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Abstract

Autonomous robot navigation in off-road environments currently presents
a number of challenges. The lack of structure makes it difficult to handcraft
geometry-based heuristics that are robust to the diverse set of scenarios
the robot might encounter. Many of the learned methods that work well
in urban scenarios require massive amounts of hand-labeled data, but
the nuances of deciding where a robot can and cannot drive in off-road
terrain make it difficult to label large-scale data the same way. Many
state-of-the-art approaches instead leverage self-supervised methods in
training, using either expert demonstrations or proprioceptive feedback,
but often still require a lot of data and can be vulnerable to domain shifts.

We adopt a philosophy that learned methods for off-road driving should
be both self-supervised and adaptive, such that the robot can learn online
without a human in the loop. In this work we propose a method that
leverages proprioceptive cues and pre-trained visual foundation models to
rapidly adjust its understanding of its environment in real-time, eliminat-
ing the need for large-scale training data and hand-labels. Specifically, we
introduce a framework that predicts costmaps, speedmaps, and uncertainty
by associating incoming visual features with roughness experienced by the
system. Within seconds of collected experience, our results demonstrate
navigation performance with as few interventions as methods trained on
100-1000x more data, while travelling as quickly as possible within the
constraints of rider comfort. Furthermore, we aim to reduce the barrier
to entry to full-scale off-road driving research by presenting TartanDrive
2.0, a large multi-modal dataset geared towards self-supervised learning
methods.
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Chapter 1

Introduction

1.1 Motivation

Off-road autonomous driving is becoming an increasingly researched topic due to

its wide range of applications. Robots are already being deployed in fields such as

agriculture, search and rescue, construction, and defense, where they are expected

to operate in unstructured and diverse environments. In order to perform robustly,

they must be able to reason about terrain with little to no structure or markings and

navigate from goal to goal without crashing or getting stuck.

This task is not necessarily specific to off-road driving with extreme ruggedized

vehicles and robots. From beaten dirt roads in rural areas to chaotic intersections,

potholes, and constant construction in cities such as Pittsburgh, human drivers are

constantly presented with scenarios in which they must deviate from the default rules

and structure of day-to-day driving and make their own informed decisions. For a

robot to navigate anywhere in the real world, it must be able to do the same.

Research in off-road autonomy even has impact beyond driving itself, as many of

the underlying challenges exist in numerous other areas. The development of a system

that can quickly learn from its own experiences to obtain a holistic understanding of

its environment, which this thesis aims to take a step toward, is a common goal across

many fields of robotics. The off-road domain simply provides a medium through

which we can tackle some of the problems that make robotics as a whole difficult.

1



1. Introduction

1.2 Background and Task Definition

1.2.1 What is Autonomous Off-Road Driving?

While off-road driving is often referred to in the context of trail driving specifically,

for the purpose of this thesis we expand the term to include any off-road terrain that

a given robot could reasonable be expected to traverse, regardless of the presence of

a trail (Fig. 1.1). An autonomous off-road system should be able to handle trails

in various conditions such as loose dirt, thick mud, and snow, but it should also be

robust to complex scenarios in which there aren’t any marked paths such as navigating

through tall grass while avoiding boulders and trees. Moreover, it should be able to

navigate in a way that allows it to reach its goal quickly and with minimal damage

and wear.

1.2.2 Problem Formulation

As is common in much of the state-of-the-art [1, 2, 3, 4, 5], we define the off-road

driving task as a trajectory optimization problem. The robot must navigate a large

distance from point A to point B via a set of waypoints w1:N while optimizing the

objective:

min
u1:T−1

J(x1:T , u1:T−1, wn)

s.t. xt+1 = f(xt, ut)
(1.1)

in which the states x1:T are determined by the actions u1:T−1 chosen and rolled

out through dynamics model f . In our formulation, the main behaviors we care

about are avoiding treacherous terrain, going as quickly as possible, and reaching each

waypoint. In order to implement these in a way that is interpretable, we generate a

map representing the space around the vehicle, with a cost and desired speed assigned

to each cell. This results in the cost function J with three terms:

J(x1:T , u1:T−1, wn) = kc

T∑
t=1

Jc(xt) + ks

T∑
t=1

Js(xt) + kw ∥p(xT )− wn∥2 (1.2)

2



1. Introduction

where Jc uses the state to query the 2D cost values from the map dictating the

traversability of terrain around the vehicle in metric space, Js represents the 2D

speed values from the map, and function p converts the state into the same frame as

waypoint wn. kc, ks, kw are scalars that allow us to weight each cost differently. The

waypoints provide high-level direction while the costmap and speedmap provide local

information necessary to avoid treacherous terrain. By including both cost and speed

in the metric space we enable the robot to know not only where to drive but also

how, for example driving at high speeds on trails and slowing down in tall grass.

Figure 1.1: Overview of the off-road driving problem, which includes navigating not
just trails but complex scenarios such as mud, hills, and unmarked paths (bottom
right). The system is given a set of sparse waypoints (blue circles) to navigate from
point A to point B. Local information is represented in a top-down space (top left)
such that a local planner can detect and avoid treacherous terrain.

1.3 Challenges

Much recent research has focused primarily on improving navigation at the local

planning level, in which the challenges of complex unstructured terrain are dealt

with at a finer level of detail. Obstacles such as rocks and trees must be detected

without being conflated with traversable terrain. This task is made even more difficult

3



1. Introduction

by sensor limitations and the need for real-time decision-making. Ensuring robust

performance across a diverse set of environments that themselves inherently change

over time requires advanced and adaptive perception.

Costmap generation based on methods such as height-thresholding [6] and se-

mantic segmentation [7, 8] often struggle in this domain because they rely on basic

assumptions about the terrain, such as that all terrain above a certain height is

non-traversable and that all terrain within the same semantic class has the same

physical properties. There have been extensions, such as those that perform more

sophisticated geometric analysis to produce a cost [5, 9, 10], but can require extensive

hand-tuning, be sensitive to sensor and odometry noise, and fail to reason about

different terrain with similar geometry. Learned methods have shown potential to

address these issues [1, 2, 4, 11] but are trained offline and require large amounts of

hand-labeled data, introducing scalability problems.

