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Abstract— Terrain understanding is fundamental for mobile
robots operating in unstructured outdoor environments, in-
cluding planetary surfaces on Earth, Mars, the Moon, and
beyond. Existing vision-based traversability estimation methods
rely on robot-specific annotations or semantic class mappings,
limiting transferability across platforms and requiring costly
re-annotation when robot capabilities change, while standard
semantic segmentation methods only focus on specific prede-
fined classes, which do not capture the variety of terrains.
In this work, we propose a transformer-based architecture
that jointly performs class-specific semantic segmentation and
class-agnostic terrain segmentation within a unified network,
called Trinity. Terrain regions are segmented based solely on
visual appearance, without predefined semantic labels or robot-
dependent traversability scores. This formulation enables the
learning of robot-agnostic visual terrain priors that can be
combined with robot-specific experience for downstream tasks
such as traversability estimation, visual odometry, and mission
planning. To enable large-scale training with diverse terrain
appearances, we extend the OAISYS simulator and introduce
RUGDSynth, a synthetic dataset inspired by RUGD with class-
agnostic terrain samples. Furthermore, we present the EXTerra
Dataset, providing real-world images annotated with both class-
specific and class-agnostic terrain labels. Experiments demon-
strate the feasibility of the proposed task and the effectiveness of
our joint segmentation approach in complex planetary outdoor
environment.

I. INTRODUCTION

Semantic scene understanding is a fundamental capabil-
ity for mobile robots operating in complex outdoor envi-
ronments, especially for planetary space robotics. In such
settings, reliable perception supports navigation, state estima-
tion, path planning, and manipulation. It can further enable
higher-level objectives such as identifying scientifically rel-
evant areas or suitable terrain for infrastructure deployment
in planetary exploration.

A central component of outdoor scene understanding
is terrain segmentation, with traversability estimation as a
closely related task. While supervised semantic segmenta-
tion has achieved remarkable success in structured urban
environments [1], transferring these approaches to natural
terrain remains challenging. In contrast to roads or buildings
with well-defined geometry, outdoor environments exhibit
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Fig. 1. Rover LRU [3] and drone ARDEA [4] observe a planetary
exploration outdoor laboratory. The overlapping annotations shown on
the color image illustrate the ideal segmentation results produced by the
proposed method. The task is to segment different terrain types (shown
in shades of cyan) in a class-agnostic manner, enabling their use across
a wide range of robotic applications and platforms, while simultaneously
identifying class-specific regions that are important for a mission (here:
rock, fence, and tree).

irregular regions, gradual transitions, and visually similar
surface types. Boundaries are often ambiguous, and semantic
categories are less clearly separable, making also the anno-
tation process difficult [2].

Beyond these perceptual challenges, terrain semantics are
inherently context-dependent. The appearance and meaning
of concepts such as soil or grass vary with environmental
conditions (e.g., weather, season, illumination) and with the
operational context of the robot. For instance, sand may
pose no difficulty for a tracked vehicle but obstruct a small
wheeled robot. Consequently, semantic labels and especially
traversability assessments are not absolute properties, but
depend on both environmental and robot-specific factors.
This variability makes it difficult to define a universally valid,
fixed taxonomy of terrain classes.

Most existing methods, however, assume precisely such
predefined class sets and operate under a closed-world as-
sumption in which all relevant categories are known during
training. In traversability estimation, supervision is further
tied to a specific robot platform, since annotations implic-
itly encode its mobility capabilities. As a result, deploying
models in new environments or on different robots typically
requires new data collection and retraining, limiting scala-
bility and robustness.



To address these challenges, we introduce Trinity-Net,
a unified transformer-based architecture for flexible scene
understanding that jointly performs class-agnostic and class-
specific pixel-wise segmentation without relying on fixed
terrain taxonomy.

The class-agnostic part separates scenes into visually co-
herent terrain regions without predefined semantic labels. By
focusing purely on appearance, it provides a robot-agnostic
terrain representation that can serve as a visual prior for (self-
supervised) downstream tasks [5], [6]. Unlike local region-
proposal methods [7], Trinity-Net is able to enforce global
visual consistency across spatially disjoint terrain regions.

The class-specific branch predicts platform- and context-
independent or mission critical semantic categories (e.g., sky,
rocks, robotic infrastructure). This separation allows the
model to retain stable semantic anchors while avoiding an
overconstrained terrain taxonomy. Fig. 1 gives an illustration
of the overall task.

