Safety-Bounded Space Robot Navigation via Vision-Language Model Integration

Jimmy Tran, Chahat Deep Singh
Department of Robotics, University of Colorado Boulder Q P R Al Se La b

Abstract System Diagram Results

Planetary exploration robots operate under constraints that
challenge modern autonomy: communication latency Ilimits Geometric:SemanticEused Map
learning from human intervention, mass and power budgets
restrict sensing and compute, and training data is scarce.
Geometric perception is commonly used, but often fails to
capture semantically meaningful hazards not well defined by
geometry alone. Vision-language models (VLMs) offer a way to
reason about such uncertainty, but their unpredictable failure p ~
modes limit use in safety-critical systems. We propose that RGB-D

robust autonomy is better achieved through architectural Input

integration of geometric and semantic perception. We introduce
a framework where the VLM acts as a conservative semantic !
safety advisor, augmenting a geometric planner with safety
bounds. We evaluate three integration strategies: single-pass |
zero-shot detection, multi-stage decomposed reasoning with o
temporal filtering, and proposal verification with iterative RGB Image
refinement. Preliminary results demonstrate improved safety .

over geometric-only baseline in simulated navigation tasks.
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3) Proposal verification with iterative refinement: Further refines localization of box to block only the potential traversal region

of the rover, instead of the entire archway

1) Single-pass zero-shot detection: capable of recognizing the pathway on the left as potentially unsafe, but also picks up on

Problem Motivation
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modalities. Prompt:
Initial ‘solution’ Initialization: 1) Detect hazards in scene and provide context reasoning e -
' _ : 2 _ » N 2) Determine whether hazards can be geometrically reasoned O T
= Use VLMs! Stand in replacement for 1) Single-pass zero-shot —_— T Somanttnzarg dofiption 3) Rank hazard priority based on spatial and temporal >
human intervention, and it replaces multi-step detection 2)  Robot modality context proximity
pipelines with single inference pass. 3)8 Eounding bax gy dance 4) Localize hazards and provide bounding boxes around hazard £ 901 £ -90f
envelope with future possible states i >
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including compute, so model size is also Context t-1 oL +30
limited... I o
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Operational setup: Let’s say the following are true... T T Ty 1) Detect hazards in scene... 0% 160 180 200 220 240 260 280 %140 160 180 200 220 240 260 280
implemented in this work. world X (m) world X (m)
1) We are currently in a communications blackout with satellites communicating T / »| Context,
with ground stations Note #1: Crater was chosen as ‘semantic hazard’ in this Blender-simulated lunar rover scene for its relevance to Opportunity
2) We do not have orbital maps of the area we are in (either due to lackof [~~~ ~~~"~"~""~""~“""“~"">""~"~"~““""™>""™>""™>""™>""™>/""/""™>/""/""/""/"">/""—/"/"/"—/—/— o T T T T T rover example (potential risk for wheel slip or sinkage in loose regolith near crater slopes).
satellite imagery, operation in occluded regions . . .
: gery, op C 9 ) , | Fork=1tok=K Note #2: Example of single frame outputs can be seen in the system diagram.
3) We are in a state that is either currently unsafe, or has the potential to become & =
unsafe in the future 3) Proposal verification Initialization
_ o _ ‘ S with iterative refinement ,| 1) Detecthazardsinscene... Yes .
= So inaction is not necessarily the ‘safest’ action... i
3) Rank hazard priority...
4) Localize hazards... - . -
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Limitations: Future Work:
1) Using general-purpose VLM (Qwen3-VL) for testing, instead of 1) Usage of space-adapted VLMs.
o model adapted specifically for space robotics. 2) Selective semantic segmentation: using segmentation models to
11 NASA Jet Propulsion Laboratory, “Looking Back at ‘Purgatory Dune’ (P|AO7999),” June 21, 2005. 2) Minimal test dataset utilized (lack of real and relevant scenes to more accurately outlined identified regions in the scene.
- anticipated semantic safety hazards). This work largely focuses ‘Selective’ refers to the VLM'’s decision to segment elements of
2 R E A d t / “R | t | . t d blt t k t t b t t on proposal of safety systems architecture for VLM integration the scene (e.g. segmentation would make more sense in static
& - . AVIAson et ai., €la mg 990 Og|C units ana moolil y SyS em Kinematcs contriou |n9 O into space robotics applications. hazard scenarios — such as rocky terrain — than for dynamic
3) Assumes ideal visibility conditions for RGB-D sensing. hazard scenarios — such as dust plumes).
Cur|os|ty wheel damage at ga|e Crater’ marS,” Journal of Terramechar"CS, Vvol. 73, pp. 73_93, 2017. 4) Power consumption is loosened as a constraint. Overly  3) Temporal consistency filtering implementations: filtering VLM
conservative outputs could lead to inefficient power draw from results across time steps to ensure detections are consistent
@ .. . . ” _ .. ] idling commands (specifically for robot modalities that require and not spurious.
[3] G009|e, Gem'”'- MUltlmOdal generathe AI, httpS-//gemlnl-gC)Og'e- Com/, aCCeSSGd. MarCh 2026 constant power draw to operate, such as aerial robots). 4) VLM tool-calling procedures: offload tasks to external tools with
bounded success rates.
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