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Abstract— Reliable terrain geometry is essential for safe
legged locomotion in unstructured environments. However,
existing methods rely on dense exteroceptive sensing, whose
reliability degrades under adverse conditions. In contrast,
proprioceptive foot–terrain contacts remain available but are
inherently sparse, rendering terrain reconstruction fundamen-
tally ill-posed. We propose FootRecon, a proprioceptive-only
terrain reconstruction framework that formulates geometry es-
timation as a contact-conditioned generative inference problem.
A conditional variational autoencoder (cVAE) learns structural
terrain priors to resolve ambiguity in underconstrained regions,
while a geometry-aware optimization enforces contact consis-
tency and preserves discontinuities. The refined local patches
are incrementally fused into a globally consistent 2.5D height
map during locomotion. Real-world experiments across diverse
outdoor terrains demonstrate improved geometric fidelity over
contact-only baselines while maintaining online performance.

I. INTRODUCTION

For legged robots that operate in challenging outdoor
environments, estimating reliable terrain geometry is essen-
tial for safe and efficient exploration [1]. Accurate recon-
struction of the ground surface directly affects downstream
tasks. Most existing approaches construct terrain geometry
using exteroceptive sensing, such as LiDAR, cameras and
vision sensors [2]–[5]. However, exteroceptive sensing can
be degraded under adverse illumination, motion blur, or
sensor failures in real-world environments, introducing sig-
nificant noise into geometric measurements [6], [7]. When
such degradation occurs, observations become unavailable,
leading to incomplete or noisy terrain estimates. This moti-
vates the problem of reconstructing terrain geometry without
relying on exteroceptive sensing.

To alleviate the reliance on exteroceptive sensing, propri-
oceptive sensing can serve as a natural modality for physical
interaction with the terrain. Foot–terrain contact provides di-
rect physical measurements and remains available even when
visual sensing fails. However, contact observations are avail-
able only at discrete foothold locations during locomotion,
leaving large regions of the terrain unobserved between con-
tacts. As a result, the underlying surface cannot be reliably
inferred from sparse contacts alone. To address this issue,
classical interpolation or smoothness-based regularizations
can fill such gaps, but they inherently impose a bias toward
locally smooth surfaces. Real-world terrains, however, often
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Fig. 1. FootRecon performs global terrain reconstruction given only
sparse foot contacts during quadrupedal locomotion.

contain discontinuities, sharp elevation changes, and complex
clutter. Therefore, reconstruction from sparse contacts cannot
be addressed by estimating a single deterministic surface.
Instead, it requires reasoning about multiple plausible terrain
geometries consistent with the observed contacts.

This ambiguity can be addressed by introducing prior
knowledge about terrain structure beyond sparse contact
constraints. This perspective is consistent with biological
locomotion, where humans integrate prior experience with
sparse tactile and inclination cues to infer unseen surface
structure. Inspired by this, we incorporate a generative prior
that captures terrain geometry patterns during training. The
learned prior enables plausible completion of local terrain
patches conditioned solely on sparse contact measurements.
Building upon this generative geometric prior, we propose
FootRecon, a framework that models terrain reconstruction
as a contact-conditioned generation of local terrain given
contact observations. Sparse contacts serve as geometric
constraints, while terrain structure is inferred through a
contact-conditioned latent generative model. To learn the
terrain structure, we employ a cVAE [8] architecture. By
leveraging this prior, geometrically underconstrained regions
can be efficiently generated conditioned on sparse contact
cues. To ensure global consistency, we introduce a geometry-
aware refinement. As a result, FootRecon incrementally
accumulates contact observations to construct a globally
consistent terrain structure (see Fig. 1).

We demonstrate improved geometric fidelity over contact-
only baselines through extensive real-world experiments
across diverse outdoor terrains. Both qualitative and quan-
titative results show improved fidelity over baselines. The
contributions of this paper are summarized as follows:

• We formulate proprioceptive-only terrain reconstruction
as contact-conditioned inference, enabling geometry es-



(b) Prior Generation (c) Terrain Reconstruction(a) Patch Extraction

Condition/Target Patch 
Extraction

Foot-Terrain Contact 
Verification

Geometry Buffer
Construction Training Network

Inference Network

Optimization

Patch Fusion
Foot contact (position, angle)

𝑡−(𝑇!"#−1)

𝑡−1

𝑡

…     

Buffer

Foot-Terrain
Matching

Target	𝑇!