Training such a system requires substantial terrain di-
versity to ensure robust generalization and genuinely class-
agnostic behavior. However, annotating large-scale datasets
with terrain labels is costly and time-consuming. To address
this limitation, we additionally leverage synthetic data. Un-
fortunately, many existing outdoor datasets do not provide
terrain-specific annotations. Moreover, most simulation en-
vironments are unable to output such information, as their
semantic labels are typically object-based rather than texture-
or material-based. In contrast, the OAISYS simulator [8] pro-
vides semantic annotations using a material-based labeling
approach. This enables the extraction of terrain annotations
corresponding to different surface textures.

To this end, we leverage and extend the OAISYS simulator
to generate a large-scale synthetic dataset for joint training.
For class-specific categories we are following the taxonomy
of the RUGD dataset [9]. That makes it possible to also
use our approach for other field robotic tasks on Earth. Our
approach achieves strong class-agnostic segmentation results
on a real-world dataset recorded for planetary exploration
scenarios while being able to segment class-specific classes
as well.

To summarize, our contributions are: (i) Trinity-Net, a
unified transformer architecture for joint class-specific
semantic and class-agnostic segmentation, trained on syn-
thetic data to learn transferable appearance-based terrain
representations; (ii) an extension of the OAISYS simula-
tor enabling large-scale synthetic data generation for this
task, resulting in RUGDSynth, a synthetic counterpart to
the field-robotics RUGD benchmark, and (iii) the EXTerra
Dataset, a real-world planetary exploration dataset from an
analog mission site.

II. RELATED WORK

Our work builds on semantic segmentation [10], [11], with
emphasis on terrain segmentation, traversability estimation,
and open-world segmentation.

Terrain Segmentation is commonly formulated as su-
pervised semantic segmentation with predefined terrain tax-

onomies, requiring extensive manual annotation and fixed
class definitions. These limitations become particularly ev-
ident in planetary exploration, where annotated data is
scarce and highly variable terrain appearance challenges
rigid semantic categories. Existing approaches range from
rock-focused obstacle classification [12], [13] to broader
supervised semantic labeling efforts [2], [14], [15]. To
improve robustness multimodal perception is additionally
explored, by fusing visual and thermal imagery [16]. Sev-
eral works also investigate reduced-supervision, including
sparse labeling [17], semi-supervised learning [18], and text-
guided foundation-model-based segmentation [19]. Despite
mitigating annotation scarcity, these methods still operate
within predefined terrain categories. Other approaches reduce
semantic labels to navigability-oriented categories. In [20] a
multi-scale transformer to aggregate contextual features and
cluster terrains into roughness-based groups for navigation
is employed. Similarly, Li et al. [21] propose a contextual-
aware segmentation network that models local and global
dependencies while operating within the same roughness-
based terrain taxonomy. Closely related to our motivation, El-
lis et al. [22] introduce a temporally consistent unsupervised
approach for class-agnostic terrain segmentation. While they
only address class-agnostic region discovery, we additionally
support class-specific semantic segmentation within a single
framework.

Traversability Estimation. While terrain segmentation
assigns semantic labels to surface regions, traversability
estimation models navigability, commonly formulated as a
binary decision or continuous feasibility score. Schilling et
al. [23] combine visual and geometric features using ran-
dom forest. Other methods use elevation maps to pre-
dict traversability via learning-based approaches [24], [25].
In [26] dense traversability maps from sparse point clouds for
off-road navigation are learned. Several approaches exploit
self-supervision from robot interaction. Kahn et al. [27]
cast traversability as an end-to-end reinforcement learn-
ing problem. Other methods leverage platform-dependent
(weak) supervision, such as foothold reprojection for legged
robots [28], MPC trajectories [29], or proprioceptive signals
including odometry and IMU signals [30]. Building on
these ideas combined with foundation-model representations,
Frey et al. [5] propose an online self-supervised system that
adapts their model using visual embeddings and short human
demonstrations, while Jung et al. [6] incorporate segmenta-
tion priors using Segment Anything Model (SAM) [7] to
improve fine-grained traversability prediction.

