
Benchmarking 3D Reconstruction for Under-Ice
Robotic Perception in Arctic Environments

Abstract—As the Arctic transitions toward a seasonally ice-
free state, capturing the complex morphology of submerged sea
ice is crucial for advancing models of ocean-ice-atmosphere heat
exchange and monitoring under-ice habitats.

Currently, sub-surface ice mapping is predominantly achieved
through acoustic sensors such as multibeam sonar. While sonar
provides robust large-scale geometry, it lacks the spectral and
high-resolution textural information required to record fine
morphological features - a critical limitation in under-ice en-
vironments, where sparse visual features and degraded sensing
conditions challenge the capture of detailed structural and optical
surface properties.

We present a benchmark for vision-based under-ice 3D recon-
struction using real-world data from the MOSAiC expedition and
synthetic data generated in an Unreal Engine-based underwater
robotics simulator. The benchmark evaluates Structure-From-
Motion (SfM) and monocular depth estimation, with quantitative
comparison enabled through cross-modal registration to upward-
looking multibeam sonar.

Index Terms—Robotic Perception, Under-Ice Mapping,
Structure-from-Motion (SfM), Multibeam Sonar, Monocular
Depth Estimation, Synthetic Data Generation

I. INTRODUCTION

The complex morphology of the underside of sea ice poses
significant challenges for robotic perception and mapping in
polar environments. Under-ice exploration relies on onboard
sensing to operate in regions inaccessible to direct human
observation, making accurate geometric representations of sur-
rounding ice structures critical for navigation and situational
awareness [1]. Features such as ridges, keels, and melt-induced
cavities create highly irregular surfaces that complicate both
visual and acoustic sensing. High-resolution surface mapping
of the ice underside therefore plays a key role in developing
and evaluating computer vision and sensor fusion pipelines,
improving localization and obstacle awareness for under-ice
robotic systems, and enabling realistic testing of autonomous
navigation in these challenging environments.

Traditionally, acoustic sensing has been used to charac-
terize subsurface ice textures [2]. The predominant modality
for obtaining large-scale geometry has traditionally involved
upward-facing multibeam sonars operated from Autonomous
Underwater Vehicles (AUVs) or Remotely Operated Vehicles
(ROVs).

While acoustic sensing provides robust geometric data, it is
inherently insensitive to color variations and unable to capture
optical information such as light transmittance, albedo or
surface texture. Visual photogrammetry, specifically Structure-
from-Motion (SfM) [3], offers a framework to address this

information gap. However, the subsurface ice remains a sig-
nificant challenge to computer vision approaches because of
extreme light attenuation, backscatter from suspended scat-
terers, and the sparse feature texture of ice surfaces, which
are often repetitive in nature, leading to significant geometric
instability.

In this work, we introduce a benchmark for under-ice
robotic perception based on data collected during the MOSAiC
expedition [4]. We evaluate vision-based 3D reconstruction
methods by comparing Structure-from-Motion (SfM) recon-
structions generated using Agisoft Metashape [3] and monoc-
ular depth estimation using Depth Anything V3 (DA3) [5]
against coincident upward-looking multibeam sonar measure-
ments and analyze their domain-dependent behaviour across
real and simulated under-ice environments.

The main difficulty in enabling such a comparison is the
lack of direct spatial correspondence between acoustic and
visual data, as the two modalities differ in sensing principle,
sampling density and observable coverage. To address this, we
establish a common evaluation domain that enables consistent
comparison between the two sensing modalities.

Collecting additional real-world data is logistically im-
practical, considering that Arctic expeditions are infrequent,
costly, and weather-constrained. A simulated environment is a
highly controlled setting where lighting, turbidity, ROV paths,
and sensor settings can be precisely defined and consistently
reproduced. Utilizing the geometry data from real-world MO-
SAiC sonar surveys ensures that our simulated environment is
realistic and also fully controllable.

In summary, the contributions of this paper are:
• a benchmark for evaluating vision-based 3D reconstruc-

tion methods against spatially aligned under-ice multi-
beam sonar data,

• a cross-modal alignment procedure that defines a shared
sensing region for quantitative comparison between opti-
cal and acoustic reconstructions,

• a simulation pipeline in HoloOcean based on sonar-
derived ice geometry for generating controlled multi-
modal under-ice datasets.