Figure 1.2: Many state-of-the-art approaches to autonomous off-road driving employ
height-based (middle) or semantic costs (right), neither of which capture the variations
in terrain at a high level of detail.

Many of these challenges and shortcomings can be addressed by furthering the

state-of-the-art in two areas:

• Self-supervision enables the system to learn from its own experiences without

requiring expensive human-labeled data, allowing for easier scalability. This

requires strong proprioceptive signals and information that relate a robot’s

actions to the cost of its resulting experiences.

• Adaptation allows the system to continuously learn and adjust its behav-

ior based on new experiences in real-time. This requires self-supervision as

4
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well as data efficiency and representations with powerful generalizability that

lightweight algorithms can utilize.

1.4 Contributions

The work in this thesis describes novel improvements in the perception component

of an autonomous off-road driving software stack, deployed on a Yamaha Viking

All-Terrain Vehicle (ATV). The key philosophy behind this work is to not only allow

any robot to learn about off-road terrain purely through its prior experience, but to

do so in a way that is efficient and intelligent enough that it can adapt to new terrain

and experiences in real-time. To accomplish this, we present two major efforts that

together aim to provide this functionality:

• A multi-modal off-road driving dataset collected for the purposes of

self-supervision, released alongside a suite of tools that lower the barrier-to-

entry for off-road driving research and encourage unified data collection efforts

(adapted from [12]).

• A framework for an online adaptative perception system for off-road au-

tonomy. We achieve self-supervision by leveraging proprioceptive cues such as

IMU measurements and shock travel sensors, efficient adaptation via powerful

feature representations, and uncertainty awareness to reason about unknown

terrain and objects.
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Chapter 2

Prior Work

2.1 Datasets

Collecting general driving datasets is a common pursuit, with the largest ones

coming from companies gathering data in urban scenarios. For example, nuScenes

by Motional is a dataset containing 1.4 million images and 390,000 LiDAR sweeps,

with corresponding 3D object annotations [13, 14]. The Waymo Open Dataset is

another example with over a million images and LiDAR pointclouds [15, 16]. Both

datasets include infrastructure and tools to query and process these massive amounts

of data in ways that support various downstream learning tasks and benchmarks

that are not often seen in smaller datasets. There are also other efforts in collecting

data for on-road environments, such as the RACECAR dataset that includes raw and

processed sensor data from autonomous racecars driving at high speeds [17].

A number of earlier works have tried to circumvent the issues due to the lack of

real-world off-road driving data by using simulation environments. Tremblay et al.

show how training a neural network on multiple modalities in simulation can allow

a robot to predict its dynamics in unseen real-world data [18]. Sivaprakasam et al.

collect data in simulation of a robot driving over obstacles in order to train a model

that predicts the difference between a desired path and its resulting path [19].

Now, more off-road datasets have been collected. RUGD contains over 7,000

images in a variety of off-road terrain with manually-labeled semantic segmentation

masks [20]. Rellis-3D includes annotations for 6,235 images and 13,556 scans from
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two different LiDARs, as well as the bags that they originally recorded which also

contain IMU, GPS, and stereo image data. Sharma et al. created an off-road image

dataset where, rather than creating semantic masks, they label regions in an image

based on their traversability by different types of vehicles [21]. The first version of

TartanDrive has also been available for two years and has been used for a number of

tasks even outside the domain of off-road driving. Shah et al. have used this data as

part of a bigger dataset that was used to train a large foundation model designed

with vision-based robotic navigation in mind [22].

2.2 Self-Supervised Cost Learning and Online

Adaptation

There exists a large number of existing works on learning self-supervised costmaps,

both on and off-road. Some approaches leverage privileged information to supervise

neural networks that predict map information at a given timestep [4, 11, 23, 24],

but this information consists of semantic segmentation or come from handcrafted

cost functions, both of which require hand labels and tuning. Some methods aim to

circumvent this explicit labeling requirement by instead using expert demonstration

data [1, 25], and while the supervision comes from the data collection process itself new

challenges arise with ensuring demonstration quality. Recent works, taking inspiration

from older methods ([9, 26, 27]), have explored the potential for proprioception as

supervision as it allows for a strong robot-specific relationship between experience

and cost. Some of these methods leverage signals such as residuals between planned

and expected trajectories [3, 19, 28]. Others leverage IMU data to compute a

roughness score which is in turn used as a heuristic for roughness [2, 29, 30, 31]. The

primary challenge with these methods is producing a clean supervision signal, and

acquiring large amounts of training data. The latter has recently been circumvented by

leveraging pre-trained models and/or visual foundation models (VFMs), through which

training data can be densified by associating unlabeled with labeled inputs [28, 32]. As

a way of compensating for imperfect supervision, some works incorporate conditional

value at risk (CVaR) allowing for the user to set their own risk tolerance. This CVaR

value is computed by either predicting it directly, or predicting a distribution of costs
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from which CVaR can then be predicted [1, 33].

These cost representations must also be adapted in real-time in order to learn

about novel environments without forgetting prior experience. Some methods leverage

structure present in incoming data in order to reason about which training samples

to keep and which to discard [34, 35]. Chen and Ho et al. collect an ensemble of

models and selectively train individual models based on their similarity to the current

sample [24]. Seo et al. incorporate meta-learning into their training process such that

their model can rapidly adapt to unseen data [31]. Mattamala et al. maintain a dual

graph structure to represent prior experiences that are spread out spatially [28]. Note

that the methods that use deep neural networks ([24, 28, 31]) are iteratively trained

online, meaning that the amount of training that can be done in a given amount

of time (and the speed at which it can learn) is dependent on the computational

capability of the system.
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Chapter 3

Experiment Setup and Data

Collection

3.1 Vehicle

For our data collection and autonomy experiments, we use a Yamaha Viking All-

Terrain Vehicle (ATV) (Fig. 3.1), first modified by Mai et al. [36]. We have modified it

again in order to equip it with three LiDAR sensors. There are two Velodyne VLP-32

sensors mounted to the front of the roof of the vehicle, with one tilted downwards to

increase coverage of the ground closer to the vehicle. There is also a Livox Mid-70,

mounted under the MultiSense camera, which provides more information on objects

directly in front of the vehicle.