Open-World Segmentation moves beyond fixed cat-
egories and closed-set assumptions to handle previously
unseen categories during execution. Some works estimate
predictive uncertainty to detect unknown regions, through
Bayesian inference [31], [32]. Further, auxiliary datasets
are leveraged to explicitly expose models to unknown sam-
ples during training [33], [34]. Generative [35], [36] and
reconstruction-based [37], [38] methods detect novel re-
gions by identifying discrepancies between input images
and reconstructed outputs, as unseen patterns typically yield



Fig. 2. The figure provides an overview of Trinity-Net. The model consists of an image encoder and three main components: the Split Transformer, the
CS Transformer, and the CA Transformer. The input image is first processed by a DINOv2 image encoder to obtain a feature map. Queries in the Split
Transformer attend to the image features and implicitly divide the feature space into a CS and a CA component. The resulting queries that attend to the CS
component are extended to form the queries of the CA Transformer, while the queries attending to the CA component are expanded to form the queries
of the CS Transformer. The queries of both the CS and CA Transformers attend to the feature map. The resulting output queries are then aggregated and
upsampled. Finally, the class-specific output is concatenated with the class-agnostic output.

higher reconstruction errors. In [39] distance-based unsuper-
vised anomaly detection is introduced. Finally, feature-space
approaches aim to separate known from unknown classes
by measuring distances to learned class clusters within the
feature space [40], [41].

III. CLASS-SPECIFIC AND CLASS-AGNOSTIC GROUND
SEGMENTATION

We introduce Trinity-Net, a novel unified framework for
class-agnostic terrain and class-specific semantic segmenta-
tion, enabled by a large synthetic dataset spanning diverse
terrains. It is composed of three main parts, hence the name
of the model. We first present the architecture, followed by
the simulation and dataset generation pipeline.

A. Architecture - Trinity-Net

Our method addresses two related but distinct sub-tasks:
class-specific (CS) semantic segmentation of predefined cat-
egories known a priori, capturing platform-independent and
mission-relevant semantics, and class-agnostic (CA) terrain
segmentation that groups visually coherent ground regions
in a robot- and context-agnostic manner. Each pixel p is
assigned exclusively to either a specific class CCS or to a
non-specified ground class CCA:

p ∈ CCS ∪ CCA where CCS ∩ CCA = ∅. (1)

The overall architecture is illustrated in Fig. 2. We first
encode the input RGB image using a frozen DINOv2
backbone [42]. The extracted image features are passed to
a DETR-like Split-Transformer with learnable query sets,
{qCS} and {qCA}, which partition the feature space into

class-specific and class-agnostic regions. To explicitly en-
courage the intended partitioning of the feature space, we
apply an auxiliary loss to the updated query embeddings.
For this purpose, we map the ground-truth annotations to a
binary representation distinguishing CS from CA regions.

The updated querys {q′
CS} and {q′

CA} are then sep-
arated and passed to two subsequent transformer modules:
the CS-Transformer (CST), responsible for segmenting class-
specific semantics, and the CA-Transformer (CAT), which
handles class-agnostic regions. Each transformer operates
with its own set of learnable queries, {qCST } and {qCAT },
representing prototypes for the respective regions. Since a
single query cannot capture the full complexity of a CA
region or CS category in the real-world, we employ multiple
queries per region to represent its variability and increase
robustness.

To guide each transformer toward its relevant regions, we
expand the task-specific queries with the updated queries:
{q′

CA} ∪ {qCST } and {q′
CS} ∪ {qCAT }. Intuitively, the

Split-Transformer attends to complementary regions of the
scene for each task, thereby providing contextual information
that facilitates separation.

We average the resulting task-specific queries, {q′
CST }

and {q′
CAT }, that belong to the same region. This aggre-

gation step reduces the queries to match the final CS and
CA output channels and is performed prior to upsampling
for memory efficiency. Note, the number of CA prototypes
is chosen to be sufficiently large to accommodate diverse
ground configurations. The amount of final CS output chan-
nels depends on the mission-relevant semantic classes. Fi-
nally, the aggregated queries are subsequently upsampled and



concatenated to form a unified prediction tensor containing
both class-specific and class-agnostic segmentation maps.

Since the CAT does not enforce a fixed alignment between
queries and regions, the same terrain may be represented
by different queries across samples. To resolve this ambi-
guity, predictions are matched to ground-truth masks using
a Hungarian matcher to determine the optimal alignment
between predicted class-agnostic regions and ground-truth
masks. After this matching step, a cross-entropy loss is
applied to the full network output.

