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Abstract—Accurate estimation of wheel-terrain interaction
parameters is important for efficient navigation of Unmanned
Ground Vehicles in unstructured outdoor environments. In
this paper, we propose a hybrid data-driven and model-based
method to estimate a priori motion resistance, a terrain-specific
parameter representing the force opposing wheel motion, which
is largely influenced by terrain class and geometry. The
proposed method relies on learning motion resistance from
proprioceptive feedback collected on reference terrains. This
learned model is then transferred to new environments, where
motion resistance is inferred from exteroceptive observation,
including LiDAR and cameras, leveraging terrain geometry
and class information. To capture uncertainty from terrain
roughness and sensor noise, we evaluate two probabilistic mod-
els predicting motion resistance distributions: a Gaussian-MLP
and a Gaussian Process Regressor. Their robustness to domain
shifts is assessed by measuring performance degradation as the
target diverges from the source domain. Extensive off-road field
experiments validate the method’s effectiveness, demonstrating
accurate prediction of motion resistance and its potential for
deployment.

Index Terms—TField robotics, Wheeled robots, Terrain classi-
fication, Off-road navigation

I. INTRODUCTION

Understanding and perceiving terrain is an important ca-
pability for autonomous ground robots operating in real-
world environments. While numerous studies have explored
this challenge in structured or urban settings, uncontrolled
outdoor environments present a wider range of terrain types
and unpredictable conditions making reliable terrain under-
standing particularly challenging. A comprehensive survey by
[1] laid a strong foundation by reviewing terrain traversability
analysis methods.

Achieving robust behavior in unstructured environments
can benefit from leveraging prior knowledge of the terrain.
Especially, such a knowledge of terrain parameters, including
both surface type (e.g., grass, gravel, sand) and terrain
geometry, can be directly leveraged within control laws. For
example, [2] uses these two information sources to adjust
each wheel’s speed based on experimentally derived optimal
slip models for different soils. Vehicles operating in outdoor
environments increasingly rely on near-to-far sensing [3].
This method leverages exteroceptive data from sensors such
as LiDAR and cameras to infer terrain interaction charac-
teristics before physical contact, using models trained from
prior proprioceptive experience. LiDAR provides detailed
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Fig. 1: Husky A200 acquiring proprioceptive data in various
outdoor environments.

geometric information about terrain [4] and roughness [5],
while vision-based methods enable semantic classification
of terrain types [6]. These rich exteroceptive data sources
facilitate estimation of terrain-specific properties used for
robust control and planning. In this study, we focus on motion
resistance, the force opposing wheel movement caused by
energy losses from deformation of both the wheel and terrain
surface [7]. Motion resistance depends not only on terrain
class but also on the robot’s pose, which affects wheel load
distribution. To robustly estimate this parameter despite noisy
sensor data and varying robot attitudes, we choose to learn
probabilistic models of motion resistance conditioned on
terrain geometry, robot attitude (i.e pitch and roll), and terrain
class.

The main contributions of this paper are:

e A methodology to predict ground motion resis-
tance parameters from exteroceptive sensing, leveraging
knowledge acquired via proprioceptive measurements.
Two probabilistic predictive models are considered: a
Gaussian-output multilayer perceptron (Gaussian-MLP)
and a Gaussian Process Regressor (GPR).

o A quantitative robustness analysis under domain shifts,
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evaluating how performance degrades when a model
trained on a source domain is applied to a target domain.
This provides insight into the generalization capabilities
of the proposed approach across diverse operational
environments and can serve as a quantitative indicator
of the predictive reliability.

o Experimental validation through field tests, demonstrat-
ing reliable inference of motion resistance and its relia-
bility using only exteroceptive inputs.

II. RELATED WORK

Terrain characterization is important for autonomous
robots to navigate complex environments safely and effi-
ciently. It enables the prediction of traversability by identify-
ing safe paths [8] and supports control strategies that dynam-
ically adapt robot’s behavior to changing terrain conditions
[9].

