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Abstract— Planetary exploration robots operate under con-
straints that challenge modern autonomy: communication la-
tency limits learning from human intervention, mass and power
budgets restrict sensing and compute, and training data is
scarce. While geometric perception is commonly used for navi-
gation, it often fails to capture semantically meaningful hazards
that are not well defined by geometry alone. Satellite imagery
can help manage growing uncertainty bounds by marking
out regions known to be unsafe, but occluded environments
do not have this support. Vision-language models (VLMs)
offer a way to reason about such semantic uncertainty, but
their unpredictable failure modes limit use in safety-critical
systems. We propose that robust autonomy in space is better
achieved through architectural integration of geometric and
semantic perception, rather than relying solely on training
better models. We introduce a framework in which a VLM
acts as a conservative semantic safety advisor, augmenting a
geometric planner with safety bounds such that uncertainty
results in over-restriction rather than unsafe actions. We eval-
uate three integration strategies: single-pass zero-shot detection,
multi-stage decomposed reasoning with temporal filtering, and
proposal verification with iterative refinement. Preliminary
results demonstrate that these architectures improve the safety
of a geometric-only baseline in simulated navigation tasks.

I. INTRODUCTION

Robot navigation in unstructured environments typically
relies on geometric sensors (stereo depth, LiDAR) paired
with auxiliary sensors (thermal, infrared) to fill in for the
perception gaps that geometry alone can not capture. This
design is only effective when hazards can be accurately
represented by the available sensing modalities. While Li-
DAR enables terrain traversability analysis, and thermal can
mark out temperature-inoperable regions, these sensors lack
the semantic ability to discern partially ambiguous decision
boundaries. [1] Sensor limitations are further compounded in
space, where launch costs scale exponentially with payload
mass, limiting sensor availability. [2] In Earth-based settings,
robots can request human help, [3] or deploy more powerful
multi-step algorithms (image segmentation, feature detection,
region classification, depth quantization, material analysis)
to continually re-sense and re-plan [4]; these approaches are
infeasible in space environments. VLMs offer a compelling
alternative, replacing multi-step pipelines with a single in-
ference pass that provides semantic hazard reasoning at
reduced computational cost. While inaction seems safest
under uncertainty, hazards can evolve temporally, rendering
previously safe states unsafe and forcing autonomous action
without human supervision.

‘Semantic uncertainty’ in space manifests in hazards such
as loose regolith slopes with high slip or sinkage risk,

fine dust particulates obscuring visibility for feature-based
tracking, or operation near structurally compromised bodies–
obstacles requiring logical inference beyond geometric sens-
ing to classify. [5] Past examples include the Opportunity
rover’s five-week entrapment in Purgatory Dune due to wheel
sinkage, [6] and the Curiosity rover’s wheel damage caused
by sharp rock outcrops. [7] While mission planners will
typically have these regions marked out on satellite maps, [8]
autonomy in space will eventually have to tackle unmapped
areas where ‘keep-out zones’ are not well defined. [9] Given
these constraints, how can we design intelligent, robust, and
scalable autonomy? The focus for safety-critical systems
is shifting from training better models towards identifying
architectural gaps and integration structures that enable for-
mal safety guarantees. [10] This work evaluates three VLM
integration architectures that proactively prevent reaching
irrecoverable states while maintaining two principles: (a)
advisory-only guidance decoupled from direct control inputs,
and (b) minimal resource requirements.

The contributions of this work are:
• An evaluation of three integration architectures for

incorporating vision-language models into space robot
navigation for semantic hazard detection.

• A formulation of semantic safety bounding as an advi-
sory layer over geometric planning, ensuring that VLM
uncertainty results in conservative over-restriction rather
than unsafe actions while preserving baseline safety
guarantees.

II. PROBLEM FORMULATION

Consider a robot with state space S and action space A.
A trajectory τ is defined as a set of states and actions over
time horizon T, τ = (s0, a0, s1, a1, . . . , sT ) where st ∈ S
and at ∈ A. A simple geometry-only navigation policy is
defined as:

at = π(Mgeom
t , st, g), Mgeom

t = Φg(zt, st) (1)

Where Mgeom
t encodes the geometric map at time t which

the policy plans over, and g is some goal condition for
which a heuristic could be defined. We define an operator Φ,
that takes in ‘sensor inputs’ (depth values zt for geometric
case) paired with the state to construct a map representation.
As previously mentioned, this policy is insufficient when
geometric sensing does not fully represent traversal risk. We
consequently define a new term Msem

t , which encodes the
semantic map representation of the environment, and gets



fused with the geometric map through a union operation:

a∗t = π(Mgeom
t ∪Msem

t , st, g) (2)

The formulation for the new term Msem
t is defined as:

Msem
t = ϕs([Bt, (zmin, zmax)], st), Bt, Ct = fθ(It) (3)

The ‘sensor inputs’ in the semantic case include Bt (the
2D image space bounding boxes outputted by the VLM),
and (zmin, zmax), the actionable depth range provided to
project Bt into Msem

t (since the VLM has no discrete depth
rectification). We define fθ as an operator that involves
querying the VLM, with the input being the RGB image It,
and the outputs being Bt and corresponding context labels
Ct. The key problem that this work aims to define is how fθ
should be integrated into existing frameworks in a way that
is spatially grounded, robust, and computationally practical.