3.2 Testing Sites

The site for collecting data is the same location in western Pennsylvania as TartanDrive

1.0: consisting of terrain such as narrow paths, dense foliage, rocky terrain, dirt paths,

and steep hills over approximately 255 acres. It is worth noting that some areas of

the site change significantly due to natural causes such as erosion or overgrowth, as

well as expected seasonal changes as shown in Fig. 3.2. All the data included was

acquired by a human tele-operating the vehicle.
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Figure 3.1: The ATV used for data collection (left); The primary sensor payload on
the vehicle (right)

Figure 3.2: The data collection site has changed significantly over time. For example,
some older dirt paths (top, shown in red) are now covered in tall grass (bottom).

12
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3.3 Base Software Stack

As the majority of this work focuses on perception, we keep the other modules

constant for all experiments:

3.3.1 State Estimation

We use Super Odometry [37] for state estimation, which leverages pointclouds from a

Velodyne sensor and IMU data to provide odometry at 100Hz.

3.3.2 Planning

For long-horizon planning, we leverage prior information about the test site in the

form of pre-defined courses. These courses consist of waypoints (ranging from 20-200

meters apart depending on the experiment), and are fed sequentially to the control

module as the vehicle progresses.

3.3.3 Control

We use a model predicte path integral (MPPI) controller developed in [38]. We refer

the reader to this work for more details but, at a high-level, sequences of actions

are sampled multiple times from a distribution to generate trajectories, and a cost

function is used to determine the best candidate trajectory. The cost function is

determined by a weighted combination of both progress to the next waypoint as

well as the cost calculated by rolling out the actions through a dynamics model

and accumulating the costs of the rollout projected onto a 2D costmap provided by

perception. The implementation has been modified by the author to also account

for speedmaps, where if an action at exceeds the speed specified at its corresponding

location in the speedmap, its corresponding trajectory will be ignored.
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Chapter 4

TartanDrive 1 and 2 Datasets

4.1 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 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 [13, 14, 15, 16]. 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 complexity 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
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data for off-road driving.

While the number of off-road datasets has been growing [7, 20, 21, 39, 40, 41, 42,

43], many of them are still limited in sample size, modality, or difficulty [44]. 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 labels across

datasets [45]. The difficulty of generating large amounts of manually labeled data in

off-road terrain suggests that self-supervised learning is essential to outperforming

prior methods. Many works have shown that self-supervised methods can be used to

learn strong representations [46, 47, 48], and some works have already shown how it

can be used for various tasks in off-road driving environments [1, 2, 4, 24]. We argue

that in order to scale up the amount of data for off-road tasks, datasets should be

designed to be task-agnostic and with self-supervised learning in mind.

In 2021, we released TartanDrive, a multi-modal off-road driving dataset designed

for dynamics modeling [39]. In this work we present TartanDrive 2.0, a larger dataset

geared towards self-supervised learning methods. The contributions of this dataset

over the previous generation are as follows:

1. More sensors and data: In our original work, we argue that multiple

modalities are essential for learning models for off-road terrain. To that end,

we add LiDAR as an additional modality. We also collect seven hours over the

five hours of data present in the original dataset, at higher average speeds and

including some new areas, as well as areas present in the previous dataset that

have dramatically changed over the past two years.

2. Better infrastructure for end-users: We have improved the infrastructure

in order to improve ease-of-use and utility of the dataset, such as the ability to

re-process the data based on user-specified configurations. We also implement

a metadata system that filters and groups data by a variety of properties.

3. Open-source data collection tooling: Our data collection process has been

constructed in a way that allows us to continually release more data over time

as the seasons change and as we add more modalities. By releasing our tools

and framework, others can collect their data and easily merge it with our own
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4. TartanDrive 1 and 2 Datasets

to create larger datasets.

4.2 Data Collection

Figure 4.1: The high-level flow of information in our data collection process, with
software in red and hardware in blue.

All the data included was acquired by a human tele-operating the vehicle, with the

overall flow of data outlined in Fig. 5.1. Each sequence of data is annotated with the

following metadata:

• Driver ID and robot

• Number of people in the vehicle

• Date/time

• Context (e.g. data collection)

• Weather conditions (e.g. dry, damp, snow)

• Lighting conditions (e.g. sunny, overcast, sunset)

• Course ID or general location (from a pre-defined list)

as well as any other information relevant to that specific run. We emphasize that

recording this metadata makes the dataset significantly easier to use, especially as

the dataset becomes larger. At the end of the collection, a post-processor records
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information such as top speed, average speed, duration, and sensors present. During

data collection, a co-pilot takes time-stamped annotations of relevant or unique events

such as sensor failure or something uncommon such as a deer spotting in front of

the vehicle. Additionally, in some runs the co-pilot periodically annotates a weak

driving score ranging from 1-5 where 5 signifies ideal driving. Recording this metadata

provides more structure in the data which significantly improves the utility of the

dataset when used in combination with our post-processing pipelines.

4.3 Raw Data

Most of the sensors on our platform have already been detailed [39, 49], but all raw

data is briefly summarized below:

4.3.1 Pointclouds

We record incoming pointclouds from two Velodyne VLP-32 LiDAR sensors and a

Livox Mid-70. We also provide extrinsics so that they can be merged into a single

pointcloud. An example of the coverage they provide is shown in Fig. 4.2. All

LiDARs are configured to run at 10Hz.

4.3.2 Images

A Carnegie Robotics MultiSense S21 is used to provide stereo images, specifically

greyscale images from both cameras as well as RGB images from the left camera at

10Hz each.

4.3.3 IMU and Pose

A NovAtel PROPAK-V3-RT2i GNSS provides IMU data at 100Hz. This is fused

with incoming GPS data to provide a pose estimate at 50Hz. The MultiSense also

provides IMU data at 400Hz.
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Figure 4.2: Example coverage provided by our LiDAR sensors. Purple and yellow
points come from the two Velodynes, and cyan points from the Livox. Note that the
scans shown are aggregated over time to better demonstrate the full coverage of the
Livox scan pattern.

