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Abstract— Safe autonomous navigation requires reliable esti-
mation of environmental traversability. Traditional methods have
relied on semantic or geometry-based approaches with human-
defined thresholds, but these methods often yield unreliable
predictions due to the inherent subjectivity of human supervision.
While self-supervised approaches enable robots to learn from
their own experience, they still face a fundamental challenge:
the positive-only learning problem. To address these limitations,
recent studies have employed Positive-Unlabeled (PU) learning,
where the core challenge is identifying positive samples without ex-
plicit negative supervision. In this work, we propose GSAT, which
addresses these limitations by constructing a positive hypersphere
in latent space to classify traversable regions through anomaly
detection without requiring additional prototypes (e.g., unlabeled
or negative). Furthermore, our approach employs joint learning
of anomaly classification and traversability prediction to more
efficiently utilize robot experience. We comprehensively evaluate
the proposed framework through ablation studies, validation on
heterogeneous real-world robotic platforms, and autonomous nav-
igation demonstrations in simulation environments. Our method
is available at https://sparolab.github.io/research/
gsat/.

I. INTRODUCTION

Traversability estimation is an essential ability to determine

whether a robot can safely traverse a given terrain for au-

tonomous navigation in unstructured environments.

Traditionally, this task has followed two main paradigms:

semantic methods [1, 2] employ predefined classes (e.g., road,

rock) to determine traversability categories (e.g., safe, risky),

whereas geometric methods [3, 4] extract terrain features (e.g.,

slope, roughness) from elevation maps. However, both meth-

ods depend on human-defined thresholds, which often yield

inaccurate predictions, leading to unreliable navigation.

To address these limitations, many studies [5–14] utilize self-

supervised learning, enabling robots to acquire traversability

knowledge from their own experience without human supervi-

sion. In these approaches, supervision signals are automatically

generated from traversal experiences. Such signals allow robots

to learn models that capture platform-specific traversal patterns,

thereby reducing dependence on manually designed heuristics.
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Fig. 1. Overall process of the proposed GSAT framework: (a) Automated
data generation using positive and unlabeled samples to enable self-supervised
learning, corresponding to the initial latent space (i); (b) Self-supervised
anomaly detection and hypersphere refinement to optimize the decision
boundary within the latent space (ii); (c) Final traversability mapping for
autonomous navigation.

Despite this progress, self-supervised methods face the

positive-only learning problem. The absence of contrastive

samples (i.e., negative samples) causes the positive hypersphere

representation to become unstable, leading to feature collapse,

such as a trivial solution. Therefore, robots struggle to distin-

guish between normal samples (similar to experienced areas)

and anomalous samples (unexperienced areas).

Existing methods [10–12] address this problem by construct-

ing prototypes from positive and unlabeled sets via Positive-

Unlabeled (PU) learning, but the unlabeled data inherently

contain normal samples. Consequently, the positive prototype

becomes sensitive to prototype configurations (e.g., their num-

ber), resulting in inconsistent classification.

Recently, other methods [13, 14] utilize visual foundation

models such as Segment Anything (SAM) [15] to mask regions

similar to positive samples, treating the remaining areas as

explicit negative samples. However, unlike semantic data, geo-

metric data lacks corresponding foundation models, limiting

the applicability of such foundation-based approaches.

To address this problem, we present GSAT (Geometric

traversability estimation using Self-supervised learning with

Anomaly detection for diverse Terrain), as illustrated in Fig. 1.

The proposed framework introduces four key contributions:

1) Experience-aware Anomaly Detection: We propose a

self-supervised anomaly detection framework using a

single positive hypersphere. Unlike prototype-based PU

methods, our approach defines a positive hypersphere

as a decision boundary, enabling the identification of

anomalies in unlabeled data. This formulation facilitates

anomaly-aware metric learning, addressing the inherent

limitations of positive-only learning.
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2) Joint Traversability Learning Framework: We intro-

duce a framework that jointly learns anomaly detection

and traversability prediction. This joint optimization

enables efficient terrain assessment through shared rep-

resentations.

3) Geometric Data Augmentation for Diversity: Human-

operated data often lacks diversity due to its consistent

and safe operations. To address this, we introduce geomet-

ric augmentations. These generate diverse experiences,

allowing the robot to adapt to various unseen regions.

