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Problem statement

| Motivation | Contributions
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S —— : plausible terrain beyond sparse contacts

* We formulate terrain reconstruction as a contact-
conditioned inference problem under sparse and 1ll-

S Sy posed observations.
~ Input: contact position & angle 3

g
Ill-posed Problem: Sparse contacts do not
uniquely determine terrain geometry, resulting

in multiple feasible sets.

Height range

e Reliable Geometry is Essential: Safe locomotion o EEEe S
fundamentally requires accurate terrain understanding.

* We propose a generative model that learns priors
over terrain geometry to infer plausible

 Exteroceptive Fragility: Vision and LiDAR suffer reconstructions from limited contact signals.

from severe degradation in real-world conditions. » We demonstrate that our approach enables robust

terrain estimation even in scenarios where
exteroceptive sensing fails.

=> Reconstructing a consistent local terrain
representation with learned priors conditioned
on contact observations

Method

e Contact as Physical Signal: Physical contacts between
the robot and terrain offer a complementary sensing
modality that remains reliable.
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| Network architecture
(a) Training Stage
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e Patch extraction: Verified foot—terrain contacts are spatially aligned with geometry and converted into paired target © g

. . . . . Condition C;
(height/edge) and condition (contact-derived cues) patches for local terrain representation t

e Training: Paired patches are encoded via a
cVAE and decoded into a height map with edge
supervision.

e Prior generation: A cVAE models the distribution of local terrain geometry and generates a plausible height patch from sparse
contact-derived condition inputs by sampling a latent prior learned during training

e Inference: The height map is generated by
decoding a latent sampled from the condition-
based prior only.

e Terrain reconstruction: The predicted height patch 1s refined via geometry-aware optimization that enforces contact
consistency, smoothness, and prior regularization, and 1s then fused into a globally consistent height map

Experiment

| Runtime | Quantitative results | Qualitative results
Wide Staircase Coir Mat
Stage Time (ms) Terrain Method RMSE iopat + MAE,qicn 4 RMSE qicn | 0 —
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Training. . Kernel Reg. 0.1428 0.5503 0.5579 5
Geometry Buifer Construction  17.34 Wide MLS Plane Fit. 0.2200 0.5903 0.6096 5
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Prior Generation 1.44 - )
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Bold and underline denote the best and second-best results, respectively.




