking, and polar
field campaigns [20]. Improving motion estimation with deep learning could therefore benefit both
scientific and operational communities.

A.2 Study area

Alaska
150 km
'1507‘_\ Canada

Figure 3: Study area in the Beaufort Sea, Alaska, showing the region of interest used for benchmark-
ing optical flow models.

Fig. B shows the study area in the Beaufort Sea, Alaska.

A.3 Dataset Details

The RADARSAT-2 ScanSAR dataset spans March 4-May 16, 2021, comprising 54 images at 20,
40, and 50 m spatial resolution. The dataset captures diverse Arctic sea ice states, including compact
floes, divergence zones, and lead formation.

A.4 Preprocessing Pipeline

Images were orthorectified, co-registered using satellite ephemeris data, and normalized to mitigate
SAR-specific intensity variations.

Results Across All Models

While the main paper highlights the top five models, Table D reports full results for all 48 evaluated
architectures. This provides a comprehensive reference for future studies comparing deep optical
flow methods in geophysical contexts.

Reference Metrics from the PTLFlow Library

Table B compiles the publicly available evaluation metrics (EPE and Fl-all) from the PTLFlow library
[24], covering a wide range of optical flow architectures. These values correspond to results on
standard computer vision benchmarks and are included here to provide a reference context for the
models evaluated in this study. The metrics in this table are not directly comparable to those reported
for the RADARSAT-2 benchmark in this study, due to differences in data modality (RGB vs. SAR),
ground-truth density, and spatial scale of motion.



Table 2: Endpoint Error (EPE) mean and standard deviation, and Fl-all mean and standard deviation
for all 48 evaluated models.

Model Name EPE Mean [px] EPE Std [px] Fl-all Mean [%] Fl-all Std [%]
dip_kitti [48] 8.04 8.98 51.3 33.67
dip_sintel [4¥] 6.29 5.09 42.52 30.06
dip_things [4X] 60.15 127.68 49.24 34.36
dpflow_chairs [Z6] 6.27 5.3 43.08 29.83
dpflow_Kkitti [26] 8.55 941 63.13 34.72
dpflow_sintel [26] 7.76 6.88 53.07 37.25
dpflow_things [26] 7.67 11.55 43.17 30.75
flowformer_chairs [[3] 7.19 7.98 44.92 31.13
gmflow_chairs [47] 8.35 11.63 55.88 36.24
gmflow_kitti [27] 7.21 6.48 55.74 31.57
gmflow_refine_chairs [47] 7.57 10.66 47 31.92
gmflow_refine_kitti [B7] 6.85 6.09 54.38 30.33
gmflow_refine_sintel [47] 6.12 5.36 44.9 30.53
gmflow_refine_things [472] 6.26 5.27 44.71 294
gmflow_sintel [27] 7.62 9.57 54.05 33.84
gmflow_things [EA2] 9.02 18.45 52.38 33.89
gmflownet_Kkitti [46] 8.04 7.15 53.43 35.19
gmflownet_mix_sintel [26] 7.23 7.53 45.98 32.27
gmflownet_mix_things [46] 7.96 13.29 44.47 31.09
neuflow2_mixed [439] 7.43 8.6 47.41 32.5
pwcnet_things [B3] 8.54 16.5 44.76 28.94
raft_kitti [34] 9.25 11.37 55.86 34.28
raft_sintel [34] 6.88 7.04 44 31.15
raft_things [R4] 6.88 6.25 45.37 31.71
rpknet_chairs [B] 7.73 12.01 43.3 30.56
rpknet_Kkitti [38] 6.26 5.32 44 .41 30.79
rpknet_sintel [BX] 7.51 11.33 42.89 30.34
rpknet_things [38] 7.02 7.96 43.43 30.82
sea_raft_l_chairs [BX] 17.15 19.99 47.55 30.57
sea_raft_1_Kkitti [BR] 17.81 13.6 86.19 24.53
sea_raft_1_sintel [BX] 8.51 12.75 45.89 33.02
sea_raft_|_spring [38] 7.5 10.66 43.18 30.39
sea_raft_l_tartan [38] 7.84 11.54 47.37 32.93
sea_raft_1_things [BR] 126.52 169.42 61.53 39.04
sea_raft_m_chairs [B¥] 8.85 10.16 45.33 30.92
sea_raft_m_Kkitti [3X] 12.2 12.33 82.35 27.84
sea_raft_m_sintel [3X] 8.3 12.26 46.72 32.89
sea_raft_m_spring [3X] 7.56 11.09 43.08 30.34
sea_raft_m_tartan [3¥] 7.52 10.91 45.32 31.01
sea_raft_m_things [B] 18.11 36.08 47.89 34.11
sea_raft_s_chairs [3X] 7.97 11.16 46.59 32.31
sea_raft_s_Kitti [38] 12.4 13.71 63.83 34.47
sea_raft_s_sintel [38] 9.36 10.87 68.44 28.93
sea_raft_s_spring [3¥] 7.75 12.26 43.12 30.34
sea_raft_s_things [BS] 7.96 11.29 44.66 32.03
unimatch_things [£3] 9.02 18.45 52.38 33.89
waft_chairs [37] 8.87 10.75 52.92 35.54
waft_things [B7] 10.03 25.67 49.59 34.45
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