4) Comprehensive Evaluation: We evaluate our model

across multiple datasets for anomaly classification. Ex-

tensive experiments on downstream tasks demonstrate

the effectiveness of our approach.

II. RELATED WORKS

A. Traversability Estimation with Human Supervision

Traditional traversability estimation relies on either semantic

or geometric features. Semantic approaches [1, 2] classify

terrain into predefined categories (e.g., road, bush, rock) to

determine traversability levels (e.g., safe, risky). Geometric

methods [3, 4] extract terrain characteristics (e.g., slope, rough-

ness, step height) from elevation maps generated through

various probabilistic frameworks. However, these approaches

depend on manually defined classes or constraints, often leading

to inaccurate predictions as they fail to capture vehicle-specific

traversal experiences.

B. Self-Supervised Traversability Estimation

To mitigate the reliance on human supervision, recent self-

supervised approaches project driving trajectories into network

features to generate automated supervision signals. Various

sensor modalities have been explored for this task, including

RGB [6, 7], RGB-D [5], and LiDAR [8, 16], with some methods

combining modalities to leverage both geometric and semantic

information [17].

However, these methods rely primarily on reconstruction-

based uncertainty derived solely from positive data. Due to

the absence of contrastive samples during training, their gen-

eralization performance becomes highly sensitive to threshold

configurations, often failing to establish a robust decision

boundary between normal and anomalous regions.

C. Traversability from Anomalies

To address the lack of negative samples, several works

adopt the PU learning framework, treating the unlabeled set as

contrastive samples [10–12]. These approaches often rely on

unlabeled prototypes to distinguish between regions. However,

since unlabeled sets inherently contain positive-like samples,

the decision boundary becomes highly sensitive to prototype

configurations, leading to inconsistent classification.

Alternative approaches [13, 14] incorporate visual founda-

tion models, such as SAM, to explicitly generate negative

samples for refining positive prototypes. Although effective

for semantic scene understanding, these methods face signif-

icant challenges in geometric domains due to the absence of

corresponding foundation models.

In contrast, our method focuses solely on constructing a

reliable positive prototype to define a decision boundary. This

formulation enables the separation of normal and anomalous

samples within unlabeled data without requiring additional

prototypes or relying on foundation models.

III. METHOD

In this section, we describe how geometric information can

be utilized for traversability estimation through self-supervised

learning. First, we introduce an automated data generation

pipeline (Sec. III-A). We then describe the traversability net-

work architecture (Sec. III-B), followed by our proposed

experience-aware anomaly detection methodology and corre-

sponding loss functions for constructing a positive hypersphere

through joint learning (Sec. III-C). These core components are

illustrated in Fig. 2. Finally, we present a targeted geometric

augmentation strategy to address the limited diversity of positive

samples (Sec. III-D).

A. Automated Data Generation

As the initial step, training data is automatically generated by

aligning SLAM-derived robot trajectories with the point cloud

Pt captured at discrete time intervals. Specifically, the system

constructs this supervision by associating sampled trajectory

points with traversability scores. For each time step t, the

supervision set Bt is defined as:

Bt = {(bs, τs) | s ∈ [t, t+ n]}, (1)

wherebs = (xs, ys) represents the robot’s position coordinates,

τ s denotes the traversability score at sampling step s, and n

denotes the window size. Traversability scores are derived from

velocity tracking performance as follows [7]:

verror =
1

2

(
(vx − vx∗)2 + (vy − vy∗)

2
)
, (2)

τ = σ (−η(verror − vth)) , (3)

where (vx, vy) and (vx∗ , vy∗) are the actual and commanded

velocities, respectively. The parameter η controls the sharpness

of the sigmoid function σ( · ), and vth denotes the midpoint

where the traversability score is assigned as 0.5.

1) BEV Representation: Direct processing of 3D point

clouds limits performance on resource-constrained robotic

platforms [18]. Therefore, we adopt a BEV representation to

achieve computational efficiency for real-time applications. To

align Pt and Bt, both are projected onto their respective 2D

grids of size Hρ ×Wρ with resolution ρ.