II. RELATED WORK

A. Acoustic and Optical Sensing

Multibeam echosounders are a primary instrument for sub-
ice topographic mapping, measuring the two-way travel time
and angle of acoustic pulses emitted across a wide swath
to reconstruct ice draft geometry. By combining these range



measurements with vehicle navigation data, dense three-
dimensional representations of the ice underside can be gen-
erated over large spatial extents [6]. Due to their robustness
to low visibility and light-independent operation, acoustic
systems are widely regarded as the standard tool for large-scale
geometric reconstruction in under-ice environments. Despite
these advantages, multibeam-derived reconstructions are sub-
ject to several sources of uncertainty. In particular, inaccuracies
in vehicle pose estimation, such as roll miscalibration or
lateral positioning drift, can introduce geometric distortions in
the reconstructed surface. Furthermore, acoustic methods are
inherently limited in that they do not capture optical properties
such as transmittance, albedo, or biological pigmentation,
which are essential for applications such as radiative transfer
modeling. Visual photogrammetry, specifically Structure-from-
Motion (SfM), offers a framework to complement these lim-
itations by reconstructing geometry while preserving optical
appearance. However, when SfM is used to study the ice-
water interface, there are particular environmental challenges,
such as flat port distortion [7], pincushion distortion, and those
related to camera network geometry. While techniques such as
3D-informed image formation models have the capability to
recover surface reflectance [8], SfM reconstructions remain
highly sensitive to feature sparsity and light scattering, char-
acteristics specific to under-ice surveys [9], [10].

B. Monocular Depth Estimation

Monocular depth estimation has emerged as a promising
alternative to traditional multi-view reconstruction methods,
aiming to recover scene geometry from single images using
learned priors. These approaches are particularly attractive
in underwater and under-ice environments, where multi-view
consistency is difficult to achieve due to limited visibil-
ity, sparse viewpoints and unstable camera motion. Typi-
cal methods range from self-supervised techniques that ex-
ploit temporal consistency in image sequences to supervised
and foundation-model-based approaches trained on large-scale
datasets. However, deploying these methods in underwater
environments presents significant challenges. Self-supervised
techniques rely heavily on photometric reprojection loss,
which assumes brightness constancy between frames. This
assumption is broken in underwater settings due to backscatter,
light attenuation and dynamic illumination changes, leading
to degraded performance [11]. While self-supervised Vision
Foundation Models, such as Depth Anything V3, have shown
improved results with synthetic fine-tuning [12], none have
been tested on upward-facing subsurface-ice imagery, which
represents an extreme out-of-distribution case to the photo-
metric priors learned from terrestrial datasets. The significant
scattering and lack of distinctive visual features in underwater
environments beneath Arctic ice further limit the reliability of
purely learning-based depth estimation models.

C. Simulation and Data Benchmarking

Simulation is essential in addressing the lack of anno-
tated data in underwater environments. While OceanSim [13]

and UNav-Sim [14] are highly effective in sensor modeling
and ROS2 support, they are often based on procedural or
artificially designed environments. The MIMIR-UW dataset
[15] proves the effectiveness of artificially generated data in
navigation tasks, even recognizing the sim-to-real gap that
arises due to the inability of artificially generated images to
mimic real-world scattering effects in water.

III. DATASETS

The primary dataset used to answer the research questions
was collected during the Multidisciplinary Drifting Observa-
tory for the Study of Arctic Climate (MOSAiC) expedition
[16], [17]. By providing both under-ice topography and image
data gathered with a multibeam sonar system and a high-
definition camera mounted on a remotely operated vehicle
(ROV), this dataset supports the reconstruction experiments
presented in this work. We prioritized and primarily worked
with survey PS122/3 39-20, conducted on May 5, 2020,
during the MOSAiC expedition. It provided the most visu-
ally consistent and geometrically complete overlap between
acoustic and optical sensor streams required for an accurate
comparison.

The acoustic measurements were acquired using an Ima-
genex DT101 multibeam sonar operating at 240 kHz. The
system emits 480 beams simultaneously with a swath width of
120° across-track and 3° along-track, resulting in an effective
beam width of approximately 0.75°and an angular resolution
of 0.25°. During survey operations the ROV was typically
operated at a depth of approximately 20 m below the ice un-
derside for standard surveys, while higher-resolution surveys
were conducted at a depth of 10 m.

Survey trajectories were flown in a grid or sweep pattern
in order to ensure sufficient spatial overlap between adjacent
passes. Horizontal spacing between lines ranged between 20
m and 25 m, providing approximately 30% overlap of the
area scanned by neighboring swaths. The sonar operated at an
average ping rate of approximately 9.37 Hz. Standard survey
processing resulted in horizontal grid resolutions of approxi-
mately 0.5 m, while higher-resolution products achieved lateral
resolutions of approximately 0.1 m.

