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Abstract— A major bottleneck in off-road autonomous driv-
ing research lies in the scarcity of large-scale, high-quality
datasets and benchmarks. To bridge this gap, we present
ORAD-3D, which, to the best of our knowledge, is the largest
dataset specifically curated for off-road autonomous driving.
ORAD-3D covers a wide spectrum of terrains—including wood-
lands, farmlands, grasslands, riversides, gravel roads, cement
roads, and rural areas—while capturing diverse environmental
variations across weather conditions (sunny, rainy, foggy, and
snowy) and illumination levels (bright daylight, daytime, twi-
light, and nighttime). Building upon this dataset, we establish
a comprehensive suite of benchmark evaluations spanning five
fundamental tasks: 2D free-space detection, 3D occupancy
prediction, rough GPS-guided path planning, vision-language
model-driven autonomous driving, and world model for off-
road environments. Together, the dataset and benchmarks
provide a unified and robust resource for advancing perception
and planning in challenging off-road scenarios. The dataset is
publicly available at https://github.com/chaytonmin/
ORAD-3D-Dataset—-For-Off-Road-AD.

I. INTRODUCTION

Off-road autonomous driving has attracted increasing at-
tention in recent years due to its potential in enabling
intelligent transportation and robotic systems to operate in
unstructured and complex environments [1]. As illustrated
in Fig. 1, unlike urban or highway settings—where well-
marked lanes, standardized traffic rules, and high-quality
maps provide strong priors—off-road scenarios are charac-
terized by irregular terrains, sparse or absent road markings,
unpredictable obstacles, and rapidly changing environmental
conditions [2]. These factors pose significant challenges
for perception, planning, and control systems, necessitating
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(a) On-road environment

(b) Off-road environment

Fig. 1.  On-road environments are characterized by well-structured in-
frastructure—such as lane markings, traffic signs, and clearly delineated
roadways—that provide consistent and reliable navigational cues. In stark
contrast, off-road environments lack paved surfaces and structured guidance,
instead featuring irregular, heterogeneous, and often ambiguous terrain.
This absence of formal infrastructure greatly amplifies the complexity of
perception and navigation tasks.

robust algorithms capable of handling extreme variability in
both appearance and geometry [3].

Despite the growing interest in this domain, progress in
off-road autonomous driving research has been hindered by
the scarcity of large-scale, high-quality datasets. Existing
datasets for autonomous driving predominantly focus on
structured, on-road environments, limiting the generalization
and robustness of models when deployed off-road. More-
over, the few publicly available off-road datasets are often
constrained in size, diversity, or sensing modalities, leaving
a gap in supporting comprehensive research on perception
and planning under diverse off-road conditions.

To address this gap, we present ORAD-3D—to the best of
our knowledge, the largest and most diverse dataset dedicated
to off-road autonomous driving. The dataset was collected
across a broad spectrum of terrains, including woodlands,
farmlands, grasslands, riversides, gravel roads, cement roads,
and rural areas. It encompasses a rich set of environmen-
tal conditions, covering multiple weather scenarios (sunny,
rainy, foggy, and snowy) and illumination states (bright
daylight, daytime, twilight, and nighttime). The data are
captured using multi-sensor configurations, enabling both 2D
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In addition to releasing ORAD-3D, we establish a com-
prehensive set of benchmark evaluations to enable fair and
reproducible comparisons in off-road autonomous driving
research. Specifically, we evaluate five core tasks: (1) 2D
free-space detection, (2) 3D occupancy prediction, (3) rough
GPS-guided path planning, (4) VLM-based autonomous driv-
ing, and (5) world model for off-road autonomous driving.
Determining traversable areas is essential for safe off-road
navigation; thus, we first construct a benchmark for 2D
free-space detection based on large-scale off-road imagery.
Recognizing the critical role of 3D terrain geometry, we
further provide 3D occupancy annotations for predicting
terrain structure in 3D space. Given that GPS signals in off-
road environments are often noisy or inaccurate—making
precise localization challenging—we design a benchmark
for rough GPS-guided path planning to evaluate navigation
under such uncertainty. Inspired by the rapid progress and
strong generalization capability of Vision—Language Models
(VLMs), we introduce a benchmark for VLM-based scene
understanding and path planning in diverse off-road scenar-
ios. Finally, we construct an off-road world model capable
of controllably generating diverse future off-road scenarios.
Together, these benchmarks span a representative spectrum
of perception and decision-making challenges encountered
in real-world off-road environments.