Pillar Voxelization: Pt is voxelized into a 4D tensor V ∈
R
Hρ×Wρ×M×7, where each grid cell (i, j) stores a vertical

pillar Vi,j = {v
(m)
i,j }Mm=1 ∈ R

M×7. M denotes the maximum

number of points per pillar, with the remaining entries zero-

padded. Each per-point feature v
(m)
i,j ∈ R

7 is defined as:

v
(m)
i,j = [xl, yl, z, xc, yc, zc, σz]

⊤, (4)

where z is the absolute height of the point, (xl, yl) denote the

local offsets from the pillar center, (xc, yc, zc) are the offsets

relative to the mean of all points in the pillar, and σz is the

standard deviation of z within the pillar.
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Fig. 2. Overview of the proposed GSAT framework. The framework consists of (A) automated data generation leveraging robot traversal supervision,
and (B) a traversability network that extracts BEV features to produce latent representations. The core innovation lies in (C) experience-aware traversability
learning, where self-supervised anomaly detection in the latent space partitions unlabeled data into normal and anomalous samples, enabling joint traversability
estimation and positive hypersphere refinement through the proposed loss formulations.

Supervision Grid: The supervision set Bt is represented as

a 2D grid G ∈ R
Hρ×Wρ . Each cell Gi,j containing a robot

position bs stores the corresponding traversability score τ s.

When multiple positions occupy the same cell, the mean score

is assigned. Unvisited cells are set to −1.

B. Traversability Network

1) BEV Feature Extractor: We design our feature extractor

based on the PointPillars [18] architecture. Pillar features

Vi,j are encoded through a 1D-CNN followed by a 2D-CNN

backbone, producing a spatial feature vector qi,j ∈ R
32 for

each grid cell (i, j). The BEV feature map Q is composed of

per-cell feature vectors qi,j , which are computed as:

qi,j = gω1
(Vi,j), (5)

where gω1
( · ) denotes the BEV feature extraction module with

learnable parameters ω1. The feature vectors are separated into

positive and unlabeled sets based on the supervision grid G:

Qp = {qi,j | Gi,j ̸= −1},

Qu = {qi,j | Gi,j = −1},
(6)

where the subscripts p and u indicate the positive and unlabeled

sets, respectively.

2) Traversability Head: The Traversability Head processes

the BEV feature set Q = Qp ∪ Qu through three MLPs:

Z = αω2
(Q), T = βω3

(Z), U = hω4
(Z), (7)

where αω2
( · ) denotes the encoder, βω3

( · ) the regression head,

and hω4
( · ) the reconstruction head. Specifically, for N =

Np + Nu total samples where Np = |Qp| and Nu = |Qu|,
Z ∈ R

N×8 denotes the latent representations, T ∈ R
N×1

the predicted traversability scores, and U ∈ R
N×32 the recon-

structed features. The encoder and reconstruction heads consist

of two layers each, while the regression head has a single layer.

All hidden layers employ batch normalization, dropout, and

ReLU, whereas the final layer of the regression head applies a

sigmoid activation.

C. Experience-Aware Traversability Learning

1) Anomaly Detection: Unlike methods [10–14] that rely

on unlabeled or negative prototypes, we employ a metric-based

approach using positive hypersphere boundaries to separate

normal and anomalous samples in unlabeled data.

The positive hypersphereHp is defined by its center ok ∈ R
8

and radius rp. The center ok is defined as the mean feature

vector of positive latent features z
(k)
p , computed over the full

batch and updated every k epochs for stable convergence:

ok =
1

Np

∑

Zp

z(k)p . (8)

The radius rp follows an exponential moving average:

r+p = εr−p + (1− ε)d̄p, (9)

where dp = ∥zp − ok∥ is the distance between each positive

latent vector zp ∈ Zp and the center, d̄p is their mean, and ε is

the momentum parameter. Superscripts − and + denote pre-

and post-update values at each epoch. Using Hp as a boundary,

unlabeled samples zu ∈ Zu are split into normal Zn and

anomalous Za sets:

Zn =
{
zu ∈ Zu | du ≤ r+p

}
,

Za =
{
zu ∈ Zu | du > r+p

}
,

(10)

where du = ∥zu − ok∥ represents the distance from each

unlabeled sample to the hypersphere center, with Nn = |Zn|
and Na = |Za| denoting the sizes of each set, satisfying

Nu = Nn +Na.

18830



2) End-to-End Training Objective: To address the positive-

only problem in traversability estimation, we jointly optimize

traversability prediction and anomaly-aware representation

learning. Specifically, the overall training objective consists

of the loss functions detailed below.