III. METHODOLOGY

A. Geometric Layer Design

The geometric layer constructs an obstacle map from
depth observations using standard point cloud processing
techniques (downsampling, voxelization, and clustering to
form boxed regions). This map defines the baseline planning
space.

B. Semantic Layer Design

A vision-language model takes in RGB inputs and outputs
spatial bounds over the robot action space. [11] We test
three different architectures for integrating fθ. These are
formulated in Algorithms 1, 2, and 3.

Algorithm 1 Single Zero-Shot Prompt: standalone zero-shot
prompts at every VLM query call. The prompt contains in-
formation on hazard, spatial, and output formatting guidance.

Require: Depth readings zt, RGB image It, state st
Ensure: Action at

1: Construct geometric map from depth readings:
2: Mgeom

t = Φg(zt, st)
3: Single-pass query to VLM for semantic hazard 2D

bounding boxes and context labels:
4: Bt, Ct = fθ(It)
5: Project 2D bounding boxes to 3D semantic map:
6: M sem

t = Φs([Bt, (zmin, zmax)], st)
7: Fuse geometric and semantic maps:
8: M fused

t = Mgeom
t ∪M sem

t

9: Plan over fused map:
10: at = π(M fused

t , st, g)

In all architectures, the model received an initial safety
context prompt with robot specifications (size and modality)
and hazard determination rules across robot modalities (e.g.
aerial robots are generally indifferent to ground hazards).
The final 2D bounding box outputs are then projected into
3D space over actionable depth (zmin, zmax). In this case,
‘actionable depth’ refers to setting zmin and zmax to the
geometric depth sensor’s sensing range for map alignment,
but also to enforce a ‘proactive’ planning intent–minimizing
the risk of reaching irrecoverable states early on.

Algorithm 2 Multi-Stage Decomposed Reasoning with Tem-
poral Filter: prompting is broken down across decision
boundaries, each contextualized by the preceding stage’s out-
puts, and filtered against each other over temporal instances.

Require: Depth readings zt, RGB image It, state st, previ-
ous semantic map M sem

t−1

Ensure: Action at
1: Construct geometric map from depth readings:
2: Mgeom

t = Φg(zt, st)
3: Triage prompt to VLM for hazard category presence:
4: Tt = f triage

θ (It)
5: Localize hazard regions for each flagged category:
6: Ht = fprox

θ (It, Tt)
7: Extract spatial bounds from hypothesis regions:
8: Bt, Ct = fbbox

θ (It,Ht)
9: Project raw detections to 3D semantic map:

10: M̂ sem
t = Φs([Bt, (zmin, zmax)], st)

11: Filter detections using temporal consistency and previ-
ously determined context:

12: M sem
t = gfilter(M̂

sem
t ,M sem

t−1 , Ct−1)
13: Fuse maps:
14: M fused

t = Mgeom
t ∪M sem

t

15: Plan:
16: at = π(M fused

t , st, g)

Algorithm 3 Proposal Verification with Iterative Refinement:
this approach builds off of Alg. 1, adding a secondary stage
that passes the image with overlayed 2D bounding boxes
back to the model (paired with context) for self-validation.
Note: χ̂ represents proposal for value of χ.

Require: Depth readings zt, RGB image It, state st, max
validation iterations K

Ensure: Action at
1: Construct geometric map from depth readings:
2: Mgeom

t = Φg(zt, st)
3: Forward-pass query:
4: B̂t, Ĉt = fθ(It)
5: Bt ← B̂t, Ct ← Ĉt ▷ Initialize Storage
6: for k = 1 to K do
7: Overlay bounding boxes on image:
8: Ioverlayt = draw(It, B̂t)
9: Verification query:

10: vk,B(k)t , C
(k)
t = fverify

θ (Ioverlayt , Ĉt)
11: if vk = approved then
12: Bt ← B(k)t , Ct ← C

(k)
t ▷ Update Best

13: break
14: else
15: B̂t ← B(k)t , Ĉt ← C

(k)
t ▷ Update Latest

16: end if
17: end for
18: Project to 3D semantic map:
19: M sem

t = Φs([Bt, (zmin, zmax)], st)
20: Fuse maps:
21: M fused

t = Mgeom
t ∪M sem

t

22: Plan:
23: at = π(M fused

t , st, g)



C. Experimental Setup

We use the Qwen3-VL 8B instruct model [12] and eval-
uate on: (1) single-frame synthetic scenes generated using
Gemini, a commercial multi-modal generative model with
text-to-image capabilities, [13] and (2) a full trajectory in a
Blender-simulated lunar rover scene, comparing Algorithm
1 against a geometric-only baseline. The lunar scene was
chosen for its relevance to the Opportunity rover’s Purgatory
Dune entrapment. The substrate near and around a crater
is both sloped and structurally ambiguous, posing potential
slip or sinkage risks. The planner policy used was a cus-
tom collision-free sampling-based approach with a weighted
distance-to-goal heuristic.