4.3.4 Teleoperation

The driver uses a joystick controller to send steering commands, which are then

recorded alongside the values of the current steering angle (actuation on steering

commands is not instantaneous). A Racepak G2X Pro Data Logger is used to provide

the positions of the acceleration and brake pedals.

4.3.5 Proprioceptive Information

The Racepak is also used to record RPMs for each wheel and suspension shock travel

for the rear two wheels. Shock travel data for the front two wheels is omitted due

to frequent damage to the sensors during aggressive driving maneuvers, but will be

included in future data releases.
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4.4 Post-Processed Data

In order to increase utility and ease-of-use of the dataset, we provide the raw data and

the outputs from some existing modules that have been integrated into our software

stack (Fig. 5.1) and commonly use as inputs to our own algorithms:

4.4.1 TartanVO

We run TartanVO [50] on the platform, which takes in the stereo images from the

MultiSense as input. It outputs an odometry estimate, a predicted pointcloud, and

top-down height and RGB maps, all at 10Hz.

4.4.2 Roughness Cost

We produce a roughness cost that describes the bumpiness of terrain as we drive over

it, derived from a sliding window of Z-axis linear acceleration values from the IMU as

described in Guaman Castro et al. [2].

4.4.3 Odometry and Registered Pointcloud

In addition to the odometry provided by the Novatel system, we also provide an

estimated output by Super Odometry [37]. The high accuracy and frequency of this

output allows for cleaner results in tasks such as pointcloud registration which is in

turn important for other downstream tasks. It also serves as a baseline for others to

benchmark their own odometry methods.

4.4.4 Local LiDAR Maps

Using the registered pointcloud provided by Super Odometry, we generate a birds-

eye-view feature map 200x200m wide at .5m resolution. This map provides geometric

information about the environment (Fig. 4.3), with features consisting of the following:

• Min/Max/Mean Height of Points

• Roughness

• SVD Features
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Figure 4.3: Using the registered pointcloud, we provide local maps that contain
various geometric features.

• Estimated Ground Height

• Estimated Ground Slope (X, Y, Magnitude)

4.5 Data Pipelines

4.5.1 Formatting

We provide the data in two main formats, the first one being the rosbags that they

were originally recorded as. This allows users to test how their algorithms might

perform in different environments in real-time. The second format is as a set of

sequences similar to the KITTI format [51]. For each bag, a folder is created and a

subfolder for each modality is initialized. The samples across all modalities are then

timesynced and then placed in their respective subfolders (e.g. ’pointcloud 1/0000.bin’

and ’image/0000.jpg’ are associated with each other).
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Figure 4.4: Our dataset covers over 255 acres collected over seven hours. Using the
accompanying metadata, it can easily be split into groups by aspects such as speed,
GPS bounding box, and time of day.

4.5.2 Reconfiguration

We have post-processed our data in a way that makes sense for our own algorithms,

but our ATV platform is somewhat unique. Across different robots, the optimal

parameters for elements such as sample frequency, map size, and map resolution vary.

For example, a smaller robot with better agility might require a map with finer than

.5m resolution. In order to make our data more directly applicable to other platforms,

we provide scripts that allow users to regenerate the dataset with different parameters

as they see fit.

4.5.3 Utilities

As previously mentioned, we collect metadata and some annotations during data

collection. We provide scripts to take advantage of this metadata in order to filter

the data by various elements and therefore increase the utility of the dataset for

different learning tasks. For example, given the whole dataset, a user can easily

create subsets grouped by components such as speed, GPS bounding box (we provide

a GUI for easily generating bounding boxes), lighting conditions, or driver (Fig.

4.4). This is especially useful for testing model generalizability by training on one

location/condition, and testing on another.
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Figure 4.5: The 3D scan of the ATV. The rear half of the scan is cropped in the left
picture to increase clarity of the front payload in the image.

Using a Faro Focus Scanner, we also generated a 3D pointcloud model of the ATV

as shown in Fig. 4.5 and provide it with the dataset so that users can take their own

measurements (e.g. distance between the wheel axle and some arbitrary point on the

vehicle, or distance between the GPS antenna and the ground) for their own specific

experiments.

4.5.4 Common Framework

The infrastructure we have developed has streamlined our data collection procedures

to make it easy to train models on processed datasets as well as test our algorithms

in real-time. By continuing to follow the same procedures, the data we collect in the

future can easily be merged into our existing datasets. Likewise, other researchers can

use our tools when collecting their own off-road driving data which could eventually

lead to a larger multi-site, and multi-vehicle dataset.
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Dataset State Action Image Pointcloud Heightmap RGBmap
RUGD [20] No No Yes No No No
Rellis 3D [40] Yes Yes Yes Yes No No

Wild-Places [42] Yes No No Yes No No
Montmorency [52] Yes Yes Yes Yes Yes No
Verti-Wheelers [41] Yes Yes Yes No No No
TartanDrive 1.0 [39] Yes Yes Yes No Yes Yes

TartanDrive 2.0 (Ours) Yes Yes Yes Yes Yes Yes

Table 4.1: (Pt. 1)Overview and comparison of various off-road driving datasets

Dataset IMU Wheel RPM Shocks Metadata Labels
RUGD [20] No No No No Yes
Rellis 3D [40] Yes No No No Yes

Wild-Places [42] No No No No Yes
Montmorency [52] Yes No No No Yes
Verti-Wheelers [41] Yes Yes No No No
TartanDrive 1.0 [39] Yes Yes Yes No No

TartanDrive 2.0 (Ours) Yes Yes Yes Yes No

Table 4.2: (Pt. 2)Overview and comparison of various off-road driving datasets

4.6 Impact on Current and Future Research

While we do not provide any explicit supervision labels (e.g. segmentation masks,

classification labels) outside of annotations, the several modalities and actions that we

provide facilitate a number of self-supervised learning tasks. Our original TartanDrive

has already benefited off-road research immensely (Table 4.3), and we believe the

categories listed in Tables 4.1, 4.2 are only a subset of the research topics TartanDrive

2.0 can bolster.