Beyond terrain classification, several works aim to infer
physical ground parameters that influence robot mobility. For
instance, [10] proposes predicting energy consumption along
a known trajectory using terrain information extracted from
a Digital Elevation Map (DEM). While their method demon-
strates promising results across various terrain types, it lacks
a fine-grained classification mechanism for generalization
across diverse environments. Lateral slippage, particularly
relevant for large vehicles like tractors operating in agricul-
tural settings, is addressed in [11], where variations in terrain
geometry and surface conditions are shown to significantly
impact slip behavior. More generally, the challenge of mod-
eling terrain-dependent mobility lies in the deformable and
often non-elastic nature of unstructured terrain. As discussed
in [7], these effects contribute to motion resistance—a set
of forces opposing the robot’s motion—which serves as the
central ground parameter considered in this work.

In terrain analysis, the terrain is often characterized under
the current robot position [12], with proprioceptive sensors.
In this work, on the contrary, we characterize the terrain in
a near-to-far approach. Near-to-far learning consists in pre-
dicting ground-robot interaction on a patch of terrain where
it will be in the future, based on its current observations
from exteroceptive sensors. Such an approach is proposed in
[13], where a model of the robot-ground interaction is learned
based on some local features, such as terrain bumpiness
measured with the IMU, and some remote features, such as
visual appearance of the terrain using a color-based criterion.
This method learns a model of ground-robot interaction
highly dependent on the robot itself, whereas our proposed
method characterizes the terrain itself.

Estimating terrain-related properties requires not only
modeling physical interactions but also recognizing surface
characteristics that influence them. While sensors such as
RGB cameras, LiDAR, and other proprioceptive devices
provide valuable and complementary information, effectively
fusing these modalities remains a challenge. As a result,
a wide range of perception-driven approaches have been
developed, each leveraging different combinations of sensor

data and features to characterize terrain more accurately.
Appearance-based methods extract visual features such as
texture, color, and shape from RGB cameras to classify ter-
rain types. They perform well in structured, flat environments
[14], [15], but outdoor terrains often show subtle differences,
complicating classification [16], [17]. While [16] uses aerial
imagery for segmentation, our method relies on onboard
sensors, capturing terrain near the robot and fitting a near-
to-far perception strategy. Additionally, [17] splits images
into tiles, offering coarser detail than semantic segmentation.
Moreover, camera-only methods do not capture geometry
details.

Geometry-based methods use LiDAR to directly capture
the surface shape of the terrain, providing robustness to
changes in lighting and weather conditions. For example,
[18] proposes multi-frame fusion of LiDAR data to improve
terrain representation. However, these methods are limited in
their ability to capture non-geometric features such as texture
or vegetation type, which can also significantly affect terrain
traversability.

In challenging, unstructured environments such as those
encountered in agriculture, many approaches adopt hybrid
methods that combine geometry-based and appearance-based
techniques to achieve more robust terrain characterization.
Using both appearance and geometry information, [10] and
[19] generate cost maps for different objectives: estimating
energy consumption and predicting velocity loss during nav-
igation through dense vegetation, respectively. In our work,
we favored a hybrid approach using a LiDAR and a camera,
leveraging the strengths of both sensors to provide a more
comprehensive terrain understanding.

To integrate semantic and geometric information within
a unified data structure, several representations have been
proposed, each offering different trade-offs between accu-
racy, efficiency, and expressiveness. Digital Elevation Maps
(DEMs) offer a lightweight 2.5D representation of surface
topology and are frequently used in real-time terrain analysis
due to their compactness and fast processing capabilities
[18]. In our case, we adopt the DEM representation, as
our focus lies on wheel-terrain interactions at the surface
level. This makes DEMs particularly suitable, since they offer
a good balance between efficiency and relevant geometric
detail, and we prioritize lightweight processing over accurate
modeling of vertical structures. This structure also allows for
the integration of a semantic layer, resulting in a Semantic
DEM.

III. METHODOLOGY

This section addresses four key aspects: (i) the formal
definition of motion resistance and its formulation for a skid-
steer platform, (ii) the learning process that leverages proprio-
ceptive measurements to enable inference from exteroceptive
data, (iii) a robustness analysis that evaluates the model’s
sensitivity to distributional shifts between training and de-
ployment environments, and (iv) a methodology for inferring
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motion resistance and its reliability using exteroceptive data
only.