𝐸!𝐻!

Condition 𝐶!

𝑆!𝐷!

Contact constraint

Smoothness

Prior (cVAE)

State consistency⚙

Current state

Next state?

𝐶!Condition... .
. .. .... ........ ....
. .... ... ............
....
...
..

....
.
..
.
..
.
..
.

..
...
...
.

..
.......

. .. ..
.. .. ...

..
...

Extracted patch

Extracted patch
(contact-only)

Condition 𝐶!

𝑆!𝐷!

Contact Detection

Rising edge 
à Contact

𝜏!"#!
𝜏$%&

𝑓

*: Both encoders have 
the same architecture

cVAE

𝑒𝑛𝑐*

𝑙𝑎
𝑡𝑒
𝑛𝑡

In
fe

re
nc

e 
St

ag
e

T
ra

in
in

g 
St

ag
e

Height )𝐻!

. .
. ...

𝑟𝑚𝑎𝑡𝑐ℎ

Visualization

𝑑𝑒𝑐

ℬ%

cVAE

𝑒𝑛𝑐*

Height	 )𝐻!

Height )𝐻!

Edge +𝐸!

Position 𝒑′	!'

Global height map

Sobel 
operator

Fig. 2. Overview of the proposed FootRecon framework.

timation without relying on exteroceptive sensing.
• We introduce a contact-conditioned generative prior

based on a cVAE to resolve the geometric ambiguity
arising from sparse foot–terrain contacts.

• We propose a geometry-aware refinement framework
that enforces physical contact consistency while pre-
serving terrain discontinuities in a fused height map.

II. METHOD

We propose FootRecon, a framework for proprioceptive
terrain reconstruction during quadrupedal locomotion. The
proposed method constructs globally consistent terrain geom-
etry from sparse foot–terrain contacts by integrating learned
local terrain priors with geometry-aware optimization. In the
following, we introduce the contact-conditioned terrain re-
construction problem in quadrupedal robots. We then present
our pipeline composed of three stages, as illustrated in Fig. 2.

A. Problem Definition

At time t, a set of contact observations is defined as

Ot =
{
(pt

i,a
t
i, f

t
i ) | i ∈ {1, 2, 3, 4}

}
, (1)

where pt
i denotes the 3D contact position in the world frame,

at
i is a proprioceptive angle extracted from the orientation of

the foot–terrain contact, and f t
i denotes the vertical contact

force. Since contacts are observed only at sparse locations,
multiple height maps can satisfy identical contact constraints.
Thus, reconstructing the terrain surface directly from sparse
contacts remains an ill-posed problem.

To address this underconstrained nature, we formulate
terrain reconstruction as a contact-conditioned generation
problem. Instead of estimating a single deterministic surface,
we model a distribution over plausible local geometries con-
sistent with the observed contacts and incrementally integrate
them into a globally consistent terrain map.

B. Patch Extraction
We define two types of spatial patches for contact-

conditioned terrain reconstruction: a target patch derived
from terrain geometry and a condition patch constructed from
contact observations. The target patch provides supervision
for terrain geometry, while the condition patch encodes
sparse proprioceptive cues obtained from foot contacts. Tar-
get patch extraction is used only during training, whereas
condition patch extraction is applied during both training and
inference, as shown in Fig. 2(a).
Geometry Buffer Construction. To maintain sufficient
terrain geometry for patch extraction, we construct a ge-
ometry buffer Bt that accumulates 3D terrain observations
within a fixed temporal window Tbuf. The 3D points are
aggregated into the geometry buffer Bt. Specifically, only
the most recent Tbuf frames are retained in the buffer Bt to
improve computational efficiency. To obtain reliable contact
observations, we detect foot–terrain contact events based on
proprioceptive force measurements f t

i during locomotion.
Foot–Terrain Contact Verification. Since detected contacts
are subject to noise, false positives may occur. For each
detected contact location pt

i, we check whether 3D points
of the buffer Bt exist within a radius rmatch. We use this
finite matching radius to tolerate positional uncertainty.
Condition and Target Patch Extraction. Based on the
verified contacts, we extract a pair of 2D patches that serve
as the target height map and the corresponding contact
condition for prior generation. For the target patch, we define
the target patch set Tt = {Ht, Et}, where Ht is a local
height patch representing the terrain geometry and Et is the
corresponding edge map. The height patch Ht is constructed
from the geometry buffer Bt.