4.6.1 Perception - Cross-Modal Supervision:

Our data was used by Guaman et al. to visually predict a bumpiness cost supervised

by an IMU-derived metric [2]. With the addition of LiDAR in our dataset, we can

advance algorithms by providing information in scenarios where cameras fail (Fig.

4.6) and learning from a much more accurate source of odometry and depth (Fig.

4.7). For example, Chen et al. accumulates near-range LiDAR measurements to
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Figure 4.6: In cases where conditions like poor lighting affect camera performance,
LiDARs can allow a robot to still understand its surroundings.

learn long-range visual traversability model [24]. Meng et al. train a model that

uses images to predict feature maps supervised by lidar inputs [4]. However, these

works rely on off-road driving datasets that are not publicly available. By releasing

data in a similar domain with the same modalities, we lower the barrier to entry for

expanding on this field of research, and allow a common point of comparison.

4.6.2 Perception - Map Completion:

Prediction of occluded and sparsely sensed areas enables faster safe navigation in

occluded area [4, 53]. Our generated accumulated maps are being used as a supervisory

signal in our ongoing research in map completion and can also serve as a common

benchmark for other approaches.
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Figure 4.7: An example of the overlap between a single scan from all 3 LiDARS and
our camera. Points are colored by forward distance from the vehicle.

4.6.3 Perception - Ground Height Estimation:

An understanding of the support ground surface in off-road terrain is essential for

successful navigation. We enable methods of learning this feature by providing

multiple modalities as inputs and a 3D model of the car that can be used alongside

odometry estimates to provide supervision of the true ground surface.

4.6.4 Planning - Learning from Demonstration:

The actions derived from human teleoperation coupled with sensor inputs can be

used to learn models that can reason about what areas are more traversable than

others. Triest et al. treats teleoperated driving as expert demonstrations and use
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Figure 4.8: In TartanDrive 2.0 we collect a higher concentration of data at higher
speeds than in TartanDrive 1.0, reaching up to 15m/s.

inverse reinforcement learning to birds-eye-view costmaps from the LiDAR feature

maps [1].

4.6.5 Controls - Aggressive Maneuver Driving:

The unstructured nature of complex terrain makes it difficult to drive aggressively at

high speeds without losing control. Our new dataset contains a higher proportion of

speeds beyond 7m/s than before (Fig. 4.8). Some of our ongoing research on learning

vehicle dynamics models is supported by this data.
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Table 4.3: Works that Utilize TartanDrive 1 and 2

Method Task
Learning Risk-Aware Costmaps... [1] Perception

How Does it Feel? [2] Perception
Terrain Depth Estimation ... [54] Perception
Deep Bayesian Future Fusion [55] Perception

PIAug [56] Dynamics Prediction
PhysORD [57] Dynamics Prediction

Cross-Embodiment Learning... [58] Policy Learning
General Navigation Model [59] Policy Learning

Foundation Model for Visual Navigation [22] Policy Learning
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Chapter 5

Online-Adaptive Risk-Aware

Costmaps and Speedmaps with

Uncertainty Detection

5.1 Motivation

Utilizing sensor data in the same format as provided in TartanDrive 2.0, we aim to

develop a perception system that can predict expressive information about its envi-

ronment. In this work we propose a method for learning robot-specific relationships

between terrain, speed, and roughness in real time. We first introduce a modular

mapping pipeline to project information from the camera into a top-down map space

in the same form of our desired costmaps (this also allows us to determine what visual

features the tires traverse over). We then predict a costmap that leverages the robots

experience to predict the roughness of its surroundings as well as a speedmap that

informs the downstream controller how fast to drive without exceeding a user-defined

roughness threshold. Both of these maps adapt in real-time. In order to distinguish

unknown terrain that the robot can learn about from uncertain obstacles that could

be lethal, we use the visual features to produce an uncertainty estimate.
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Figure 5.1: We introduce a method for predicting costmaps, speedmaps, and uncer-
tainty that leverages visual foundation models and proprioceptive self-supervision to
adapt online.

5.2 Perception Backend: Modular Visual BEV

Mapping Framework

Visual features from models such as semantic segmentation networks and visual

foundation models have been shown to be useful in a variety of domains. To explore

their efficacy for our task, we design a modular system that projects these visual

features from the image space to a birds-eye-view (BEV) representation, where they

are aggregated into a map.

5.2.1 Feature Mapping

Pixel-level features in the image frame can be computed via feature extractor fθ,

providing the mapping:
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fθ(I3xHxW ) = DCxHxW (5.1)

where I is an RGB image, D is a ”featurized” image, and C is the number

of features (C=3 in the case where the RGB image is passed through instead of

extracting features).

Given these features, we leverage standard camera geometry techniques to project

the pointcloud from a lidar sensor into the camera image with intrinsic matrix K and

extrinsic rotation and translation R, t between the two sensors:

u

v

1

 = K
(
R|t

)

x

y

z

1

 (5.2)

to obtain the corresponding image coordinates u, v for each point P = (x, y, z)T ,

in turn allowing us to associate each 3D point with a visual feature. These featurized

points are then projected into a BEV map, where the value of a cell in the map is

equal to the average feature of all points that correspond to that cell. Since the lidar

scans are relatively sparse a single map frame will also be sparse, so we first align the

map at time t− 1 with the map at time t using odometry, and then aggregate them

using an exponential moving average such that for cell m in map M :

mt = αmt + (1− α)mt−1 (5.3)

This process is outlined at a high-level in 5.1 with more detail in Fig. 5.2.
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Figure 5.2: The overall flow of information from the raw sensor data into an visual
feature map. (a): Features are extracted using a pretrained neural network and their
dimensions are reduced to less than 16. (b): Pointclouds from the lidar sensor are
used to project features from the image space into a BEV map space. (c): Single
maps are registered and aggregated over time to form a visual map for downstream
tasks.

5.2.2 Vision Modules

Utilizing the above framework, we integrate various feature extractors f to provide

information for downstream tasks.