A. Definition

In this section, we directly apply [7] to calculate the
motion resistance for the skid-steer model. Here, we report
the equations necessary to understand our methodology. The
symbols corresponding to the variables are reported in Fig 2
for convenience.

When a tire rolls over the ground, both the tire and the
surface can deform. This deformation causes the vertical
force on the tire to shift slightly forward. As a result,
the rolling motion encounters resistance, requiring a driving
torque T to keep the vehicle moving. Thus, the necessary
torque T is:

TR:mR~r-FZ (1)
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Fig. 2: Left: definition of the variables. Right: schematic of
the skid-steer platform.

In DC brushed motors, the mechanical torque is pro-
portional to the electrical current. For a skid-steer vehicle
equipped with two independent drive motors, the driving
torque on the side s € {Left, Right} is:

TR,S =T kt : [s (2)
The terrain’s geometry leads to variations in the vertical
load distribution between the two wheel pairs. Under the

quasi-static assumption, i.e., neglecting inertial effects, the
platform is solely subjected to weight-induced forces.

w h
Frpept = -5 cos ¢ cosf + W cosfsin ¢ - 5 3)

w h
F, Right = - cos¢pcos — W cosfsing - B @)

Leading to the equation of motion resistance :

MRs = —F 2~ ®)

However, both terrain geometry and terrain class sig-
nificantly influence motion resistance as demonstrated by
field experiments reported in the Preliminary Results sec-
tion IV-B2. We denote the terrain class as ¢; € C =
{c1,¢c2,...,¢,}, where each class ¢; differs in mechanical
and physical properties such as deformability, adhesion, and
slip, affecting the resistance experienced during motion. We
thus define the motion resistance function mg for class c;
as:

Tk - 19(0,0)
- Fz,s(97 ¢)

B. Learning motion resistance distribution

mi) (0,¢) = ©6)

We present two probabilistic models, a Gaussian-based
multilayer perceptron (Gaussian-MLP) and a Gaussian
Process Regressor (GPR), that both learn the motion
resistance distribution conditioned on triplets (6,¢,c;). These
models are trained from proprioceptive measurements to
enable inferring motion resistance using exteroceptive inputs
only. This probabilistic formulation is introduced to account
for the noise observed in motion resistance estimates, which
arises from sensor inaccuracies and terrain irregularities
(e.g., small bumps or uneven surfaces), leading to inherent
variability in the proprioceptive signals.

1) Dataset: We define our dataset for a class ¢; as

Dy = {(zi,y:)} X1,

where N denotes the total number of samples. Each input
vector

T; = [ZZ} € R?  with 6; = pitch, ¢; = roll,
3

represents the vehicle’s orientation angles, and the corre-

sponding output y; € R denotes the motion resistance, com-

puted from proprioceptive measurements such as the current

injected into the wheels, using the model-based formulation

described in Equation (5).

Our modeling approach is based on the assumption that
data collected at fixed pitch, roll, and terrain class follow
a normal distribution (see the hypothesis validation in
Preliminary results section IV-B1.

2) MLP-Gaussian models: We consider a probabilistic
Multi-Layer Perceptron (Gaussian MLP) model that predicts
both the mean /10 (x) and the standard deviation 6(/)(x) of
the target distribution, given an input x = (6, ¢) and a terrain
class c;.

The model is trained by minimizing the negative log-
likelihood of the Gaussian distribution:

_ [ pa)? 1 :

where y; denotes the observed motion resistance measure-
ment corresponding to the input x;.
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Gaussian MLP models learn a parametric function defined
as:

MR 5 R, MYP0,0) = [aLe(0,0), 60L0 (6, ¢>l
)

(
3) Gaussian Process Regressor: As a second model, we
use a Gaussian Process Regressor (GPR) to model the
mapping from the input angles (6, ¢) to the output y. We use
a standard kernel combining a Radial Basis Function (RBF)
kernel with a White Noise kernel:
) = enp (2020

572 ) + 0254 )

where / is the length scale of the RBF kernel, U?l the noise
level, and d;; is the Kronecker delta. The kernel is defined
as:

k = RBF({ = 1.0) + WhiteKernel(¢2 = 1072)  (10)

Gaussian Process models estimate a non-parametric func-
tion given by:

530 (0,9)]

MR S R, MO 0,0) = [ (6, 0),
(i

C. Robustness analysis

In this section, we focus on evaluating the robustness of
the learned model. Specifically, we assess the reliability of
the predictions when subject to distributional shifts between
the training terrain and the deployment terrain.