By providing both a large-scale, diverse dataset and well-
defined benchmarks, ORAD-3D aims to serve as a founda-
tional resource for the off-road autonomous driving commu-
nity. We anticipate that it will accelerate the development
of algorithms that are robust to terrain variability, adverse
weather, and low-visibility conditions—ultimately pushing
the frontier of safe and reliable off-road autonomous driving.

The highlights of our work are as follows:

o« ORAD-3D dataset — We release the largest and most
diverse off-road autonomous driving dataset to date,
covering multiple terrains, weather conditions, and il-
lumination levels with synchronized multi-sensor data.

o Environmental diversity — The dataset includes chal-
lenging and underrepresented scenarios such as wood-
lands, farmlands, grasslands, riversides, and rural roads,
with extensive weather and lighting variations.

o Benchmark suite — We establish standardized bench-
marks for 2D free-space detection, 3D occupancy pre-
diction, rough GPS-guided path planning, VLM-based
autonomous driving, and off-road world model.

o Research resource — ORAD-3D serves as a compre-
hensive platform for developing and evaluating robust
perception and planning algorithms in unstructured off-
road environments.

II. RELATED WORK

A. Off-Road Autonomous Driving

Off-road perception research primarily targets road seg-
mentation and traversability estimation in unstructured, com-
plex terrains. Recent works enhance passable area detection
using advanced CNNs and Transformer architectures [4],

TABLE I
OVERVIEW OF OFF-ROAD AUTONOMOUS DRIVING DATASET.

Datasets Sensors | Frames Tasks Extreme Weathers
DeepScene [22] C 0.3K Seg no
RUGD [23] C 7.5K Seg no
Rellis-3D [24] C+L 13K 3DDet, Seg no
GOOSE [25] C+L 10K Seg no
Rain, snow, fog,
ORFD [26] C+L 12K Seg darkness, grassland, forest,

rural area, etc.

Rain, snow, fog,
darkness, grassland, forest,
rural area, etc.

Seg, 3D Occ, Path Planning,

ORAD-3D C+L | 57K VLM, World Model

[5], while others integrate RGB imagery with point clouds
to achieve more robust terrain mapping and navigation [6],
[7]. Multi-modal fusion techniques combining RGB, depth,
and LiDAR data have been employed to improve free-
space detection and obstacle classification [8]-[11]. Noise-
robust networks and Transformer-based models further refine
segmentation accuracy in challenging conditions [12], [13].
Contrastive and self-supervised learning approaches reduce
dependence on dense labels, enabling fine-grained terrain
understanding from limited annotations [14]-[16]. Off-road
semantic segmentation methods such as OFFSEG [17] and
OffRoadTranSeg [18] tackle class imbalance and domain
adaptation issues via semi-supervised strategies. Fusion-
based frameworks leverage uncertainty modeling and at-
tention mechanisms to enhance mapping and perception in
unstructured environments [19], [20]. Xu et al. [21] propose
an end-to-end Transformer-based framework for map-less
autonomous driving, which takes raw LiDAR data and a
noisy topometric map as inputs and generates precise local
trajectories for navigation. While these approaches demon-
strate promising results, most are trained and evaluated on
small-scale datasets. To address this limitation, we introduce
a large-scale off-road dataset with comprehensive benchmark
results.

B. Datasets for Off-Road Autonomous Driving

Existing off-road autonomous driving datasets predomi-
nantly target perception-oriented tasks, such as traversabil-
ity estimation and semantic segmentation. Identifying
traversable areas is particularly critical for autonomous ve-
hicles. TrailNet [27] is among the first datasets to examine
road surface types using publicly available camera data.
ORFD [26] provides high-resolution imagery and annota-
tions for detecting navigable regions across diverse off-road
conditions. Verti-Wheelers [28] addresses wheeled mobil-
ity on steep terrain, while M3-GMN [29] advances grid
map-based navigation. For semantic segmentation in off-
road environments, several datasets have been introduced.
YCOR [30] offers multi-season imagery, whereas Botanic-
Garden [31] contains annotated images for robot naviga-
tion in botanical gardens. RUGD [23] provides multimodal
sensor data to support perception in outdoor scenes. More
recently, RELLIS-3D [24], GOOSE [25], and WildScenes
[32] have released multimodal datasets for robust perception
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(a) Grassland (b) Field (c) Wilderness (d) Forest
(e) Riverside (f) Rural (g) Cement (h) Asphalt
Fig. 2. ORAD-3D dataset contains a variety of off-road scenes.
(a) Sunny (b) Rainy (a) Bright Light (b) Daylight
(c) Foggy (d) Snowy (c) Twilight (d) Darkness