32



5. Online-Adaptive Risk-Aware Costmaps and Speedmaps with Uncertainty
Detection

Figure 5.3: The various visual features available through our pipeline. (a): The
original input image. (b): Output segmentation labels from GANav. (c): Hard cluster
assignments using VLAD on DINOv2. (d): Visualization of the top 3 components of
the PCA representation of DINOv2. (e): Visualization of the top 3 components of
the PCA representation of AM-RADIO. (f): Visualization of 3 cluster residuals of
the representation of DINOv2.

GANav

As an option for semantic segmentation, we leverage GANav [60] a state-of-the-art

approach for off-road semantic segmentation, shown in Fig. 5.3b. It has been pre-

trained using the Rellis-3D dataset [40] and finetuned on labelled subset of data at

our test site.

DINOv2

Recently, a visual foundation model DINOv2 [47] has been released, with multiple

versions available that have been shown to be useful. It has been integrated into our

stack, using the approach from Keetha et al. ([61]) such that any layer from any

version can be used to extract features for downstream tasks.

AM-RADIO

We also integrate AM-RADIO [62], a work that claims to have distilled features from

CLIP [63], DINOv2, and Segment-Anything-Model (SAM) [64] into one model, for

the purpose of evaluating it against the other models on our task.

33



5. Online-Adaptive Risk-Aware Costmaps and Speedmaps with Uncertainty
Detection

5.2.3 Dimensionality Reduction

While the visual foundation models produce features with hundreds of channels

per pixel, representing them all in a BEV representation at real-time can become

intractable. Offline, we generate pixel-level embeddings on a subset of training data

X. We then randomly sample C-dimensional embeddings from all generated feature

images, on which we leverage one of two dimensionality reduction techniques in our

experiments.

PCA

Principal Component Analysis (PCA) is a standard dimensionality reduction ap-

proach in which the singular value decomposition of the standardized features is first

generated:

UΣV T = Xstd (5.4)

Then, the vectors from V corresponding to the top n singular values in Σ can be

selected and used to obtain the reduced Xpca

Xpca = XstdV
T
n (5.5)

The top three eigenvectors of both DINOv2 and AM-RADIO are shown in Fig.

5.3 d and e, respectively.

VLAD-inspired Descriptors

Vector of locally aggregated descriptors (VLAD) is a popular method for generating

descriptors for the place-recognition task [65]. K-Means clustering is used to generate

k feature clusters, and a descriptor is generated by comparing the features to each

cluster and summing the residuals. The authors of AnyLoc [61] analyze the clusters

generated when this technique is applied to the output of DINOv2 and observe that

they have highly semantic properties. This inspired us to use it as a dimensionality

reduction technique, where each feature is instead represented as its distance to the

clusters F such that given the original feature vector X, the k-th element in reduced

feature vector XV LAD is computed by:
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XV LAD[k] = ∥X − Fk∥1 (5.6)

This representation can be used to create a psuedo-semantic label for each pixel

by taking its hard assignment to a cluster (Fig. 5.3c), or all the residuals can be used

together as features for downstream perception (Fig. 5.3f).

5.3 Adapting Perception with Online Experience

Figure 5.4: We introduce a framework for leveraging visual foundation model features
and proprioceptive cues to predict costmaps and speedmaps for off-road navigation.
The top row depicts costmaps, conditioned on speed increasing from left to right
(note the increase in cost in the tall-grass areas with higher speed). The bottom row
depicts speedmaps, with a user-set maximum roughness threshold increasing from
left to right.

5.3.1 Curation of Self-Supervised Signal

For a robot to adapt from its own experience, it requires a signal that associates

different types of terrains with different costs in a way that sufficiently matches
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human intuition. In line with the work by Castro et al. ([2]), we also take inspiration

from prior work ([27, 66, 67]) and use the bandpower of the robot’s Z-axis linear

acceleration provided by the IMU, where bandpower BP can be calculated through

the following formula:

BP (s, fmin, fmax) =

∫ fmax

fmin

S(f) df (5.7)

where S is the power spectral density (PSD) of a signal over the past s seconds, and

fmin, fmax describe the frequency range used. We use the same methods to compute

this as in [68], specifcally Welch’s method [69] to compute PSD and Simpson’s

rule to evaluate the integral. While many works, including [2, 31] leverage Z-axis

acceleration from IMU data alone, we find that the complexity of the vehicle used

plays a significant part in the effectiveness of the bandpower signal in representing

roughness accurately. To address this, we also compute the bandpower of the X and

Y accelerations and of the shock travel sensor data.

In order to condense the multiple values computed into a single roughness score,

we first collect a small driving dataset consisting of the following:

• Brief (20-40 second) traversals over three different types of terrain at low,

medium, and high speeds

• One longer (10 minutes) trajectory in which a wide range of grass, trail, and

bumpy terrains were traversed

where each trajectory was periodically annotated by a passenger in the vehicle

with a traversability score in the range 0-1. We then define the following parameters

we wish to optimize:

• fmin, fmax specific to each signal, 0 ≤ f ≤ 50

• A weight specific to each signal, 0 ≤ w ≤ 1

• Window size (seconds) of data to operate on, 0.5 ≤ s ≤ 2

such that the un-normalized roughness R′ is computed by:

R′ =
∑

i∈[ax,ay ,az ,shock...]

wiBP (si, f
min
i , fmax

i ) (5.8)

The final costs are then normalized to a range 0-1 based on statistics computed
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from the dataset. In order to obtain the best set of parameters we randomly sample

a value for each parameter, compute the resulting roughness values, and compare

them to the human annotations using cumulative error as a metric.
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Figure 5.5: Comparison of the original roughness cost function from HDIF and our
new version. The rows from top to bottom represent: driving on relatively flat trails,
two different bumpy and grassy areas, and one long run covering a wide set of terrain
at various speeds. For the top three graphs, orange represents slow (0-3m/s) speed,
green represents medium (3-6m/s), and blue and red represent fast (6-10m/s). The
black dots represent human annotations of experienced roughness. The red lines set
a reference point to demonstrate that roughness increases roughly with speed.38
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Figure 5.6: Comparison of the original roughness cost function and the new version.
The new version better captures smaller variations in cost in similar types of terrain,
as shown in the trail area circled in red.