IV. RESULTS

(a) Single zero-shot prompt (b) Multi-stage reasoning

(c) Proposal verification

Fig. 1: Single instance testing for a synthetic scene with a
structurally compromised overhang.

1) Single Zero-Shot Prompting: This method avoided
high-uncertainty regions but exhibited selective attention fail-
ures, often over-analyzing certain features in the scene while
ignoring others. Additionally, the bounding box outputs were
not always well-defined (insufficient hazard-extent coverage,
boxes ‘bleeding’ into safe zones, overlapping boxes with
similar context labels–refer to Fig. 1(a)), demonstrating weak
spatial understanding within the image. The current working
hypothesis is that this effect is due to the model having
to simultaneously handle multiple decision boundaries in a
single prompt (hazard reasoning, spatial localization, pixel-
wise inference), increasing cognitive load and reducing per-
formance on the individual tasks themselves.

2) Multi-stage Decomposed Reasoning: Sub-task decom-
position was able to alleviate some of the cognitive load
experienced in single zero-shot prompting by splitting the
context window across multiple prompts. [14] Each stage
was able to focus on handling its own respective task, with
the outputs of each stage feeding into the next. This archi-
tecture allowed for stronger grounding across the individual
tasks, represented by more concisely defined bounding box
outputs as seen in Fig. 1(b). The model successfully identi-
fied the single dominant hazard in the scene–the structurally
compromised overhang–and did not bound elements that
largely will not interfere with the robot’s operation (e.g. the

small cluster of rocks near the base of the left overhang
entrance).

3) Proposal Verification with Iterative Refinement: The
third architecture introduced a validation layer that enables
the VLM to refine its own predictions. By re-evaluating
bounding boxes overlaid on the input image, the model can
correct spatial inconsistencies from the initial forward pass.
This is demonstrated in Fig. 1(c), where the overlapping
bounding boxes of Fig. 1(a) were combined, and the bounded
region of Fig. 1(b) was shrunk to only bound the robot’s
potential path instead of the entire archway.

(a) Depth Map (b) Semantic RGB Overlay

(c) Semantic-Geometric Map

Fig. 2: Single frame outputs for full trajectory testing in lunar
rover scene.

4) Full-trajectory Testing: Even with the limited capabil-
ities of Algorithm 1, this method demonstrated its potential
capabilities in a synthetic space-robotics navigation scenario.
As shown in Fig. 2, the model correctly identified the
crater as the region of high safety uncertainty. To reduce
computational load, the VLM was queried every five time
steps, assuming limited scene variation between queries.
Despite this sparse querying, the semantic layer remained
effective in guiding safe navigation. The plots of the full
trajectory with and without the semantic-safety bounding
layer can be viewed in Fig. 3.

(a) Semantic + Geometric (b) Geometric only

Fig. 3: Top-down trajectory overlay comparing semantic-
geometric and geometric only planners. The geometric-only
baseline fails to detect the crater as an ‘obstacle.’

The full testing files can be viewed at this link.

https://drive.google.com/drive/folders/13Hl9WvxSKvfFFZRxJhN5pcRgdgcO7aVr?usp=sharing


V. LIMITATIONS

This work depends on the choice of VLM and the under-
lying geometric planning framework. As such, performance
is influenced by model capability and perception quality. As
a study on safety systems architecture, the goal of the paper
was to improve the baseline safety, as well as steer a path
toward the future integration of VLM agents into mission-
critical systems in a way where formal safety guarantees
can be defined, and failure modes can be characterized.
With the steady advancement of more capable lightweight
vision foundation models, as well as models that are adapted
specifically to space environments, [15] [16] the detection
accuracies and overall safety enhancements demonstrated in
this work will be inherently improved. Additionally, some
operational assumptions were made:

• For RGB-D systems, image inputs to the VLM can
be affected by unavoidable lighting conditions (dark-
ness, glare; conditions such as dust can be relatively
planned around). Multi-modal models that can reason
over ‘common-sense’ cues present in other sensor types
could be a way forward.

• For power consumption, ground robots can afford over-
conservative outputs from the VLM (i.e. idling com-
mands), whereas aerial robots will likely not be able
to due to limited battery capacity. Mission design will
have to account for this, or employ strategies that can
plan around such constraints (e.g. using an aerial robot
primarily to scout out paths in front of a rover).

The current integration architectures also leave room for
further augmentation. Future avenues of work could include:

• Introduction of a semantic segmentation layer after ex-
tracting hazard bounding boxes to define more spatially
accurate regions of interest.

• Context labels are generated in this work, but are not yet
fully used; the consistency of labels across frames can
help reject spurious detections and improve robustness
in temporal filtering and linear temporal logic formula-
tions.

• Offloading tasks spawned by the VLM to external tools
via tool-calling procedures.
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