Anomaly Loss. We focus on optimizing a positive prototype

without negative or unlabeled ones. Therefore, we adapt an

anomaly loss inspired by Deep-SAD [19], which refines the

positive center by explicitly pushing anomalous samples away

from it. While Deep-SAD requires pre-labeled normal and

anomalous data, our approach leverages automated anomaly

detection (Sec. III-C.1) to classify unlabeled samples, enabling

the application of this loss formulation. The anomaly loss is

defined as follows:

LAnom =
1

Np

∑

Zp

∥zp − ok∥
2

︸ ︷︷ ︸

positive

+
1

Nn

∑

Zn

∥zn − ok∥
2

︸ ︷︷ ︸

normal

+
1

Na

∑

Za

(
∥za − ok∥

2 + ζ
)−1

︸ ︷︷ ︸

anomalous

,

(11)

where zp ∈ Zp, zn ∈ Zn, and za ∈ Za are latent vectors

from the positive, normal, and anomalous sets, respectively.

The first two terms pull positive and normal samples toward

the hypersphere center, while the third term pushes anomalous

samples away through inverse distance. ζ is a small constant

that prevents numerical divergence. This formulation constructs

a positive boundary that enables anomaly detection without

requiring auxiliary prototypes.

Reconstruction Loss. While the anomaly loss effectively learns

hypersphere boundaries, pulling positive features toward the

center without any margin may cause the encoder to overfit

to specific positive patterns. To mitigate this, we employ a

reconstruction loss formulated as the Mean Squared Error

(MSE) to preserve general representations:

LRecon =
1

Np

∑

Up

∥up − qp∥
2, (12)

where up ∈ Up represents the reconstructed feature decoded

from the latent vector zp, and qp denotes the corresponding

original positive input. As a regularizer, this loss complements

the anomaly loss by preventing feature collapse and ensuring

robust representations for anomaly detection.

Regression Loss. Our regression loss leverages experience-

aware joint learning to achieve efficient traversability estimation.

Existing methods [7] rely on reconstruction error as a heuristic

anomaly indicator with manually defined thresholds. Unlike

these methods, our approach utilizes the classified samples,

eliminating the need for such thresholds. We formulate the

regression objective using the MSE as follows:

LReg =
1

Np

∑

Tp

∥tp − τ∥2 +
1

Na

∑

Ta

∥ta − 0∥2, (13)

where tp ∈ Tp and ta ∈ Ta denote the traversability predictions

for positive and anomalous samples, respectively. The first term

Pointcloud

Contact Point

(a) Original Points

(b) Flip Rotation (c) Yaw Rotation

(d) Pitch Rotation

(d.1) Ground Segmentation

(d.2) Slope Extraction

(d.3) Pitch Transform

Fig. 3. Point augmentation methods demonstrated on RELLIS-3D dataset.
(a) Sample point clouds. (b) Flipping augmentation reflecting points across
the yz-plane. (c) Yaw rotation augmentation around the z-axis. (d) Pitch
augmentation process: (d.1) RANSAC-based ground segmentation, (d.2) slope
angle extraction, (d.3) pitch transformation to simulate terrain inclinations.

supervises tp toward the target score τ , while the second term

constrains ta toward zero to reflect risk regions. This joint

formulation enables efficient traversability estimation.

Total Loss. The final objective function combines all three loss

components as follows:

LTotal = λ1LAnom + λ2LRecon + λ3LReg, (14)

where λ1, λ2, and λ3 weight the respective loss terms.

D. Strategy for Mitigating Limited Data Diversity

While our anomaly detection framework expands the positive

hypersphere using normal samples from unlabeled data, the

positive samples themselves often exhibit limited diversity due

to consistent human operational patterns. Therefore, we apply

targeted geometric augmentations to mitigate orientation and

terrain biases inherent in positive traversal data. We employ

flipping and yaw rotation to address directional bias, and pitch

rotation based on ground estimation to increase slope diversity.

The detailed augmentation strategies are as follows:

Flipping. As shown in Fig. 3(b), we flip points across the

yz-plane using a diagonal matrix Sx = diag(−1, 1, 1). The

transformation fx(p) = Sxp is applied to each point p =
[x, y, z]⊤, creating symmetric trajectory patterns and mitigating

distributional bias in unidirectional sampling.