5.3.2 Intelligent Data Maintenance

We leverage the visual BEV mapping described above as a perceptual representation

and have the robot store experience as it drives. A buffer of samples is maintained

and updated over time, where the sample collected at time t contains the following:

1. Ot - The observed visual feature obtained by taking the value of the BEV map

corresponding to the location of a vehicle tire at time t

2. St - The speed that the vehicle was traveling

3. Rt - The roughness that the vehicle experienced

We use a fixed-size buffer due to memory and runtime constraints, which means

we require a way to choose what data is removed in order to make room for new

data. We could naively adopt a ”first in, first out” strategy, but this would result in

vulnerability to problems such as catastrophic forgetting, in which the system forgets

old experiences in the process of learning new ones. For example if the robot drives

on trail but then drives consistently in vegetation for several minutes, all the samples

collected on trail would eventually be removed from the buffer. In order to prevent
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Algorithm 1 Buffer Insertion Strategy

Input: Visual feature map Mf , current pose p, current speed S, current roughness
R, data buffer B

2: if v > 0 and t % update rate = 0 then
O ←Mf [p]

4: c = argmin(O)
if B is full then

6: ccommon ← mode(argmin(BO))
Bcommon ← B[BO = ccommon]

8: scommon ← mode(BS
common)

B.remove(random.choice(BS=scommon
common ))

10: end if
B.append(O, S,R)

12: end if

this, we implement a strategy that is robust to this type of situation and ensures an

even distribution of data across the feature space. The VLAD features in the BEV

representation in by nature describe distance of observations to pre-defined clusters.

If we assume each cluster maps to a semantic class (which we find to be true), then

we can assume that a given observation is of a semantic class corresponding to the

index of its smallest element. When the buffer is full, rather than throwing out the

oldest sample, a random sample of the most common semantic class in the buffer can

be removed. Intuitively, not only observation O but also vehicle speed S affect the

roughness R experienced (demonstrated in Castro et al. [2]), so we take this strategy

a step further by looking at all the most semantically-common samples and removing

one with the most common speed. The psuedocode for this process is outlined in Alg.

1.
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Table 5.1: Average Total Sum of Distances Between Points in Buffer

Strategy Scenario 1 Scenario 2 Scenario 3
FIFO 3.55 3.60 3.59
Ours 4.90 4.35 3.97

Figure 5.7: Example scenario of data available in the training buffer over time, using a
naive first-in first-out (FIFO) strategy versus our strategy that leverages the inherent
structure of the data to maintain a distribution that covers a diverse set of experience
over time. Fx and Fy represent a t SNE projection of the observed features, and
the vertical axis is speed. Unlike our strategy, the FIFO strategy is susceptible to
forgetting prior terrain and velocities over time in order to make room for new data.

To verify this strategy, we compute the average total sum of distances between

all points in the buffer, shown in Table 5.1 where the higher values for our method

indicate a better coverage of the sample space in all of three different scenarios.

5.3.3 Costmap and Speedmap Estimation

Given prior experience through which roughness is associated with visual features

traversed at various velocities, the system needs a means of leveraging this information

to reason about the cost of the terrain ahead of it. We can predict the mean roughness

µR and variance vR of a cell in the BEV map given its feature and the velocity of the

vehicle.
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µR, vR = p(R|O, S) (5.9)

This is accomplished by modeling the accumulated data as a Gaussian process,

computing the mean and variance through the following equations:

k(x1, x2) = exp

(
−1

2
(x1 − x2)

⊤Θ−2(x1 − x2)

)
(5.10)

µR = k(X∗, X)k(X,X)−1Y (5.11)

vR = k(X∗, X∗)− k(X∗, X)k(X,X)−1k(X,X∗) (5.12)

where k is a radial basis function (RBF) kernel with lengthscale Θ. X is a

n× (f + 1) matrix containing n training samples, each consisting of an f-dimensional

feature as well as its associated velocity. Y contains the associated labels (in this case

roughness) for each training sample, and X∗ contains the the current observations

from the BEV map, along with the current vehicle velocity, that we wish to infer a

roughness for.

Note that this formulation also provides an estimate of the variance, which in

turn means that the final roughness prediction can be tuned with CVaR based on the

user’s preferred risk tolerance similar to other works ([1, 5]), where the risk-adjusted

predicted roughness assuming a Gaussian distribution becomes:

R = µR + vR
ϕ(Φ−1(αR))

1− αR

(5.13)

Where ϕ is the standard normal probability density function (PDF), Φ is the normal

cumulative density function (CDF), and αR is set by the user to vary risk-tolerance.

The experience buffer can also be similarly leveraged to predict speedmaps that

dictate the upper-bound speed that the robot should travel for each cell. The user

can specify a maximum desired roughness Rmax, and the mean speed µS and variance

vS can then be predicted.

µS, vS = p(S| O,R = Rmax), 0 ≤ Rmax ≤ 1 (5.14)
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Algorithm 2 Speedmap Risk Adjustment

1: Input: Current velocity v, current roughness r, smoothing constant β, max speed
from speedmap vmax, velocity margin τ , CVaR cutoff αS, risk increment factor ϵ

2: vhistory ← vhistory + β(v − vhistory)
3: rhistory ← rhistory + β(r − rhistory)
4: if |vhistory − vmax| < τ then
5: if rhistory < Rmax then
6: αS ← αS + ϵ
7: else if rhistory > Rmax then
8: αS ← αS − ϵ
9: end if
10: end if
11: return αS

Since we don’t want to exceed Rmax, the predicted value can be used as a

speed limit for the downstream controller. Then, equations 5.10, 5.11, 5.12, can

be computed again but with X,X∗, Y rearranged correspondingly to predict speed

instead of roughness.

A potential issue arises with predicting speeds for out-of-distribution situations.

For example, consider a scenario in which the vehicle has only driven on trails at low

speeds and therefore has experienced a max roughness that is significantly below Rmax.