1) Data-distribution shift: Given a set of sample points
{x;}1_,, the probability density function p(x) at a point x €
R? can be estimated by:

Xl) (12)

1 « X
_ —3 Z K (
i=1
e K(-) is the kernel function, typically a probability
density function centered at zero,
e h > 0 is the bandwidth parameter controlling the kernel
width,
o d is the dimension of the data.

where:

For the isotropic multivariate Gaussian kernel, we have:

1 1
K(u) = Wexp (—ZuTu> (13)

which leads to:
. Xl”
p(x) = d/th Z P < >

The bandwidth A controls the smoothness of the estimate:
a small h leads to a noisy estimate, while a large h results
in an over-smoothed density.

To estimate the similarity between two datasets A =
{x}14, and B = {xB 2, we compute the average density

(14)

of points in B with respect to A using Kernel Density
Estimation (KDE):

KDE(B, A) (15)

ZPA

This metric reflects how well the samples in B are sup-
ported by the distribution represented by A. In our work,
this formulation is used in two complementary ways: (i)
to compare entire datasets (e.g., estimating the similarity
between training and test sets), and (ii) to evaluate whether
a test point lies in a high-density region of the training set.
In the latter case, we simply evaluate the density pa(x) of a
test point x under the distribution of A, without requiring a
reference set B. A higher density indicates that the point is
well-supported by the training data, and can be assimilated
to greater confidence, as shown in the Results Section IV-D.

D. Inference from exteroceptive data

As in a near-to-far scenario, the objective is to predict
the motion resistance of the terrain using solely exterocep-
tive data, and one of the trained models MJGPR or MJF
described previously.

Terrain class and geometry are encoded in a semantic
DEM. We assume the availability of such a semantic DEM,
which can be reconstructed by first applying semantic seg-
mentation to camera images, then projecting 3D points from
the point cloud onto the segmented 2D images to assign
semantic labels to each point. From this labeled point cloud,
a gridded elevation map is generated by rasterizing eleva-
tion data onto a regular grid. Notably, this semantic DEM
encodes: (i) Local terrain geometry, typically represented by
surface normals derived from elevation gradients; (ii) Terrain
class labels, such as vegetation, gravel, mud, etc.

Given such a representation, our goal is to estimate the
motion resistance at arbitrary locations along the robot’s
future trajectory. To enable this behavior, we pre-compute the
normal vector for each cell in the semantic DEM based on
its neighbors. Given a query 2D-pose P = [x,y, %] (robot
position and yaw) along the trajectory, the semantic DEM
returns DEM(P) = (c¢j,¢,6), the terrain class and the
corresponding pitch and roll of the robot. These values form
the input features for the motion resistance prediction models.

E. Evaluation methodology

To demonstrate the quality of the inferences made by
the Gaussian MLP and the Gaussian Process Regressor, we
propose to use two baselines: i) a first baseline that does
not account for the terrain geometry, and ii) a second, more
informed baseline leveraging the distribution of neighboring
data points to interpolate the predicted distribution.

1) Baseline without geometry: In order to highlight the
value of using geometry, we consider as a baseline a model
that predicts a constant mean g for all pairs (6, ¢) of known
class c;. We refer to this baseline as baseline mean.
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2) Interpolation Baseline: ~We implement a non-
parametric baseline using bilinear interpolation over a
discretized representation of the training set. First, the
training data is binned along the pitch and roll axes using a
fixed bin size. For each bin, we compute the sample mean
and standard deviation of the motion resistance, producing
a sparse grid of statistics over the feature space.

