What Breaks Monocular SLAM in Microgravity?
An Initial Benchmark on Rotation-Dominant Astrobee ISS Sequences
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Fig. 1.
motion blur. This paper focuses on the rotation-dominant subset.

Abstract— We present a challenge-oriented benchmark for
Astrobee free-flyer monocular SLAM inside the International
Space Station (ISS), guided by a visual challenge taxonomy.
This initial study focuses on the rotation-dominant subset of
this taxonomy. We evaluate monocular methods spanning the
dense 3D Gaussian Splatting (3DGS) Simultaneous Localization
and Mapping (SLAM) family and geometric foundation model
based approaches on rotation-dominant monocular sequences,
emphasizing dense monocular 3DGS pipelines for their explicit
scene representation, which allows tracking, mapping, and
rendering failures to be directly examined, and contrasting
feed-forward geometric foundation models with tightly coupled
SLAM systems built on top of them. Our evaluations reveal that
robustness is highly local and motion-conditioned; optimized
3DGS pipelines improve stability, whereas geometric foundation
models require tight coupling with temporal tracking to be
effective. By exposing these algorithmic vulnerabilities, this
work enables a more targeted approach to space robotics
autonomy.

I. INTRODUCTION

The Astrobee [1-3] is the free-flying robot to perform
intra-vehicular activity tasks aboard the ISS U.S. Orbital
Segment. To enable autonomous operation aboard the ISS,
Astrobee’s onboard localization and navigation software
provides position estimates in the absolute ISS coordinate
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Fig. 2. Unrestricted 360° rotational motion of Astrobee inside the ISS.
Astronaut Anne McClain is visible in the scene.

frame [4, 5]. This software relies heavily on robust visual per-
ception, since localization must be performed from monoc-
ular imagery in a cluttered, fully three-dimensional interior
under the representative ISS visual challenges summarized
in Fig. 1.

Visual localization for the Astrobee aboard the ISS has
been actively studied to address the challenges of its long-
term autonomy, including semantic localization, sparse-map
localization, change-aware perception, and improved on-
board localizers [4-9]. AstroLoc2 [5] is the current opera-
tional baseline, relying on prior-map matching with feature-
based visual-inertial estimation for flight-proven onboard
deployment. This motivates a challenge-aware benchmark:
we need a systematic way to characterize which ISS visual
conditions cause failures in practice and which visual mech-
anisms improve robustness in the spirit of challenge-aware
SLAM evaluation [10-12].

We address this need by introducing a challenge-oriented
benchmark for Astrobee ISS data, guided by our visual chal-
lenge taxonomy. Within this taxonomy, rotation-dominant
motion is a particularly important stressor for space vi-
sual navigation, since microgravity free-flyers undergo un-



TABLE I
TRACKING ACCURACY ATE RMSE [M] ON

ASTROBEE MONOCULAR IMAGE SEQUENCES

Method iva_kibo_rot ff_return_rot
HI-SLAM2 [16] 0.013 0.006
WildGS-SLAM [17] 0.087 0.015
MUSt3R [18] 0.169 1.001
MASt3R-SLAM [19] 0.196 0.682
MonoGS [15] 0.462 1.223

restricted 3D attitude changes and the Astrobee ISS dataset
contains abrupt in-place rotations and large viewpoint vari-
ation (see Fig. 2 and the rightmost column of Fig. 1). Such
extreme rotations severely degrade operational baselines like
AstroLoc2: a full 360-degree rotation removes prior-map
landmarks from view, breaking global structural constraints
[10, 11], while motion blur and severe viewpoint changes
destroy the local correspondences needed to prevent local-
ization drift [12, 13].

We therefore focus on rotation-dominant sequences and
use local diagnostics, beyond sequence-level averages, to
assess method-specific robustness to severe rotational mo-
tion. To isolate visual robustness, we restrict the study to
monocular methods and further focus on dense monocular
pipelines built on explicit scene representations, in which
tracking, mapping, and rendering failures can be directly
examined.

To examine which stabilizing mechanisms improve lo-
cal robustness, we evaluate recent dense monocular SLAM
methods based on 3DGS [14] (e.g., MonoGS [I5], HI-
SLAM2 [16], WildGS-SLAM [17]) alongside recent feed-
forward geometric foundation model based methods (e.g.,
MUSt3R [18], MASt3R-SLAM [19]). Benchmarking these
diverse approaches allows us to analyze the impact of global
optimization, geometric foundation models, and uncertainty
modeling on rotation-dominant sequences. Our main contri-
butions are as follows:

e We introduce a visual challenge taxonomy for Astrobee
ISS imagery as an organizing framework for challenge-
aware benchmark design.

e We present an initial challenge-oriented benchmark
study comparing dense monocular 3DGS SLAM meth-
ods and geometric foundation model based approaches
on rotation-dominant ISS sequences.

II. MONOCULAR DENSE SLAM BENCHMARK
A. Metrics

We evaluate the compared methods on two representative
Astrobee ISS monocular image sequences from the rotation-
dominant subset of our challenge taxonomy, drawn from the
publicly available Astrobee ISS Free-Flyer Dataset [20]. We
report global absolute trajectory error (ATE) RMSE [21, 22]
in Table I. However, because the global ATE can obscure
short-duration failures, we additionally analyze local pose
consistency using local windowed ATE, defined as the ATE

RMSE after Sim(3) (3D similarity transform) alignment over
a sliding window of A = 51 frames (corresponding to a
few seconds of motion at the dataset’s NavCam frame rate,
long enough to encompass abrupt rotational segments while
remaining local), and report the result in Fig. 3.