1) Acoustic Data Processing: The raw sonar point clouds
contain spurious measurements caused by acoustic noise,
multi-path reflections, and surface scattering effects typical of
imaging sonar systems. Automated statistical filtering meth-
ods, such as the Statistical Outlier Removal (SOR) filter imple-
mented in CloudCompare, were initially evaluated but proved
overly aggressive, removing valid structural measurements
along with noise.

A geometric preprocessing strategy was therefore adopted.
Outliers were removed using spatial clipping based on in-
spection of the point cloud distribution. Points exhibiting
large deviations from the main surface along the vertical
axis were removed using axis-aligned clipping, while points
outside the spatial extent of the structure were eliminated
using planar clipping in the horizontal plane. This approach



removes clearly erroneous measurements while preserving the
geometric characteristics of the ice underside.

While multibeam sonar has inherent uncertainties in vehi-
cle position, its direct physical range measurements remain
unaffected by the lighting and texture-related difficulties that
degrade optical sensing, and its high-frequency acoustic mea-
surements at 240kHz provides a reference significantly more
stable than the decimeter to meter-level errors typical of
Structure-from-Motion (SfM) in under-ice conditions. Conse-
quently, sonar is chosen as the operational ground truth for this
benchmark, representing the best available geometric baseline
in this environment.

2) Optical Data Processing: The dataset used in this study
contains both videos and photos which needed to be pre-
processed before they could be used for reconstruction. The
videos provided a challenge by containing overlay information
portraying position data as well as watermarks. Without re-
moving them the later used feature based image reconstruction
methods would mistakenly identify overlay information as
features resulting in a faulty and inaccurate reconstruction.
To deal with this issue we explored masking the affected
area of pixels, infilling using surrounding pixel information
to generatively fill the marked area, and directly cutting away
the sides that contain the overlay information.

Upward-looking ROV photos do not pose these challenges
and were therefore chosen to be the focus of the image-based
reconstruction efforts. We also employ image enhancement,
such as sharpening and haze reduction [18] as a domain
alignment step since models like DA3 are primarily trained on
terrestrial datasets, with raw underwater imagery presenting an
out-of-distribution (OOD) challenge. [19]

IV. METHODS

A. Geometric Reconstruction

1) Structure-from-Motion: Feature Matching in Sparse En-
vironments: Three-dimensional reconstruction of the ice un-
derside was performed using Agisoft Metashape [3], a com-
mercial SfM photogrammetry package. In preliminary ex-
periments, standard COLMAP failed to produce stable cam-
era alignments on the MOSAiC imagery, consistent with
these known limitations. Metashape’s feature detection and
matching implementation demonstrated greater robustness un-
der these conditions, recovering partial alignments where
COLMAP produced no output. The reconstruction pipeline
consisted of feature detection and matching, camera pose esti-
mation, dense point cloud generation, and mesh reconstruction.
ROV navigation coordinates from the MOSAiC survey were
imported as reference positions to constrain camera alignment,
reducing reliance on purely image-based pose estimation. As
these coordinates are expressed relative to the start of the
survey trajectory rather than an absolute reference frame, they
serve to initialise alignment rather than replace it entirely.

Reconstruction quality varied substantially across the survey
trajectory. Stable results were obtained primarily in Area 1
(see Fig. 1), where image coverage and feature visibility
were most consistent, while higher turbidity and featureless

Fig. 1. Cross-modal alignment in Area 1: Composite overlay showing four-
point registration between multibeam sonar geometry and coincident optical
imagery.

ice regions produced incomplete or geometrically unstable
reconstructions.

2) Monocular Depth Estimation: As an alternative to multi-
view photogrammetry, monocular depth estimation approaches
that infer scene depth from individual images using deep
neural networks were also investigated. Depth Anything V3
(DA3) [5] was used to estimate per-image depth maps from
the selected frames (as illustrated in Fig. 2). This enables
3D reconstruction from images where intrinsic and extrinsic
parameters are not provided a priori, since the model estimates
per-frame focal length and principal point as well as the
rotation matrix and translation vector directly from the image
content. The predicted camera parameters and depth maps are
then used to create three-dimensional point clouds.

Point clouds that produced a recognizable representation of
the ice surface were aligned to the sonar reference using the
procedure described in the following section.