Let Xiwin = [0, ¢;] denote the training inputs, where 6 and
¢ correspond to pitch and roll, respectively. We discretize the
input space into a set of bins B, and for each bin b € B,
located at (6, ¢p), we estimate:

Hy = :u(abv (bb) = ]E[MR]v

These statistics define the dataset for each class c;:

op = 0’(01;7 ¢b) = Std(MR)

Sj = {(6, Pv, i, 03) | b € B}

At inference time, for each test point (6, ¢) and class ¢;, we
interpolate the mean and standard deviation values from S;
using bilinear interpolation. This results in predicted values
(19 (0, ¢) and 619 (6, $). We refer to this baseline as baseline
interp.

3) Metrics: To evaluate performance, we associate each
test point to its corresponding bin, retrieve the empirical
bin statistics from the training set, and compute the RMSE
between predicted and empirical values:

N
1 )
RMSE, = N § (fui — pbi™)2,  RMSE, =
=1

IV. RESULTS

(16)

1 N
N 26—y
i=1

A. Experimental setup

Experiments were conducted using a Clearpath Husky
A200 robotic platform equipped with a FLIR RGB camera,
an Ouster OS1-16 LiDAR, an SBG Ellipse-D IMU, and a
GPS RTK module for localization. All trials were performed
at a constant speed of 1.0m/s along a straight 5m transect.
The dataset includes time-synchronized measurements of
platform attitude (pitch and roll) acquired at 20 Hz, and motor
current intensity recorded at 10 Hz.

Assuming the terrain is locally planar over a [lm x 1m)]
area, the data is averaged using a 1-second sliding window
to mitigate sensor noise and the natural roughness of outdoor
surfaces.

In our experiments, we focus on four terrain classes,
defining C = {asphalt, grass, tall grass, gravel}, as illustrated
in Figure 1. This selection is motivated by both practical
and analytical considerations. These surfaces are commonly
encountered in outdoor robotic applications, and they exhibit
clearly distinct motion resistance profiles. Grass typically
presents higher deformability and greater slip, resulting in
higher resistance values, while asphalt is a rigid, non-
deformable surface with low slip, leading to lower resistance.
The strong contrast in the statistical distributions of motion

QQ-plot (B = 0, ¢ = 0, € = asphalt)

Sample guantiles

3 5 Y 0 1 2 3
Theoretical quantiles
Fig. 3: Quantile-Quantile (QQ) plot comparing the empirical
distribution of motion resistance within a bin to the theoret-
ical Gaussian distribution.

resistance (Section IV-B2) between the classes makes them
well-suited for validating the effectiveness of our model in
capturing terrain-dependent behavior.

B. Preliminary Results

1) Gaussian hypothesis: The QQ-plot for an example bin
0 =0, » =0, and ¢ = asphalt is represented in Figure 3.
It shows that the sample quantiles align with the theoretical
normal distribution. The distribution corresponding to the bin
can be approximated as a Gaussian distribution, enabling the
application of Gaussian-based methods in the modeling and
analysis conducted in this work.

2) Influence of class and geometry on Motion Resistance:
To justify the motion resistance model introduced in Sec-
tion III, Figure 4 qualitatively illustrates the influence of both
terrain class and geometry on the predicted motion resistance
across different terrain types. In Figure 4, we observe the
impact of semantic class under constant geometric conditions,
with the analysis conducted on flat terrain. Asphalt yields
the lowest motion resistance values, centered around 0.6,
while grass and gravel surfaces exhibit significantly higher
values, approximately 0.8. Interestingly, the variance of mo-
tion resistance is much greater for grass and gravel than
for asphalt. This higher spread can be attributed to two key
factors: (i) more stochastic deformation behavior due to the
compliant or loose nature of the surface material, and (ii)
a finer-scale, irregular micro-geometry (e.g., bumps), which
makes the local planarity assumption of the terrain surface
less valid.

Figure 4 also illustrates the impact of terrain geometry
on motion resistance. On the left, the terrain is nearly flat
with pitch and roll equal to zero. On the right, the same
semantic class is observed under a steeper geometry, with
pitch equal to 9 degrees. A clear increase in predicted motion
resistance is observed as the pitch increases for all classes.
This demonstrates the sensitivity of motion resistance to local
terrain inclination, even when the semantic label remains
unchanged.
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Complementary, Figure 5 illustrates the repeatability of
motion resistance measurements under similar experimental
conditions—specifically, when the pitch, roll, and terrain
class (i.e., the semantic and geometric configuration) are the
same.