B. Experimental Baselines

e MonoGS [15]: Vanilla monocular 3DGS SLAM base-
line.
o HI-SLAM2 [16]: 3DGS SLAM utilizing geometry-

aware monocular priors and global consistency.

e WildGS-SLAM [17]: 3DGS SLAM featuring
uncertainty-aware geometric mapping.

e MUSt3R [18]: Feed-forward geometric foundation
model for multi-view 3D reconstruction.

o« MASt3R-SLAM [19]: Real-time dense SLAM leverag-
ing a geometric foundation model [23].

C. Results and Discussion

In Table I, HI-SLAM2 achieves the lowest overall tra-
jectory error, followed by WildGS-SLAM, while MASt3R-
SLAM and MUSt3R show larger global ATE and MonoGS
performs worst on the selected ISS sequences.

As shown in Fig. 3, HI-SLAM2 and WildGS-SLAM
maintain the lowest local error across most frames, including
intervals of elevated rotation intensity, indicating stronger
robustness to rotational stress. MonoGS is readily stressed by
rotation-heavy and weak-overlap motion. MUSt3R shows the
largest variance and the most frequent spikes, indicating that
a geometric foundation model alone does not guarantee sta-
ble local estimation. Although MUSt3R preserves reasonable
global ATE, its lack of temporal integration leads to large
local ATE spikes. MASt3R-SLAM demonstrates that tightly
coupling such geometric foundation models with sequential
tracking significantly stabilizes local pose consistency.

Qualitatively (Fig. 4), the clearest differences are scene
completeness and artifact quality. In the global and final
views, the geometric foundation model based methods fail
to recover much of the rear JEM section, likely because
this region exceeds the reliable depth range of these models,
which are trained predominantly on indoor datasets (e.g.,
ScanNet++, Habitat, ARKitScenes, BlendedMVS, Co3D)
with scene depths concentrated within ~5m, whereas the
JEM Pressurized Module spans 11.2m end-to-end. In the
close-up hatch view, MASt3R-SLAM and HI-SLAM2 re-
cover finer local structure than MUSt3R and WildGS-SLAM,
with MASt3R-SLAM benefiting from temporal coupling
and HI-SLAM?2 from geometry-aware monocular priors and
global consistency. However, when MASt3R-SLAM revisits
a similar scene after a large rotation, its loop closure fails and
the same region is reconstructed as two disconnected sub-
maps; tracking itself remains intact. WildGS-SLAM recovers
a broader scene extent but exhibits substantial geometric
distortion, floaters, and blur. Consistent with its lower local
error in Fig. 3, HI-SLAM?2 remains the most stable and
visually coherent.
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Fig. 3. Local Windowed ATE [m] on the same two representative rotation-dominant Astrobee ISS sequences evaluated in Table I. The overlaid

gray curve shows the angular speed [deg/s] computed from ground-truth orientations. Elevated local pose errors concentrate around high-rotation intervals.
HI-SLAM?2 and WildGS-SLAM remain the most stable overall, while MUSt3R exhibits the largest variance and the most frequent spikes; MASt3R-SLAM
partially mitigates these failures through temporal coupling.
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Fig. 4. Reconstruction results on the iva_kibo_rot sequence. Red boxes indicate unreconstructed regions, and yellow boxes highlight severe floaters
or blurred artifacts. The geometric foundation model based methods fail to recover much of the rear Japanese Experiment Module (JEM) section, and
MASt3R-SLAM reconstructs it as two disconnected sub-maps because loop closure fails on the post-rotation revisit. WildGS-SLAM exhibits substantial
distortion and floaters. The green boxes show that MASt3R-SLAM and HI-SLAM?2 recover the hatch details most faithfully, while HI-SLAM?2 remains
the most stable overall. MonoGS produced highly degraded reconstructions and is therefore omitted from this comparison.

Key Takeaways and Future Work. Our evaluations identify
three failure modes that break monocular SLAM under
rotation-dominant motion: (i) the plain MonoGS baseline

than uniform over the trajectory. Augmenting the plain
monocular baseline with structural constraints and global op-
timization [16, 17] substantially improves tracking stability

loses tracking in rotation-heavy, weak-overlap segments; (ii)
feed-forward foundation models without temporal integration
(MUSt3R) exhibit large local-pose spikes despite reason-
able global ATE; and (iii) tightly coupled hybrid systems
(MASt3R-SLAM) stabilize tracking but expose loop closure
as the dominant bottleneck under large-rotation revisits,
fragmenting reconstructions into disconnected sub-maps—a
critical dilemma in modern hybrid SLAM [24, 25]. These
failures are primarily local and motion-conditioned rather

and mitigates scale drift; HI-SLAM?2 achieves the strongest
local robustness and provides the most stable and visually
coherent reconstruction overall.

Future work will expand our benchmark to the full spec-
trum of our ISS visual challenge taxonomy and develop
adaptive SLAM mechanisms to support Astrobee’s long-term
autonomy.
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