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Fig. 1: We provide a new off-road driving dataset for self-supervised learning tasks. Multi-modal data is collected as the robot
is driven through several types of terrain that present challenging scenarios to perception, planning, and control algorithms.

Abstract— We present TartanDrive 2.0, a large-scale off-road
driving dataset for self-supervised learning tasks. In 2021 we
released TartanDrive 1.0, which is one of the largest datasets
for off-road terrain. As a follow-up to our original dataset,
we collected seven hours of data at speeds of up to 15m/s
with the addition of three new LiDAR sensors alongside the
original camera, inertial, GPS, and proprioceptive sensors. We
also release the tools we use for collecting, processing, and
querying the data, including our metadata system designed
to further the utility of our data. Custom infrastructure
allows end users to reconfigure the data to cater to their
own platforms. These tools and infrastructure alongside the
dataset are useful for a variety of tasks in the field of off-
road autonomy and, by releasing them, we encourage collab-
orative data aggregation. These resources lower the barrier to
entry to utilizing large-scale datasets, thereby helping facilitate
the advancement of robotics in areas such as self-supervised
learning, multi-modal perception, inverse reinforcement learn-
ing, and representation learning. The dataset is available at
https://github.com/castacks/tartan_drive_2.0.

I. INTRODUCTION

As the state of the art in autonomous driving improves,
robots are expected to handle increasingly complex tasks.
In off-road driving, this translates to situations such as a
robot knowing whether the dark brown path in front of it
is dry dirt or thick mud, whether it is worth it to take
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a shortcut through tall grass, and when to preemptively
increase velocity in order to make it up a hill. Navigating
these decisions requires behaviors that are extremely difficult
to robustly design and tune by hand. Many of the currently-
researched solutions to this challenge involve the adoption
of large neural networks and data-driven models. For the
task of on-road driving in urban scenarios, there are several
large datasets available [1-4]. These datasets were feasible
not only because of the resources present at the institutions
that collected them, but also because of the inherent everyday
nature of on-road driving. There exist fewer datasets for off-
road driving, primarily because the nature of off-road terrain
makes gathering enough data uniquely difficult. Collecting
samples in simulation is often insufficient due to the com-
plexity of calculating the dynamics of terrain in complex
environments. In fact, most real-world scenarios that are
hard to accurately simulate are the same ones which produce
complex situations for autonomous off-road agents, such as
dense foliage and slippery surfaces. However, collecting data
in real-life presents logistics challenges such as preserving
driver safety and dealing with frequent vehicle damage
and wear. These difficulties have resulted in a scarcity of
available data for off-road driving.

While the number of off-road datasets has been growing
[5-12], many of them are still limited in sample size,
modality, or difficulty [13]. This is often due to their focus on
specific tasks such as semantic segmentation, which requires
manual labeling effort. Scaling up these datasets would come
either at the cost of time or label quality. It is possible
to use multiple datasets together to train a model, but the
variability of off-road terrain often causes inconsistency in
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