These observations confirm the necessity of integrating
both semantic and geometric features for accurate motion
resistance prediction.

25 Flat terrain (pitch 0 degrees) Inclined terrain (pitch 9 degrees)
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Fig. 4: Influence of class on motion resistance. Left: Distri-
bution of the motion resistance on data collected on three
classes and flat terrain. Right: Three different classes on
inclined terrain.
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Fig. 5: Influence of geometry on motion resistance. Each
graph represents a semantic class and contains boxplots of
data collected at a constant pitch angle. Experiments were
conducted with two different pitch angles, each repeated three

times highlighting repeatability.

C. Learning motion resistance distribution

The following analysis quantitatively demonstrates the
effectiveness of the proposed models in capturing motion
resistance distribution by incorporating both semantic and
geometric terrain information. The results presented in Ta-
ble I show that the proposed models (MLP and GPR), as
well as baseline interp are able to predict motion resistance
distributions with a mean RMSE,, around 0.1. These results
were obtained from experiments conducted on inclined grass,
where the average motion resistance is close to 1, correspond-
ing to an approximate 10% error in the mean of predicted
motion resistance distribution. A RMSE, of 0.026, as ob-
tained by GPR, corresponds approximately to a 25% error on
the actual standard deviation. In contrast, the baseline mean,

which does not incorporate geometric information, achieves
a significantly higher RMSE,, of 0.166. This highlights the
importance of leveraging terrain geometry, in addition to
semantic class, for accurate motion resistance estimation.

The MLP used here has a single hidden layer with 32
neurons and trains in about one second. To account for
seed-related variability, we train multiple models. In contrast,
the Gaussian Process Regressor requires no weight training,
making it well-suited for potential online adaptation.

While the baseline interp performs well, achieving an
RMSE,, comparable to the proposed models and a lower
RMSE,, the following section highlights its lack of robust-
ness under data distribution shifts.

MLP | GPR | Baseline interp | Baseline mean
RMSE, | 0.094 | 0.104 0.098 0.166
RMSE, | 0.032 | 0.026 0.010 0.13

TABLE I: Performance comparison of the models, evaluated
with RMSE,, and RMSE,, defined in Sec.IIL.

D. Data-distribution shift robustness
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Fig. 6: Degradation of RMSE,, as the Kernel Density Esti-
mate (KDE) of the test set within the training distribution
decreases.

As illustrated in Figure 6, baseline interp and the MLP
perform comparably at higher KDE values. However, we
observe that as the KDE decreases, i.e., as the support
of set B becomes sparser within set A and requires more
interpolation, the performance of the interpolation baseline
deteriorates more sharply, with up to a 20% drop in accuracy.

Two notable KDE thresholds emerge from the analysis:
below x5 = 0.152, the MLP model outperforms the baseline
interpolation, while below x; = 0.097, the Gaussian Process
achieves better performance than the baseline interpolation.
These thresholds indicate regions in the input space where
the learned models provide significant improvements over
baseline interp.

E. Inference from exteroceptive data validated with field test
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Fig. 7: Qualitative results for motion resistance mapping. From left to right: (a) Aerial view of the field experiment setup,
(b) Semantic DEM, (c) Motion Resistance DEM (highest pitch direction), (d) Reliability DEM (highest pitch direction).

1) Qualitative Evaluation of DEM layers: This section
presents qualitative results obtained under real outdoor con-
ditions. We selected a test site consisting of two terrain
classes—asphalt and grass—and varying geometry. An aerial
view of the test site is shown in Figure 7a. In particular, the
grassy area features an inclined slope with gradients ranging
from 0° to 11° (on the left of the image).

Figure 7b shows the semantic DEM, where asphalt is
represented in gray and grass in green. This semantic DEM is
generated following the procedure described in Section III-D.
From a qualitative standpoint, the segmentation appears
generally accurate: the road and the adjacent bike lane
are delineated, indicating recognition of asphalt surfaces.
However, some areas appear to be poorly segmented due
to inaccuracies from the semantic segmentation model when
processing images captured by the embedded camera.