Fig. 2. DA3 depth estimation: The original ice image (left) and the resulting
depth map (right).

3) SfM-Sonar Alignment: A central challenge of this work
is establishing consistent spatial correspondence between
acoustic and visual reconstructions. Because the two sensing



modalities differ in measurement principle, spatial sampling,
and observable coverage, quantitative evaluation is only pos-
sible within regions jointly observed by both.

To this end, evaluation was restricted to the spatial region
observed by both sensing modalities. The same alignment and
cropping procedure was applied whenever the reconstructed
point cloud permitted stable cross-modal registration, enabling
a consistent evaluation protocol across real and simulated
datasets.

The reconstruction (SfM or DA3) was aligned to the sonar
point cloud, which served as the primary geometric reference
due to its direct acoustic range measurements. An initial coarse
alignment was performed manually to establish approximate
spatial correspondence between the two point clouds. Minor
adjustments, primarily along the vertical axis, were required
to account for differences in sensing geometry and uncertainty
inherent to photogrammetric reconstruction. Following this
coarse alignment, the transformation between the point clouds
was refined using the Iterative Closest Point (ICP) algorithm
to improve geometric consistency between the two modalities.

After alignment, the reconstructed point cloud was used to
approximate the spatial footprint of the visual reconstruction.
A slightly expanded bounding region around the reconstruction
was used to crop the sonar data, defining a conservative
overlap volume representing the portion of the ice underside
within the camera’s effective field of view. Quantitative com-
parisons between the sonar and reconstructions were therefore
computed only within this overlapping region.

This approach avoids penalizing the reconstruction for re-
gions that were not observable by the camera system while
preserving the sonar data as the geometric reference represen-
tation of the scene. Because the two sensing modalities rely
on fundamentally different measurement principles—acoustic
ranging for sonar and either photogrammetric triangulation
(SfM) or learned depth inference (DA3), small discrepancies
in point density and local surface representation are expected.

This alignment procedure forms the foundation of the pro-
posed benchmark, enabling consistent cross-modal evaluation
across both real and simulated datasets.

B. Simulation and Synthetic Environment

The HoloOcean [20] framework mitigates the inherent noise
and gaps present within the field-gathered MOSAiC dataset.
Using the hardware-efficient rendering capabilities provided
by Unreal Engine, we deployed an eight-motor remotely op-
erated vehicle (ROV) platform within a controlled environment
with customized camera and sonar configurations. In order to
simulate the Arctic environment, an ice mesh was imported
based on actual sonar data [6], with custom materials used
to visually simulate underwater scenes and approximate the
conditions at the interface of ice and water. Additionally,
water column parameters were calibrated to simulate real-
world properties such as subsurface light scattering, with dense
volumetric fog and non-uniform light attenuation to simulate
the visual constraints within the underwater environment. The
simulated ROV carries a synchronized RGB camera and a

simulated multi-beam sonar, which match the sampling rate
and geometry with respect to the MOSAiC hardware set. Using
a predefined grid-based mission trajectory, we generated a
multimodal synthetic dataset with precise geometric ground
truth and high overlap between the simulated sensors to
provide a rigorous baseline for isolating the specific failure
modes for under-ice perception algorithms.

C. Experimental Procedure

To ensure reproducibility and clarity of the evaluation, we
explicitly define the data selection, reconstruction workflow
and evaluation protocol used in this study.
MOSAiC Field Data: Experiments were conducted on sur-
vey PS122/3 39-20. Frames were manually selected based
on illumination, turbidity, and viewpoint variation. Multiple
spatial regions along the ROV trajectory were reconstructed
using the selected frames. Among these, Area 1 (Fig. 1),
consisting of approximately 160 images, provided the most
complete image coverage and viewpoint diversity. The re-
maining three regions, despite having a comparable number of
frames, exhibited steeper viewing angles, reduced illumination,
and increased turbidity. These factors resulted in weaker
feature correspondences and reduced geometric stability. All
reconstructions were processed using the pipeline described
previously(Section IV-A).
Simulated Data (HoloOcean): Synthetic data were generated
using a grid-based ROV trajectory of approximately 90 sec-
onds, from which image frames were extracted. The trajectory
was chosen to maximize viewpoint diversity and coverage of
larger ice structures.

The simulated platform was equipped with a co-registered
RGB camera and multibeam sonar matching the real system
(Section III). The environment was constructed from sonar-
derived ice geometry, ensuring realistic morphology while
enabling controlled variation of environmental conditions.