Fig. 3. Different weather conditions are considered in ORAD-3D.

in complex natural environments. UnScenes3D [3] focuses
on 3D semantic occupancy as a central representation for
off-road understanding. While these datasets have signif-
icantly contributed to the field, most remain limited in
scale and primarily emphasize perception tasks. In contrast,
this work introduces a large-scale off-road dataset that not
only supports perception tasks but also includes planning
tasks and vision—language model-driven autonomy, thereby
providing a more comprehensive resource for advancing off-
road autonomous driving research.

III. ORAD-3D DATASET

We present ORAD-3D, a comprehensive off-road au-
tonomous driving dataset curated from multi-season record-
ings spanning winter to summer. It covers diverse terrains,
weather, lighting, and road types, providing rich data es-
sential for robust perception and accurate future forecasting.
ORAD-3D includes data such as images, LiDAR, pose,
and depth. The provided annotations include 2D free-space
segmentation, 3D occupancy, driving trajectories, and scene
text descriptions.

Fig. 4. Different light conditions are considered in ORAD-3D.

A. Data Curation and Statistics

1) Diverse Scenes: Unlike the uniformity of structured
on-road environments, off-road scenarios are characterized
by diverse types, such as grasslands, forests, deserts, farm-
lands, and mountainous terrain, as shown in Fig. 2. Fur-
thermore, off-road environments contain numerous elements
that are irregular in shape, with blurred boundaries and
semantically ambiguous categories. The heterogeneity and
spatial disorder of open off-road scenes significantly exceed
the cognitive limits of structured roadways. Structurally, the
absence of lane markings and traffic signs removes clear
guidance, while natural features like trees and deep ravines
contribute to feature sparsity in models. To address these
challenges, we have collected off-road data from a variety
of environments, including grasslands, forests, deserts, and
farmlands, laying the foundation for off-road autonomous
driving. The data distribution across various scenes is shown
in Table II.

2) Weather Conditions: Off-road scenarios often en-
counter sudden weather changes, such as shifts from sunny
to rainy, foggy to snowy conditions, and so on, as shown
in Fig. 3. Typically, there is a larger volume of autonomous
driving data available for sunny weather. However, obtaining
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TABLE I
DISTRIBUTION OF OFF-ROAD SCENES IN THE ORAD-3D DATASET. THE UNIT IS FRAMES.

Split | Grassland  Field = Wilderness  Forest Riverside Gravel Rural  Asphalt Cement Mud Total %
Train 3,921 5,610 2,146 7,005 1,770 4,424 5,734 1,467 7,481 369 39,927 | 69.07%
Val 345 960 343 478 334 642 860 336 1,086 333 5717 | 9.89%
Test 1,092 1,900 1,047 1,785 393 1,233 1,719 528 1,999 468 12,164 | 21.04%
Total ‘ 9.27% 14.65% 6.12% 16.03% 4.32% 10.90% 14.38% 4.03% 18.28% 2.02% ‘ 57,808 ‘ 100%
TABLE IV
DISTRIBUTION OF LIGHTING VARIATIONS IN ORAD-3D.
Split | Bright light Daylight Twilight Darkness | Total
Train 7,515 15,536 6,840 10,036 | 39,927
Val 690 2,758 1,599 670 5,717
Test 2,938 5,964 550 2,712 12,164
(&) Go straight ()Tun Total | 19.28%  41.96% 1555%  23.21% | 57,808
driving models in challenging lighting situations. Bright-
light scenes are those in which local or global illumination
exceeds normal levels of natural light or environmental
(©) Downhill (d) Uphill reflectance, affecting scene perception. The data distribution

Fig. 5. Different road types are considered in ORAD-3D.

TABLE III
DISTRIBUTION OF WEATHER CONDITIONS IN ORAD-3D.