Yaw Rotation. As shown in Fig. 3(c), we apply random yaw

rotations about the z-axis using a rotation matrix Rz(ψ), where

ψ ∈ [−90◦, 90◦]. This transformation fψ(p) = Rz(ψ)p
enhances angular diversity.

Pitch Rotation. As shown in Fig. 3(d), we simulate terrain slope

variations through pitch rotation based on RANSAC ground

segmentation. The ground slope angle θ = arccos(nz · ez)
determines the rotation range, where nz is the estimated ground

normal and ez = [0, 0, 1]⊤ is the vertical unit vector. Assuming

that any slope up to θ remains traversable, a random angle θr ∈
[−θ, θ] is then applied as fg(θr,p) = Ry(θr)p, generating

diverse slope conditions.
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IV. EXPERIMENTS ON ANOMALY CLASSIFICATION

We conducted comprehensive ablation studies to analyze the

impact of two design choices within our anomaly classification:

the treatment of unlabeled data in the anomaly loss and the se-

lection of augmentation strategies. Following the experimental

setup, including datasets and evaluation metrics (Sec. IV-A), we

quantitatively analyze the anomaly loss formulation (Sec. IV-

B) and evaluate each augmentation component through both

quantitative and qualitative assessments (Sec. IV-C).

A. Experimental Setup

1) Datasets: We conducted experiments on two public

datasets: RELLIS-3D [20], which features consistent positive

sample patterns, and DITER++ [21], which provides diverse

spatial environments. For both datasets, we sampled approxi-

mately 50 robot poses per training to define the positive samples.

RELLIS-3D: This dataset was collected with an OS1-64

LiDAR sensor in off-road environments and provides point-

wise semantic annotations. We used sequences 00 and 03 for

training and sequence 01 for evaluation. For anomaly evaluation,

we redefined the provided semantic labels into traversability

categories. Specifically, common terrain types (e.g., ground,

grass, mud, and puddles) were grouped as normal, whereas all

other labels (e.g., trees, rocks) were treated as anomalous.

DITER++: This dataset was collected with an OS1-32 LiDAR

sensor in diverse urban and park environments. Training was

conducted on the park-night sequence and evaluation on the

park-day sequence. For evaluation, since semantic annotations

were not provided, we manually labeled non-ground and ob-

stacle regions as anomalous, while areas consistent with prior

experience were labeled as normal.

2) Data Processing and Evaluation Metrics: We utilized Li-

DAR point clouds, extracting supervision signals from SLAM-

based robot poses. Since command velocity information was

unavailable, we set the target traversability score to τ = 1.

To evaluate anomaly classification, point-wise semantic labels

were projected onto a BEV grid of 12 × 12 m with a 0.15

m resolution. Cells containing any points from predefined

anomalous classes were labeled as anomalous, while cells with

only normal class points were labeled as normal.

Anomaly classification was performed using a decision

boundary determined by the learned hypersphere center and

radius, as defined in Eq. (10). We evaluated binary classification

performance using Precision, Recall, and F1-score. To focus

on regions with reliable measurements, empty cells without

sufficient point cloud data were excluded from the evaluation.

In Table I and Table II, green and yellow highlights denote the

best and second-best results, respectively.

3) Implementation Details: The network was trained using

the Adam optimizer with a learning rate of 5× 10−4, a batch

size of 12, and 100 training epochs. The hypersphere parameters

were updated every 5 epochs (k = 5) using a momentum of ε =
0.5. For numerical stability, we set ζ = 10−6 in the anomaly

loss term. For the classification evaluation, the hypersphere

center and radius were selected from the best-performing model

on the evaluation set. The loss weights were empirically set to

λ1 = 1.0, λ2 = 1.0, and λ3 = 20.0. All models were trained

TABLE I

QUANTITATIVE RESULTS OF THE UNLABELED DATA ABLATION STUDY

FOR ANOMALY LOSS FORMULATION

Dataset
Anomaly Loss Metric

Normal Anomalous Pre. ↑ (%) Rec. ↑ (%) F1. ↑ (%)

RELLIS-3D

– – 54.75 99.86 69.87

– All unlabeled 96.75 52.52 68.27

– Anomalous 98.10 59.14 73.59

Normal Anomalous 97.11 64.93 77.61

DITER++

– – 77.34 98.35 85.91

– All unlabeled 87.45 57.56 68.50

– Anomalous 87.69 75.93 80.61

Normal Anomalous 96.69 81.01 88.04

Ours: Normal/Anomalous configuration

and evaluated on an NVIDIA RTX 3090 GPU with 24GB of

memory. To ensure reliability, the results were averaged over 3

independent runs with different random seeds.