Both SfM (Metashape) and DA3 were applied to the sim-
ulated dataset using the same reconstruction and alignment
pipeline (Section IV-A).

V. EXPERIMENTAL RESULTS

A. MOSAiC Field Data

In practice, SfM consistently produced spatially coherent
reconstructions under real-world conditions, whereas DA3
remained unstable and only produced usable results in isolated
cases.

Stable SfM reconstructions were obtained primarily in
Area 1, where overlapping images and sufficient feature vis-
ibility allowed for robust camera pose estimation. In other
areas, increased turbidity and feature-poor ice surfaces led to
partial alignments and geometrically unstable results, consis-
tent with known limitations of feature-based photogrammetry
in optically degraded underwater settings.

After cross-modal alignment using iterative closest point
(ICP) (visualized in Fig. 4), the SfM reconstruction aligns
with the sonar reference with RMSE of 0.5525 m and MAE of
0.4508 m relative to the sonar reference. Point-to-point errors



are small relative to the overall spatial extent, suggesting that
the large-scale relief and primary morphological structures are
recovered in regions with sufficient image coverage. However,
surface distance measures indicate localized geometric devia-
tions, particularly in areas affected by turbidity, floating debris,
and limited feature availability.

In contrast, DA3 reconstructions of the MOSAiC dataset
were generally fragmented and lacked consistent geometric
structure (see Fig. 3). This lack of identifiable geometric
correspondences between the optical and sonar data prevented
reliable alignment in most cases. In Area 1, where visibility
and feature content were higher, partial reconstructions could
be obtained, but their geometric accuracy remained inferior to
SfM.

TABLE I
RECONSTRUCTION ERROR METRICS ON MOSAIC FIELD DATA. ALL

DISTANCE-BASED METRICS ARE REPORTED IN METERS.

Metric SfM (Metashape) DA3 (Monocular)
RMSE (m) 0.5525 1.2103
MAE (m) 0.4508 0.8569
ARE (-) 0.0107 0.0204
W-RMSE1(m) 0.5761 0.9705
Chamfer (m) 1.7036 3.0413
Hausdorff (m) 9.0871 13.4949
DA-Ch. [21] (m) 1.6984 2.5935

Fig. 3. Example of reconstruction with DA3 inference using four enhanced
images and estimated camera poses.

B. HoloOcean Simulated Data

In the simulated environment, reconstruction performance
differs significantly from the MOSAiC dataset.

SfM fails to produce stable results, with large geometric
distortions and inconsistent structure across the reconstructed
regions. This is attributed to low-contrast surface textures and
uniform lighting models, which reduce feature distinctiveness
and degrade feature matching.

Conversely, DA3 produces spatially coherent reconstruc-
tions that can be aligned with the sonar reference (visualized in
Fig. 5). This behavior is supported by the controlled imaging
conditions, including stable illumination and consistent surface
appearance, which enable more reliable depth prediction.

1Weighted by point cloud density for a representative global error estimate.

Fig. 4. CloudCompare visualization of the alignment between the SfM
reconstruction and the sonar reference. The sonar slice is shown in white,
while the SfM point cloud is colored by C2C (cloud-to-cloud) distance (m).
Blue and green indicate good alignment, while yellow-red regions indicate
larger deviations.

TABLE II
RECONSTRUCTION ERROR METRICS ON HOLOOCEAN SIMULATED DATA.

ALL DISTANCE-BASED METRICS ARE REPORTED IN METERS.

Metric SfM (Metashape) DA3 (Monocular)
RMSE (m) 10.2149 0.3176
MAE (m) 7.8551 0.2414
ARE (-) 0.3145 0.0097
W-RMSE (m) 10.3863 0.2917
Chamfer (m) 10.1127 0.7839
Hausdorff (m) 79.5502 4.0488
DA-Ch. [21] (m) 10.1610 0.7563

VI. DISCUSSION

Results reveal a domain dependence. On real MOSAiC data,
only SfM produced geometrically meaningful reconstructions,
whereas DA3 fails to align reliably with the sonar reference.
In simulation, the opposite trend was observed: DA3 pro-
duced coherent reconstructions with lower geometric error,
while SfM struggled under the rendered image conditions.
When using real-world data from MOSAiC, SfM achieved
significantly better results for geometric errors (RMSE: 0.55
m), whereas the DA3 algorithm could not align itself with
the sonar reference in the majority of tested regions (RMSE:
1.21 m). Although specific instances of improved DA3 re-
sults were observed under low turbidity, the difference was