B. Data Generation - RUGDSynth
To train the class-agnostic component of our method, we

require a large and diverse set of terrain samples. In addition
to covering a wide range of ground types, the dataset must
include the mission-relevant, class-specific categories. Since
collecting such data in the real world is costly and time-
consuming, we rely on synthetic data to efficiently meet the
requirements. Therefore, we extend OAISYS [8], an open-
source simulator pipeline based on Blender, that enables
the creation of outdoor environments. It relies on material-
based semantics, ideally suitable for our use-case to simulate
different terrains and their corresponding annotations. Addi-
tionally, OAISYS provides the MeshParticleScatter option,
which enables to scatter meshes using the internal particle
system of Blender. This is particularly useful for simulat-
ing large environments with numerous objects (e.g., rocks,
trees). On the other hand, this concept is less suitable when
simulating a smaller amount of objects (e.g., cars, rovers)
that have to be place more deliberately. To this end, we
extend the simulator with a physics-based placement module
called MeshPhysicsScatter. Objects can be spawned at a
predefined height, where they fall under physical simulation
onto a specified surface. Spawning locations can also be
defined relative to the camera. Given the large simulated
environments, this gives a higher chance that the objects
are visible in the camera frame. Additionally, objects can be
optionally respawned within a batch. Originally, each object
had to be listed in the config file, which is cumbersome,
dealing with many objects. We now allow a directory of
assets, from which objects are randomly spawned. We also
extended the modules with a probabilistic activation parame-
ter, controlling whether a module runs in a given batch. This
prevents all assets from spawning simultaneously, increasing
scene variability while keeping computation manageable.

OAISYS is further enhanced with a custom material
module, MaterialCSCATerrain, to simulate diverse ground

TABLE I
USED 3D ASSETS FOR RUGDSYNTH (TOTAL: 547)

3D Asset Type No. Assets Scatter Type Activation Prob. [%]

Grass 210 Particle 40.0
Tree 96 Particle 60.0
Pole 6 Physical 40.0
Vehicle 41 Physical 99.2
Generic-Objects 10 Physical 40.0
Building 12 Physical 99.9
Log 40 Physical 40.0
Bicycle 5 Physical 30.0
Person 26 Physical 40.0
Fence 10 Physical 30.0
Bush 23 Particle 70.0
Traffic Sign 25 Physical 30.0
Rock 41 Particle 27.0
Picnic-Table 2 Physical 30.0

surfaces. This module randomly selects textures from a
predefined set and supports three configuration modes: class-
specific assignment, class-agnostic assignment, or a mixture
of both. For each set, a minimum and maximum number
of textures can be specified. The maximum number is
particularly important to ensure that the number of terrain
variations does not exceed the downstream network’s ca-
pabilities. Additionally, this constraint helps maintain GPU
memory consumption within reasonable limits. Furthermore,
the developed module is not only applying selected textures
using the default scales but is additionally randomizing the
sizes of each texture to further increase visual variability.

Based on the OAISYS extensions, we created a synthetic
version of RUGD [9], called RUGDSynth. By mimicking
RUGD, the synthetic dataset and trained model can be
applied not only to planetary tasks but also to a broader range
of field robotics applications. The dataset features diverse
ground types as well as the class-specific categories found
in RUGD. Trees, grass, and rocks are distributed across the
scene using a particle system, with objects (e.g., vehicles,
logs) spawned at the initial sensor location. Since the sensor
is not moved far from its initial location, respawning within
a batch is unnecessary, reducing computational overhead.
Table I gives an overview over the used mesh assets. The sky
is simulated using 68 randomly selected HDR images with
randomized emission intensity. In total, 204 unique ground
textures are used.

RUGDSynth contains 42,672 samples across more than
4,500 worlds (batches), each with roughly 10 samples. The
dataset is split into 42,672 training, 1,000 validation, and
1,924 test samples. Figure 3 shows example scenes.

Fig. 3. Sample images from RUGDSynth overlaid with the corresponding annotations. Terrain regions are randomly colored in shades of cyan.



Fig. 4. Illustration of the residual prediction calculation. All region proposal
masks that are not matched to a ground-truth mask are summed to produce
the residual prediction mask. In the ideal case, this mask is empty.

IV. EXPERIMENTS

In this section, we present the performance of our method.
We introduce the EXTerra (Planetary Exploration Terrain)
dataset, we collected and annotated data from a plane-
tary exploration outdoor lab. This dataset will be used for
evaluation in this section. The data were acquired using
the LRU rover system [3]. The semantic categories are
labeled according to the RUGD [9] taxonomy. All ground
surfaces are treated as class-agnostic, while mission-relevant,
platform- and context-independent categories are labeled as
class-specific. Consequently, terrains such as sand, gravel,
and mud, including their sub-classes, are assigned to the
class-agnostic set, while trees, vegetation, vehicles, and
buildings are treated as class-specific. The set of specific
classes consists of the classes: tree, pole, sky, person, vehicle,
grass, generic-object, building, log, fence, bush, sign, rock,
and picnic-table. In principle, any separation into different
subsets should be possible and is independent of the method
presented here. The dataset comprises 14 additional distinct
terrain types and consists of 124 samples. Figure 5 gives
an overview over the outdoor lab and examples from the
EXTerra Dataset.