Split Sun Rain Fog Snow | Total
Train | 15,737 11,741 8,863 3,586 | 39,927
Val 2,976 679 1,450 612 5,717
Test 5,209 2,654 3,958 343 12,164
Total ‘ 41.38% 26.08% 24.69% 7.86% ‘ 57,808

corner case data for rare and extreme weather scenarios, such
as rain, fog, and snow, is crucial for enhancing the accuracy
of off-road autonomous driving models. To address this, we
have specifically collected off-road scene data under various
extreme weather conditions, including rain, snow, fog, and
sunny days. The scenes set on rainy days include moments
both in the rain and after it has stopped. The data distribution
across weather conditions is shown in Table III.

3) Lighting Variations: Lighting variations have a signifi-
cant impact on autonomous driving performance. To address
this, we have collected off-road scene data under various
lighting conditions, including bright light, daylight, twilight,
and darkness, as shown in Fig. 4. Data collection during
the evening and nighttime is particularly challenging due to
reduced visibility and the complexity of environmental fac-
tors. To overcome these challenges, we specifically focused
on gathering data during twilight and nighttime, allowing
the model to learn the unique distribution of off-road data
under low-light conditions. By incorporating these varying
lighting conditions into the training process, we aim to
improve the robustness and accuracy of off-road autonomous

across lighting variations is shown in Table V.

4) Road Type: Autonomous vehicles are required to per-
form a variety of driving maneuvers, such as traveling in
a straight line, turning, and navigating complex terrain.
Generating video representations of future scenes based on
these driving actions is highly valuable, as it allows the
vehicle to anticipate and adapt to its surroundings. In off-
road environments, the terrain is often rugged and uneven,
with frequent uphill and downhill maneuvers that present
significant challenges to both vehicle control and data col-
lection. This makes it difficult to obtain comprehensive and
diverse datasets that capture the full range of possible off-
road driving scenarios. To address this challenge, we have
collected a diverse set of video data corresponding to various
driving actions, with a particular focus on off-road scenarios,
as illustrated in Fig. 5.

5) Data collection: A sensor fusion kit, Pandora, devel-
oped by Hesai Technology, is mounted on the vehicle’s roof
to capture LiDAR point cloud and RGB image data. The
system is equipped with five cameras positioned around the
lower part of the vehicle, including one color camera and
four wide-angle black-and-white cameras. We collected 145
sequences from various off-road environments across China,
spanning from spring to winter. Each sequence covers a
distance of approximately 100 meters, and the size of the
RGB images is 1280 x 720 pixels.

IV. ORAD-3D BENCHMARKS

Building on the large-scale off-road autonomous driving
dataset ORAD-3D, we evaluate five core tasks: (1) 2D free-
space detection, (2) 3D occupancy prediction, (3) rough
GPS-guided path planning, (4) VLM-based autonomous driv-
ing, and (5) off-road world model.
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A. 2D Free-Space Detection

Fig. 6. The annotation 2D off-road free-space detection.

1) Label Generation: Unlike the ORFD [26] dataset,
which adopts a binary road/non-road labeling scheme, our
annotation protocol (Fig. 6) captures the complexity of off-
road environments by including fine-grained classes such as
safe road, boundary transition zones, puddles, rocks, vehi-
cles, and pedestrians. This detailed semantic representation
enables more nuanced terrain understanding and supports
safer autonomous navigation.

2) Benchmark Method: Building on existing off-road
free-space detection methods, we conduct experiments on
the ORAD-3D dataset using both multimodal and vision-only
approaches. Detailed comparative analyses are presented in
the experimental results section.

B. 3D Occupancy Prediction

Fig. 7. The Annotation 3D occupancy prediction.

1) Label Generation: Relying solely on 2D off-road free-
space detection results is insufficient for accurately modeling
complex 3D terrains. To address this limitation, we further
construct 3D occupancy annotations for off-road environ-
ments. Specifically, we first apply the LiDAR odometry
method KISS-ICP [33] to register the collected LiDAR point
clouds and obtain precise pose estimates. Multiple frames are
then accumulated to generate dense point clouds, from which
the 3D occupancy labels are subsequently derived (Fig. 7).

Existing off-road 3D occupancy prediction benchmarks,
such as Wild-Occ [34], are collected from small-scale plat-
forms with limited coverage and relatively simple terrain.

2) Benchmark Method: We conduct extensive experi-
ments on ORAD-3D using a range of 3D occupancy pre-
diction methods, encompassing both general-purpose ap-
proaches and algorithms tailored for off-road environments.