B. Anomaly Loss Ablation Studies

Table I presents a quantitative evaluation of four configura-

tions on the RELLIS-3D and DITER++ datasets. Specifically,

we analyze how the handling of unlabeled data is formulated

within the anomaly loss.

w/o Anomaly Loss (−/−): This configuration, equivalent to

Deep-SVDD [19] one-class learning, predicted most regions as

normal, classifying even non-traversable areas as traversable.

Consequently, it yielded the highest recall (99.86%, 98.35%)

but the lowest precision (54.75%, 77.34%). Without loss terms

for unlabeled data, the model failed to distinguish between

normal and anomalous latent features, leading to inflated recall

scores that do not reflect true classification performance.

All Unlabeled as Anomalous (−/All unlabeled): This con-

figuration treated all unlabeled data as anomalous, pushing

them away from the positive hypersphere center. Both datasets

exhibited significantly reduced recall (52.52%, 57.56%) be-

cause the model overfitted to positive patterns, creating an

overly restrictive hypersphere that missed normal regions in

unexplored areas. While this approach achieved high precision

(96.75%, 87.45%) by being conservative, it failed to generalize

beyond experienced terrain.

Anomalous-only Loss (−/Anomalous only): This configura-

tion constructed the hypersphere using only positive samples

while pushing anomalous samples away from the center, with-

out utilizing normal samples. This approach demonstrated an

improved balance between precision (98.10%, 87.69%) and

recall (59.14%, 75.93%). However, learning the hypersphere

based solely on positive samples limited its generalization

capability, as normal samples were not guided toward the center.

Proposed Configuration (Normal/Anomalous): Our ap-

proach optimized the positive hypersphere by pulling both posi-

tive and normal samples toward the center. This incorporation of

normal samples significantly improved performance compared

to positive-only approaches, achieving the highest F1-scores

(77.61%, 88.04%). These results validated our hypothesis that

leveraging normal samples enhances hypersphere construction

and improves anomaly detection performance.
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w/o FlipOurs w/o Pitch Rotate w/o Yaw Rotate w/o Augment
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Fig. 4. Qualitative results of the data augmentation ablation study on the RELLIS-3D dataset, demonstrating spatial prediction performance across different
augmentation configurations.

TABLE II

QUANTITATIVE RESULTS OF DATA AUGMENTATION ON RELLIS-3D

Configuration Pre. ↑ (%) Rec. ↑ (%) F1. ↑ (%)

w/o Flipping 96.67 61.32 74.86

w/o Pitch rotation 93.82 61.72 74.16

w/o Yaw rotation 96.78 45.54 61.81

w/o Augmentation 98.28 27.99 43.13

Ours 97.11 64.93 77.61

The performance difference between the datasets reflected

ground-truth annotation quality. RELLIS-3D employed se-

mantic class-based labeling with inherent inaccuracies (e.g.,

grass regions were often labeled as traversable despite being

non-traversable due to their irregular surfaces). Consequently,

achieving high precision on this dataset is a more meaningful

indicator of performance than recall. In contrast, DITER++

used more precise manual ground-only labeling, resulting

in clearer ground-truth classification and consistently higher

overall performance across all configurations.

C. Ablation Studies on Geometric Augmentation

We conducted augmentation ablation studies on the RELLIS-

3D dataset to evaluate the effectiveness of our geometric aug-

mentation strategies. Unlike DITER++, RELLIS-3D exhibits

highly consistent trajectory patterns and terrain biases (e.g.,

directional and slope biases), making it an ideal benchmark for

validating the impact of augmentation. Furthermore, to avoid

generating misleading positive samples, pitch rotation was

selectively applied only to scenes containing a single ground

segment with a slope of less than 10◦.