Figure 7c presents the predicted motion resistance derived
from the semantic DEM. This prediction is obtained using
a Gaussian MLP model, which leverages both semantic
information and terrain geometry extracted from the semantic
DEM. Since motion resistance depends on the local pitch
and roll, it is inherently trajectory-dependent. To provide a
trajectory-independent visualization, we represent here the
motion resistance in the direction of steepest slope. On the
flat region, a clear contrast in predicted resistance between
asphalt and grass is observed, emphasizing the influence of
terrain type on the model’s output. On the inclined grassy
slope, the motion resistance varies consistently with the
local slope gradient, demonstrating the model’s sensitivity
to terrain geometry.

Finally, Figure 7d illustrates the reliability of the predicted
motion resistance, based on the methodology described in
Section IV-D. As with the motion resistance map, this relia-
bility estimation is trajectory-dependent; hence, the visualiza-
tion corresponds to the direction of steepest slope. For each
cell, reliability is quantified by evaluating the probability den-
sity of its pitch-roll pair under the distribution observed in the
training dataset, as defined in Equation 14. Regions shaded
in lighter gray correspond to terrain geometries that were
frequently encountered during training, implying a higher
expected prediction accuracy. Conversely, areas approaching

black indicate rarely seen configurations, where the model is
expected to be less confident in its predictions.

2) Motion Resistance Inference Evaluation: The objective
of this validation field test is to compare the motion resistance
perceived by the robot with the one predicted by our model.
We selected a terrain composed of grass and asphalt, featur-
ing varied geometry and located in a geographical area dis-
tinct from the one used during the model training. The robot
performed S5-meters transects along predefined directions.
During each traversal, the perceived motion resistance was
continuously estimated from proprioceptive signals (motor
currents, IMU) recorded onboard. Knowing the semantic
DEM for the environment, the local pitch, roll, and terrain
class encountered along the trajectory could be retrieved.
Using this information, the predicted motion resistance was
computed for each point along the path.

Figure 8 shows the time series comparison between the
predicted and the perceived motion resistance along a test
trajectory. The Root Mean Square Error (RMSE) between the
predicted and perceived motion resistance is 0.13, which is
satisfactory and of the same order of magnitude as the results
presented in Section IV-C. Overall, the predictor successfully
captures the general trend of the perceived resistance.

In addition, the predicted uncertainty (standard deviation)
is consistent with the observed variations: only 5.60% of the
measured values fall outside the 95% confidence interval,
indicating that the uncertainty estimation is reliable.

Finally, Figure 9 highlights the relationship between the
estimated reliability, obtained through Probability Density
Estimate (PDE) (Equation 14) evaluation at the input point,
and its distance to the predicted Gaussian distribution. The
distance used here is defined as D = ‘“U;‘T‘ where 1 and
o are the mean and standard deviation of the predicted
distribution, respectively.

We observe that most points remain within approximately
two standard deviations of the predicted mean (D < 2)
for PDE values above 2. Below this threshold (PDE < 2),
the motion resistance experienced by the robot deviates
significantly from the predicted distributions. This empha-
sizes the correlation between low PDE values and increased
inaccuracy in the predictions.
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Fig. 8: Time series comparison between predicted and per-
ceived motion resistance on a test trajectory.
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Fig. 9: Distance to the predicted motion resistance Gaussian
distribution as a function of the PDE evaluation of the input
within the training set.

V. CONCLUSION

In this work, we demonstrated the feasibility of predicting
terrain motion resistance using exteroceptive sensing through
a near-to-far learning method. We introduced two predictive
approaches: a Gaussian Multi-Layer Perceptron and a Gaus-
sian Process Regressor. Among the two, the Gaussian MLP
achieved the best performance in our setting, with a RMSE
below 10%, measured between the predicted and actual distri-
bution means. We also introduced a methodology to evaluate
the robustness of these models under geometric distribution
shifts between the training and deployment terrains, leading
to a reliability index during inference. Finally, we validated
the predictive performance of both models through real-
world field experiments, confirming the quality of motion
resistance predicted distribution and their applicability in
practical deployment scenarios. Future work will focus on
enabling online model updates using sensory feedback, and
extend the approach beyond longitudinal resistance for more
flexible planning.
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