Next, we define the condition patch set Ct = {Dt, St}
that encodes cues for proprioceptive conditioning. The dis-
tribution patch Dt models the spatially distributed influence
of each verified contact using a Gaussian kernel. Contact
location alone is insufficient to characterize local geometry,
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Fig. 3. cVAE-based training and inference architecture of FootRecon.
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Fig. 4. Training environments.

we therefore construct a slope patch St that encodes the
contact angle at

i as an additional conditioning variable.
Tt provides supervision for the terrain reconstruction net-

work, while Ct serves as proprioceptive input.

C. Contact-Conditioned Prior Generation

We formulate terrain reconstruction as a contact-
conditioned generative problem given the spatially aligned
target patch set Tt condition patch set Ct as depicted in
Fig. 2(b). We adopt a cVAE-based framework that models
the distribution of the target patch set Tt conditioned on the
contact patch set Ct. During inference, the trained model
directly generates the predicted height patch Ĥt using only
Ct, without requiring exteroceptive sensing.
Contact-Conditioned cVAE. Due to the underconstrained
nature of sparse inputs Ot, multiple plausible terrain ge-
ometries may correspond to the same contact condition. To
capture this ambiguity, we adopt a cVAE that learns the
distribution of Ht given Ct. The architecture follows the
basic cVAE network (see Fig. 3).
Objective Function. The overall training objective com-
bines height reconstruction, edge supervision, and latent
regularization as:

L = λheight Lheight + λedge Ledge + λKL LKL. (2)

We supervise the predicted height map using a Huber loss.
The predicted edge map is trained using a binary cross-
entropy loss. We regularize the latent space by minimizing
the KL divergence between the posterior conditioned on Tt

and Ct and the contact-conditioned prior derived from Ct.

D. Terrain Reconstruction

To combine learned geometric priors with observed con-
tacts, we refine a local height patch H̃t using energy-
based optimization and incrementally fuse it into a persistent
global height map, as illustrated in Fig. 2(c). The contact-
conditioned estimate from the learned network provides a

plausible terrain completion, but it does not explicitly enforce
physical consistency with contact observations.

We define a set of energy terms for optimization. The con-
tact energy Econtact enforces consistency between the recon-
structed height and measured contact heights by penalizing
their squared differences. To maintain temporal consistency
and reduce drift, the state energy Estate penalizes deviations
from the initialized height patch and enforces agreement
between the estimated gradients and the stored slope state.
The prior energy Eprior constrains the solution to remain
close to the predicted prior, ensuring plausible geometry
in underconstrained regions. The edge-aware regularization
term Eedge suppresses noise while preserving structural dis-
continuities by reducing smoothing near predicted edges,
allowing sharp features to be maintained.

With these components, the energy function is defined as:

E(H̃t) = βcontactEcontact + βstateEstate
+ βpriorEprior + βedgeEedge.

(3)

The refined patch is obtained by minimizing the energy. After
optimization, the refined patch are fused into the global map
via bilinear interpolation.

III. EXPERIMENT

A. Experimental Setup

Implementation Details. All experiments are conducted on
a workstation equipped with an Intel i7-13700K CPU and a
single NVIDIA RTX 4090 GPU. Datasets are collected using
a Unitree Go2 platform. For training, the robot collects RGB
images captured from its onboard monocular camera, and we
estimate metric depth maps [9] for geometric supervision.
Initial camera poses are obtained from the robot’s state
estimator and refined using RGB-D ORB-SLAM3 [10].
Terrain Dataset. The training environments (Fig. 4) include
Monticule, Mild Slope Bridge, and Tight Staircase. The test
environments (Fig. 5) comprise Wide Staircase, Coir Mat,
Bamboo Forest, Steep Slope, and Cave. All test environments
are excluded from training to evaluate generalization to
unseen structures.
Contact-only Reconstruction Baselines. We compare
against three contact-only baselines that reconstruct a 2.5D
terrain height map from sparse contact points.