Table II presents the quantitative evaluation of each augmen-

tation component. Our augmentation approach achieved the

highest F1-score (77.61%), with each technique contributing

significantly to performance. Notably, excluding yaw rotation

resulted in the most severe performance drop with an F1-score

of 61.81%, demonstrating its critical importance for handling

directional diversity. Without any augmentation, the model

achieved high precision (98.28%) but suffered from extremely

low recall (27.99%), indicating overfitting to the limited positive

training patterns and weak generalization to unexplored regions.

Mapping Evaluation Trajectory

Legged Robot Train Trajectory

Wheeled Robot Train Trajectory

Wheeled Robot
Legged Robot

OS1-32OS1-32
(a) (b)

Fig. 5. Experimental setup for traversability mapping evaluation. (a) Robot
platforms: SCOUT MINI (left) and Go2 (right). (b) Data collection trajectories
in the outdoor environment with training and mapping evaluation paths.

Fig. 4 presents qualitative results showing the effect of each

augmentation on prediction performance. Without augmenta-

tion, the model performed reliably only in regions similar to

training trajectories but failed in unexplored orientations, show-

ing extensive false negatives in the purple and red highlighted

regions. The absence of yaw rotation particularly affected

predictions in unseen headings, while removing pitch rotation

degraded performance on sloped terrain (highlighted in red).

Specifically, because the positive training data exhibited a

leftward bias, the model severely struggled with rightward

direction patterns without flip augmentation. These results

demonstrate that geometric augmentation effectively addresses

the inherent biases in training data, improving generalization

to diverse terrains.

V. EXPERIMENTS ON DOWNSTREAM TASKS

To evaluate our experience-aware traversability estimation,

we compared it against representative open-source baselines.

Specifically, two methods were selected for comparison: DEM-

Trav [22], a rule-based approach that assesses geometric terrain

characteristics, and LeSTA [8], a self-supervised method that

learns terrain properties. Platform-specific traversability accu-

racy was evaluated through mapping experiments (Sec. V-A),

and its suitability for navigation in unstructured environments

was assessed in simulation (Sec. V-B).

A. Traversability Mapping

1) Experimental Setup: We evaluated traversability mapping

across heterogeneous robots using a custom dataset collected

from wheeled and legged robots equipped with OS1-32 LiDAR

sensors, as shown in Fig. 5(a). The environment consisted of
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Fig. 6. Traversability mapping results comparing benchmark methods in the
real-world. (a) Legged robot: low bush regions are traversable, rock regions
are dangerous. (b) Wheeled robot: low bush regions are non-traversable.

three terrain types: uneven road, low bush (< 0.6 m), and high

bush (≥ 0.6 m). Based on assumed platform-specific capabil-

ities, the legged robot was assigned to traverse uneven road

and low bush, while the wheeled robot was restricted to uneven

road. Each robot’s trajectory was split into 80% for training

and 20% for validation. For testing, both robots navigated an

identical evaluation trajectory, as shown in Fig. 5(b).

Our approach utilized the training parameters detailed in

Sec. IV-A. For LeSTA, we used input features (step-height,

slope, roughness, and curvature) with a learning rate of 0.7.

For DEM-Trav, we employed step-height, roughness, and slope

features with robot-specific maximum thresholds: 1.4 m, 0.2

m, and 1.0 rad for the legged robot, and 0.6 m, 0.05 m, and 1.0

rad for the wheeled robot, respectively. All methods used a grid

size of 8× 8 m with a 0.15 m resolution.

2) Traversability Mapping Results: As shown in Fig. 6

and Fig. 7, our method successfully generated robot-specific

traversability maps. For the legged robot, low bush regions

were correctly identified as traversable, whereas for the

wheeled robot, bush areas were appropriately predicted as non-

traversable. Both robots consistently predicted rock and hill

regions as non-traversable. Notably, the regions highlighted

in green (Fig. 7) demonstrate distinct traversability scores

for identical uneven road surfaces, accurately reflecting the

wheeled robot’s kinematic limitations by assigning higher risk

to such terrain.

In contrast, both LeSTA and DEM-Trav exhibited limited

adaptability across platforms. LeSTA predicted low bushes as

non-traversable for the legged robot and incorrectly estimated

high bushes as traversable for the wheeled robot. Similarly,

DEM-Trav predicted low bushes as high-risk terrain for the

legged robot and also failed to handle dense bushes for the

wheeled robot. Ultimately, DEM-Trav relies on human-defined

capability thresholds that may not accurately reflect platform-

specific mobility constraints, whereas LeSTA, by focusing on

terrain properties, may fail to fully capture robot-dependent

traversability characteristics.