Fig. 5. Comparison of the simulated environment and the resulting DA3
reconstruction: (left) the HoloOcean synthetic underwater viewport and (right)
the generated 3D point cloud using the simulated camera trajectory.



insignificant, and still did not outperform SfM (RMSE: 1.21
m vs. 0.55 m; Chamfer: 3.07 m vs. 1.70 m). In contrast,
when using simulated data, DA3 delivered significantly better
results with lower geometric error (RMSE: 0.32 m), while
SfM delivered substantially worse results (RMSE: 10.21 m).
On real MOSAiC data, DA3 failed to perform well despite
the improvements made by photometric enhancement. As
shown in Fig. 6, preprocessing can enhance the local structure
alignment, but cannot overcome the gap between simulation
and reality.

Fig. 6. Depth map enhancement and absolute difference heatmap showing
localized refinements. (Per-pixel absolute difference (normalized) between the
original and enhanced grayscale depth maps).

Real under-ice data represents a severe out-of-distribution
challenge that breaks the learned spatial priors of foundation
models like DA3, a sim-to-real limitation similarly observed
in stereo-based underwater networks [19]. To bridge this gap,
our HoloOcean extension provides a controlled environment
for generating the multimodal datasets required to fine-tune
vision-based models for these harsh domains. Ultimately, over-
coming these perception limits requires fusing optical sensing
which captures fine-scale photometric details unresolved by
acoustic footprints with the globally stable geometric refer-
ence of multibeam sonar. Advancing high-fidelity mapping in
extreme subsea environments therefore depends on tightly in-
tegrating textural fidelity of computer vision with the structural
robustness of acoustic baselines.

A. Dataset Scarcity

The scarcity of suitable under-ice optical datasets represents
the most fundamental limitation facing this line of research.
Existing surveys were designed primarily around acoustic
sensing and scientific observation rather than photogrammetric
reconstruction. As a result, available image collections are
characterised by sparse spatial coverage, inconsistent inter-
frame overlap, and ROV trajectories that were not opti-
mized for systematic scene coverage. The closest precedent
is the proof-of-concept deployment [7], which covered short
transects over landfast ice under controlled sled conditions,
which is far removed from the ROV-based, open-water survey
geometry required here. Larger campaigns such as MOSAiC
prioritised acoustic mapping and bio-optical measurements,
with optical imagery collected as a secondary output rather
than a primary data product. The result is that the type of
dense, systematically overlapping image sequences that SfM
requires has never been a collection priority in under-ice
survey design.

B. Environmental Constraints

Beyond data availability, the under-ice environment itself
introduces physical constraints that no improvement in data
collection can fully overcome. While the ice underside varies
significantly in geometric relief, from flat congelation ice to
heavily deformed pressure ice, it remains visually featureless
across both surface types, providing insufficient texture for
feature-matching pipelines to establish reliable correspon-
dences. Abrupt changes in the ice draft introduce a large
inter-frame geometric displacement that, in the absence of
distinctive surface features, produces reconstruction failures
predominantly where the geometry is most variable. This is
further compounded by the optical properties of the water
column. Turbidity driven by suspended particles and biological
matter introduces spatially uneven scattering that degrades
image sharpness, while active water currents continuously shift
the optical properties of the water column between consecutive
frames, violating the scene stationarity assumption at the core
of SfM. Together, these factors represent intrinsic properties of
the Arctic under-ice environment rather than limitations that
can be resolved through improved hardware or software alone.

VII. CONCLUSION

We presented a benchmarking framework for vision-based
under-ice 3D reconstruction using real-world MOSAiC data
and HoloOcean synthetic environments, with multibeam sonar
serving as the geometric ground truth. These findings empha-
size the complementary nature of acoustic and optical sensing.
Sonar provides a stable geometric reference, while vision-
based methods capture fine-scale surface detail. The severe
sim-to-real gap observed in foundation models highlights the
necessity of domain adaptation for harsh environments, a
challenge our simulation pipeline addresses through controlled
data generation. Future research will focus on bridging this gap
by expanding the simulator to encompass a wider diversity of
heterogeneous ice morphologies and structural complexities.
By leveraging this enhanced synthetic data, we intend to fine-
tune vision foundation models to generalize robustly against
the unique photometric and scattering effects inherent to
under-ice environments. Ultimately, we aim to translate these
optimized metrics into a computationally efficient, real-time
perception pipeline.
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