C. Rough GPS-guided Path Planning

Fig. 8. The flowchart for rough GPS-guided local path planning.

1) Label Generation: In off-road environments, GPS sig-
nals are often unreliable, preventing autonomous vehicles
from obtaining accurate localization. To address this, we
construct a rough GPS-guided path planning benchmark
dataset. Specifically, we use the previously estimated poses
as ground-truth driving trajectories and apply B-spline inter-
polation to generate waypoints. We then introduce controlled
perturbations to these trajectories to simulate the effects of
inaccurate GPS localization.

2) Benchmark Method: We adopt the method proposed
by Xu et al. [21] as our benchmark for rough GPS-guided
path planning (Fig. 8). This approach takes LiDAR BEV
maps and rough routes as inputs, employing a Transformer-
based backbone to predict waypoints. Building upon this,
we further incorporate an uncertainty module that employs
an attention mechanism to predict trajectory probabilities for
different anchor points on the BEV map, thereby enhancing
the accuracy and reliability of path planning.

D. VLM-based Autonomous Driving

Fig. 9. Textual description annotation of off-road scenes.

1) Label Generation: Recent advances in VLMs have
demonstrated their ability to analyze complex scenes through
chain-of-thought reasoning, enabling end-to-end autonomous
driving [35]. However, research on applying VLMs to off-
road autonomous driving remains limited. In this work,
we first leverage the multimodal large model Qwen2.5-
VL [36] to annotate images from the ORAD-3D dataset,
generating detailed scene descriptions as illustrated in Fig. 9.
Subsequently, using pose data as ground-truth trajectories,
we prompt the VLM to predict future paths, enabling end-
to-end path planning in off-road scenarios.

2) Benchmark Method: We construct an off-road VLM-
based autonomous driving benchmark on OpenEMMA [37],
integrating a chain-of-thought (CoT) reasoning mechanism
to handle the complexity of unstructured environments. As
shown in Fig. 10, the model takes RGB images and prompt
as inputs, performs step-by-step analysis of terrain, obstacles,
and navigable areas, and outputs future trajectory waypoints
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Fig. 10. The flowchart for VLM-based off-road autonomous driving.

Chain of Thought Reasoning

i P %
Prompt

for end-to-end path planning, leveraging VLM generalization
while adapting reasoning to off-road challenges.

E. Off-road World Model

In contrast to the abundance of large-scale datasets readily
available for urban autonomous driving, research on off-road
autonomous driving remains significantly constrained by the
scarcity of suitable data. This paper seeks to address this
critical limitation by investigating off-road scene data gener-
ation through the development of a world model capable of
producing diverse and controllable off-road scenarios [38].
Specifically, the proposed approach enables the synthesis of
off-road data under extreme weather and illumination con-
ditions, from multiple viewpoints, and across heterogeneous
road environments, thereby substantially enhancing both the
scale and diversity of off-road datasets.

Fig. 11. The flowchart for off-road world model.

1) Benchmark Method: We introduce an off-road world
model framework (Fig. 11) that redefines the architecture of
Stable Video Diffusion (SVD) [39] for off-road autonomous
driving applications. Diverging from conventional image-to-
video generation paradigms, our approach introduces a dual-
stream conditioning mechanism that simultaneously pro-
cesses visual observations and vehicular control signals [40].
These features are then spatially aligned with the encoded
visual features from the initial observation frame using cross-
attention layers in the modified U-Net backbone [41]. This
synergistic integration enables the diffusion model to gener-
ate temporally coherent video predictions that strictly adhere
to specified conditions while maintaining visual consistency
with the environmental context.

V. EXPERIMENTAL RESULTS

In this section, experiments are conducted to validate the
performance of the proposed dataset and baseline method.

Fig. 12. Visualization of 2D free-space detection.

TABLE V
QUANTITATIVE RESULTS ON THE ORAD-3D TESTING SET

Method
mloUt

OFF-Net [26]
62.4%

M2F2-Net [10]
65.9%

ROD [42]
70.3%

A. 2D Free-Space Detection

As shown in Fig. 12, the proposed off-road free-space de-
tection algorithm (ROD [42]) effectively delineates off-road
boundaries, median grass strips, and safe regions, thereby
providing fine-grained road information that facilitates off-
road autonomous driving. Quantitative results are presented
in Table V. Compared to multimodal baselines such as
M2F2-Net [10] and OFF-Net [26], the vision-only ROD [42],
built upon a ViT backbone, demonstrates superior accuracy
in predicting detailed road information.