(1) Gaussian Kernel Regression. Patch heights are recon-
structed via Gaussian kernel regression [11], [12], where
neighboring contact heights are averaged within a truncation
radius with bandwidth-controlled smoothing.

(2) Moving Least Squares (MLS) Plane Fitting. MLS plane
fitting computes a locally weighted first-order surface to
adjacent contact points within a fixed radius [13].

(3) TSDF-based Implicit Fusion. We maintain a sparse
TSDF volume in the world frame and integrate each contact
by updating voxels within a truncation band using weighted
averages of normalized signed distances.
Evaluation. Reconstruction performance is evaluated at
both global and local scales using complementary height map
and patch-level metrics. For the global map evaluation, re-
constructed meshes are compared against a reference height



Fig. 5. Qualitative results across unseen terrains. All meshes are reconstructed using identical contact-conditioned inputs.

TABLE I
QUANTITATIVE EVALUATION ACROSS DIVERSE TERRAINS.

Terrain Method RMSEglobal ↓ MAEpatch ↓ RMSEpatch ↓

Wide
Staircase

Kernel Reg. 0.1428 0.5503 0.5579
MLS Plane Fit. 0.2200 0.5903 0.6096
TSDF 0.2696 0.4642 0.4819
Ours 0.0917 0.1228 0.1384

Coir Mat

Kernel Reg. 0.1009 0.7669 0.7690
MLS Plane Fit. 0.1155 0.7510 0.7619
TSDF 0.2018 0.4764 0.4857
Ours 0.0772 0.1080 0.1309

Bamboo
Forest

Kernel Reg. 0.1362 1.1365 1.1397
MLS Plane Fit. 0.1797 1.1177 1.1234
TSDF 0.2637 1.0213 1.0264
Ours 0.0560 0.1078 0.1269

Steep Slope

Kernel Reg. 0.1504 2.3107 2.3214
MLS Plane Fit. 0.2118 2.1983 2.2126
TSDF 0.3373 2.0107 2.0164
Ours 0.0892 0.2640 0.3030

Cave

Kernel Reg. 0.2677 0.0883 0.0946
MLS Plane Fit. 0.2555 0.0853 0.1008
TSDF 0.3039 0.0541 0.0641
Ours 0.2657 0.0748 0.0819

Bold and underline denote the best and second-best results, respectively.

map derived from the onboard LiDAR of the robot. Global
accuracy is measured using the root-mean-square height
error, RMSEglobal. At the local scale, predicted patches are
compared with corresponding reference patches. MAEpatch

and RMSEpatch are computed over valid cells and averaged
across all patches in each sequence.

IV. RESULT

Fig. 5 shows the qualitative comparisons on multiple
baselines given proprioceptive sensing. Classical approaches

exhibit strong biases toward smoothness and planarity;
regression-based methods attenuate discontinuities and re-
duces gradient magnitude, while TSDF introduces voxel-
induced rounding near boundaries. On the other hand, our
method preserves sharp discontinuous regions and maintains
consistent slope-like geometry. Across irregular and rough
terrains, the proposed pipeline retains fine structure details.

Table I summarizes the quantitative evaluation across
collected environments. The proposed method achieves the
highest local patch-level accuracy while maintaining com-
petitive or superior global accuracy in most environments.
In Cave, the terrain is predominantly flat with weak slope
variations. Therefore, naively interpolating nearby area can
produce relatively less height error, resulting in a reduced
performance gap in the evaluated metrics. As a result, these
quantitative results demonstrate that the proposed method
handles various real-world terrain attributes.

V. CONCLUSION

FootRecon formulates proprioceptive terrain reconstruc-
tion a contact-conditioned generative inference problem to
address the ill-posed nature of sparse observations. By cou-
pling a learned prior with geometry-aware optimization, it
resolves structural ambiguity while preserving discontinuities
and global consistency. While our evaluation relies on height-
map comparisons against exteroceptive references, the phys-
ically contact-consistent surface may not always coincide
with the visually observed geometry. Developing evaluation
criteria that better reflect functional locomotion performance
remains an important direction for future work.
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