Our network features 16 semantic classes, and provides
20 possible class-agnostic prediction slots. If not mentioned
differently, we train Trinity-Net with the training set of
RUGD and RUGDSynth.

A. Evaluation Metric

In semantic segmentation, the number of classes in both
the annotations and the predictions is predefined and consis-
tent. This assumption is not given for the class-agnostic task.
Although the number of annotations is fixed, the number of
potential region predictions is arbitrary and determined by
the method. Relying solely on the standard Intersection over
Union (IoU) values would fail to account for errors arising
from predicting more class-agnostic regions than exist. Con-
sequently, the IoU as standard semantic segmentation metric
is insufficient for our case, therefore, we introduce an ad-
ditional metric. Specifically, we aggregate all residual class-
agnostic prediction masks that were not matched with any
ground truth annotation mask into a single mask. Ideally, the
consquent residual mask should contain no entries, whereas
in the worst case, it has entries at every pixel. Based on the
residual mask, we calculate the recall value, comparing it to
a ground truth mask where all entries are set to one. The

resulting Residual Recall (resR) value quantifies the ratio of
predicted to actual class-agnostic terrain regions in the scene.
Larger values indicate an increasing surplus of predicted
regions. Figure 4 illustrates the metric calculation.

B. Class-Specific and Class-Agnostic Evaluation

Quantitative results on the EXTerra Dataset are provided
in Table II, while qualitative results are found in Fig. 6.
Trinity-Net outperforms SAM in the class-agnostic case
by a high margin. In Fig. 6 we can observe that SAM
is preforming well when boundaries are visually clear. If
boundaries are fuzzy and intersect, like it is often the case
for terrains, the mask predictions quality is decreasing as can
be seen in the example of second column of Fig. 6.

SAM is performing slightly better in the class-specific
case. We hypothesise that most appearance of such classes
are in the far field of the robot. Since SAM is having an
uniformly grid of point prompts, it does not differentiate too
much between fore- and background.

Next, we focus on the relevance of synthetic data for the
generalization capabilities of our model. We train Trinity-
Net with exclusively either the RUGD data or RUGDSynth,
and show the results in Table II and Fig. 6. The model
trained on only synthetic data shows stronger metrics than
the model only trained on RUGD, indicating the beneficial
value of RUGDSynth. The union of both datasets shows the
best results, which demonstrates that both can be used well
together to fill each others shortcomings.

V. CONCLUSIONS

We presented Trinity-Net, a unified transformer-based
architecture enabling flexible scene understanding without
relying on fixed terrain taxonomy. By introducing a novel
split-transformer design with interacting query sets, our ap-
proach decouples robot-agnostic terrain representation from
mission-relevant semantic prediction. To support training at
scale, we extended the OAISYS simulator and introduced
RUGDSynth, a large synthetic dataset targeted for the pro-
posed task. Furthermore, we introduced EXTerra, a real-
world planetary exploration dataset, showcasing the domain-
shift capabilities of Trinity-Net. We hope that the proposed
task formulation, datasets, and methodology will stimulate
further research in this field and beyond and contribute to
advancing the level of autonomy in future robotic systems.

TABLE II
EVALUATION ON EXTERRA DATASET

Model cs ca

mIoU mIoU mPre mRec

SAM[7] 35.06 10.06 51.73 9.33

Trinity (ours)
RUGDSynth 29.78 34.93 48.67 28.04
RUGD 23.36 27.00 41.44 22.54
RUGDSynth+RUGD 34.82 41.84 51.57 34.82



Fig. 5. Image of the planetary exploration outdoor laboratory and example samples from the EXTerra dataset with partially overlaid annotations and the
approximate capture locations indicated by orange lines.
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Fig. 6. Selected qualitative results for the EXTerra dataset. Class-agnostic regions are colored in shades of cyan. Note that the cyan colors used for the
class-agnostic predictions are randomly assigned for each sample and do not necessarily match the ground-truth colors. For visualization clarity, the region
predictions of SAM are randomly selected.
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