B. 3D Occupancy Prediction

= =
= =
Fig. 13.  Visualization of 3D occupancy prediction.

TABLE VI
3D SEMANTIC OCCUPANCY PREDICTION RESULTS ON ORAD-3D TEST
SET.
Method | ToUt  mloUt
OpenOcc [43] 9.54 5.83
OccFormer [44] 12.24 7.45
SurroundOcc [45] | 11.87 7.60

Accurate 3D terrain modeling is crucial for off-road au-
tonomous driving. As shown in Fig. 13, the predicted 3D
occupancy results demonstrate that the model can capture
the 3D structure of complex off-road environments. Quanti-
tative results are reported in Table VI, where the fusion of
LiDAR and vision yields higher prediction accuracy for 3D
occupancy estimation.
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Fig. 14.  Visualization of local path planning under the guidance of
rough GPS. Blue: local route. Red: ground truth trajectory. Green: predicted
trajectory.

TABLE VII
ROUGH GPS-GUIDED PATH PLANNING.

Method FDE| minADE;| HitRate; 5,1
Xuetal [21] | 234 1.07 0.55
Baseline | 2.12 0.93 0.63

C. Rough GPS-guided Path Planning

As shown in Fig. 14, although GPS localization is impre-
cise, the model can effectively plan trajectories along the safe
road centerline under the guidance of rough GPS, particularly
in turning regions. This capability is crucial for off-road
autonomous driving, where localization is often unreliable.
Table VII provides the quantitative comparison of trajectory
planning performance.

D. VLM-based Autonomous Driving

Fig. 15. Visualization of the predicted trajectories via VLM.
TABLE VIII
VLM-BASED PATH PLANNING.

L2(m){ FDE

Method Is 2s 35 Ave | (m)l
Qwen2.5-VL-3B [36] | 0.2123 0.4945 0.8392 0.5154 | 0.9324
Qwen2.5-VL-7B [36] | 0.1867 0.4518 0.8161 0.4849 | 0.9219
Qwen3-VL-2B [46] | 0.1818 0.4332 0.7643 0.4598 | 0.8575
Qwen3-VL-4B [46] | 0.1625 0.3932 0.7278 0.4278 | 0.8255

As illustrated in Fig. 15, VLMs can perform fine-grained
analysis of off-road scenes conditioned on prompts, such as
recognizing objects, weather, and road conditions, and subse-
quently generating a planned trajectory. Quantitative results
in Table VIII demonstrate that Qwen3-VL-4B outperform
other models in path planning tasks.

E. Off-road World Model

The results in Table IX demonstrate that models trained
on our dataset deliver superior visual quality. As shown in
Fig. 16, the world model trained on the ORAD-3D dataset

Initial Condition
Rainy

Darkness

Turn right

Uphill

Go straight

Fig. 16. Future driving video generation will involve the interaction of

driving actions with various conditions, enabling the creation of driving
videos that correspond to different scenarios and driving behaviors.

TABLE IX
QUANTITATIVE RESULTS OF OFF-ROAD WORLD MODEL.

Method Dataset FID, FVDJ]
SVD [39] - 79.5 5342
Baseline | ORAD-3D | 70.2 486.6

is capable of accurately generating future scene videos.
Notably, the model can generate the required future scenarios
based on specific conditions, greatly reducing the cost of
collecting off-road scene data and advancing research in off-
road autonomous driving.

VI. CONCLUSION

In this work, we introduced ORAD-3D, the largest and
most diverse dataset for off-road autonomous driving to
date. Collected across a wide variety of terrains, weather
conditions, and illumination scenarios, ORAD-3D provides
multi-sensor data to support both 2D and 3D perception
tasks. Beyond data collection, we established four represen-
tative benchmarks—2D free-space detection, 3D occupancy
prediction, rough GPS-guided path planning, VLM-based
autonomous driving, and off-road world model—covering
essential challenges in perception and decision-making for
unstructured environments.

Limitations and Future Work. Off-road environments
are highly complex, yet current datasets remain limited in
scale and obstacle diversity. Future work will expand terrain
coverage and capture more challenging scenarios.
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