Environment Legged Robot Wheeled Robot

(a)

Rock
Low Bush
Rough Road

Hill
High Bush
Low Bush

High Bush
Low Bush

(b)

(c)
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S
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Fig. 7. Detailed traversability mapping results of the proposed method,
illustrating robot-specific terrain assessment for legged and wheeled robots.

TABLE III

NAVIGATION PERFORMANCE COMPARISON

Method Avg. Collisions ↓ Success Rate (N/10)

DEM-Trav 6.6 4/10

LeSTA 4.6 6/10

Ours 0.2 10/10

B. Traversability-aware Navigation

1) Experimental Setup: We evaluated off-road navigation in

a Gazebo simulation environment including complex hillside

terrain, varying slopes, rigid obstacles (e.g., trees, rocks, and

high bushes), and passable vegetation such as low bushes. The

experiments employed a Husky robot equipped with an OS1-64

LiDAR. The navigation stack utilized the DWA planner [23]

operating on local traversability maps without a global map.

Local costmaps were generated using a 0.5 threshold to dis-

tinguish occupied from passable regions, with a grid size of

8×8 m and 0.15 m resolution. For evaluation, we measured the

average number of collisions and the success rate over 10 trials.

After each collision, the robot executed a recovery procedure

and resumed navigation. A mission was deemed unsuccessful

if the recovery procedure failed.

To ensure a fair comparison, both learning-based meth-

ods (LeSTA and our approach) were trained on datasets col-

lected from identical trajectories within the hill world envi-

ronment [24], where positive samples consisted of traversals

across uneven roads, slopes, and low bushes. The collected

data were split into 80% for training and 20% for validation.

The training parameters for our method and LeSTA followed

the same configurations detailed in Sec. V-A. For DEM-Trav,

platform-specific thresholds were configured for the Husky

robot, set to 0.3 m, 0.1 m, and 1.0 rad for step height, roughness,

and slope, respectively.

2) Navigation Results: As shown in Table III, our method

consistently reached the goal with stable trajectories, achieving

a perfect success rate (10/10) and a minimal average collision

count of 0.2. In contrast, both LeSTA and DEM-Trav frequently

misclassified low bushes as non-traversable, leading to multi-

ple navigation failures with success rates of 6/10 and 4/10,
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Fig. 8. A representative example summarizing a successful navigation task
in the simulation. Trajectory lines and collision markers are shown for each
method. Detailed views (a) and (b) highlight vegetation regions, where orange
boxes indicate non-traversable areas and blue boxes denote traversable bushes.

respectively. The representative navigation trajectories for each

method are visualized in Fig. 8.

Specifically, DEM-Trav relied on rigid, human-defined pa-

rameters, leading to inconsistent traversability predictions

across varying slopes and step heights. Similarly, LeSTA strug-

gled to achieve a balanced representation of diverse terrain

features, which caused the misclassification of ambiguous

regions, such as low bushes. Consequently, the planner treated

passable vegetation as obstacles, leading to navigation failures.

In contrast, our method successfully navigated the complex

environment by leveraging traversal experience.

VI. CONCLUSION & DISCUSSION

This paper presents an experience-aware framework for

self-supervised traversability estimation that leverages robot

traversal experience. By incorporating anomaly detection into

the traversability learning, our approach overcomes the inherent

limitations of PU learning caused by the positive-only con-

straint. In addition, targeted augmentation strategies were ap-

plied to expand the diversity of traversal experiences, improving

adaptability to unseen regions. We further validated the practical

applicability of our approach through navigation tasks.

Despite its effectiveness, our framework has two limitations.

First, providing supervision to empty cells may lead to training

instability. Second, robot-state information such as proprio-

ceptive signals (e.g., battery status or motor conditions) is

not yet incorporated, which would be essential for a more

comprehensive traversability assessment.

Future work will focus on incorporating uncertainty-aware

learning to mitigate instability from incomplete measurements

caused by occlusion and integrating robot-state information

to achieve more robot-specific traversability estimation. In

addition, as existing class-based datasets do not adequately

reflect actual traversability, we plan to develop comprehensive

datasets with ground-truth traversability to enable more accu-

rate evaluation.
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