If this data is then used to predict a speed limit, we will likely not obtain the true

value due to lack of experience. We account for this mismatch by using CVaR with

parameter αS similarly to the approach for the costmaps with αR, but dynamically

adapting αS instead of having it set by the user. While the vehicle is traveling

within some margin of the speed limit but experiencing an average roughness that is

significantly less than the expected roughness Rmax, αS is incrementally increased,

and decreased if the it is exceeding Rmax (outlined in Alg. 2). This allows the robot

to explore higher speeds until it obtains evidence that supports its predictions, and

adjust its limits if encounters previously unseen terrain that is too rough.

5.3.4 One-Shot Costmap Augmentation

The above sections describe a framework through which a system can leverage features

from visual foundation models to quickly learn costmaps without human labels and
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adapt them with online experience. However, this formulation using supervision

signals such as roughness comes with the limitation that the robot can only learn

about what it can physically drive on. This means reasonable predictions cannot be

made on BEV features that correspond to lethal objects.

We address this problem by relaxing the requirement of zero human labels to one

human label (per type of lethal object). In the scope of this work, the primary lethal

objects encountered are trees. We find that by simply choosing a single feature from

the BEV map that corresponds to a tree and permanently keeping it in the buffer

associated with a high roughness, we can obtain high cost values for all the trees that

the robot experiences, without needing to train the network further or have a user

label several trees.

Figure 5.8: To avoid lethal terrain that can’t be learned about through experience
(such as trees), high cost can be manually assigned with a single annotation.

5.4 Uncertainty Avoidance

We observe that learned methods, such as in Triest et al. ([1]) as well as our own, can

be effective at detecting distinct geometric obstacles and evaluating the traversability

of different types of terrain, and offline results indicate generalizability to held-out

44



5. Online-Adaptive Risk-Aware Costmaps and Speedmaps with Uncertainty
Detection

test sites. However, even with leveraging our visual BEV mapping as an input, we

noticed that various out-of-distribution objects that don’t resemble terrain didn’t

trigger high-cost predictions as expected. This is undesirable, as in practice we found

some of these objects to be dangerous (e.g. a stray tire or a pallet full of nails). While

this may not be the case every time, within the scope of this work we adopt a policy

of avoiding these objects if the robot can find low-cost terrain around it. To achieve

this behavior, we implement an additional costmap layer that acts as a heuristic for

uncertainty, outlined in the following sections.

Figure 5.9: Scenario in which the vehicle must stick to the trail while avoiding a tire
to the left. The IRL costmap from [1] alone correctly costs the edges of the trail and
trees but does not detect the tire. By adding an uncertainty layer, the tire can be
costed as lethal.

5.4.1 Quantification

In order to avoid foreign objects in an image, we require a way of assigning per-pixel

uncertainty without explicitly labeled samples. We perform an approximate density

estimation of a subset of training data and leverage this information to automatically

detect regions of high epistemic uncertainty. We then randomly sample C-dimensional

embeddings from all generated feature images from a training set, and use K-Means
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clustering to generate k feature clusters.

We take inspiration from the approach in AnyLoc, in which the incoming visual

features are compared to the pre-defined clusters F to generate VLAD descriptors

(see 5.2.3). We leverage the residuals between the features and cluster centers and

perform the following operation to determine uncertainty U .

u = min
k∈{1,2,...,K}

∥d− Fk∥1, U =

0 if u < τU

u otherwise
(5.15)

This operation is done in the map space after the visual features have already

been projected out. If the minimum distance of a pixel feature d to any cluster

exceeds a threshold τU , we assume its corresponding terrain/object is uncertain and

therefore assign it a high cost, allowing us to avoid anomalies without any further

training. Additionally, this approach is less computationally intensive compared to

other popular approaches such as using ensembles ([1] or training a network to predict

uncertainty ([31]), allowing us to run it online with minimal overhead.

5.4.2 Detection

We use visual foundation models, specifically DINOv2, as feature extractors as we

observe that the resulting clusters correspond roughly to commonly encountered

terrain (e.g. gravel, dirt, bushes, grass). We use the ViT-B backbone to comply

with latency requirements, and we chose the features from the 10th layer value facet

(instead of query, key, or token) based on insights from AnyLoc. It is important to

note that the feature image is 14x smaller than the original input image, which is

why the detections in Fig. 5.10 appear to be coarse. However, we find its powerful

generalizability to compensate for this shortcoming.
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Table 5.2: Uncertainty Parameters

Parameter Value Description
K 8 number of visual feature clusters

distance function cosine distance metric for clustering
τU .9 min value of residual to be considered uncertain

Figure 5.10: Examples of objects detected as being uncertain. Of note is the detection
of objects that would be difficult with geometric features, such as items hidden in
grass, items far in the distance, and puddles.

In order to compute the uncertainty value described above, we use the parameters

described in Table 5.2.
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Chapter 6

Experimental Results

Through our experiments we aim to show how uncertainty avoidance and adaptive

costmaps and speedmaps can improve autonomous navigation. In order to evaluate

its performance, we additionally run four other methods as baselines to compare

against:

• Geometric cost function: we use the cost function use in training ALTER

[24] as a geometry-informed baseline, as it is more expressive than using a

simple height-threshold approach. This information is computed by aggregating

a registered pointcloud using odometry, and performing geometric analysis such

as terrain estimation and planarity in order to compute the required information

for the cost function. We compute a speedmap that encourages higher speed in

smoother areas (derived using the planarity feature).

• Semantic segmentation using GANav [60]: we use GANav, a state-of-the-

art semantic segmentation network as a vision-informed baseline. We map the

semantic logits using our visual mapping pipeline and then map the semantic

classes to hand-tuned costs and speeds.

• How Does It Feel? (HDIF) [2]: we compare against HDIF as it is a

learning-based method that heavily inspired this work. We use an updated

version with internal changes designed to be more efficient and predict higher

costs for geometric obstacles. It predicts a speedmap by using a pre-defined

roughness threshold, querying the network with different speed inputs, and
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finding the max speed-per-cell that doesn’t violate the threshold.

• Visual + Geometric Inverse Reinforcement Learning (VG-IRL): we

compare against an extension of the inverse reinforcement learning (IRL) ap-

proach implemented by Triest et al. [1]. It has been modified to leverage visual

features from DINOv2, using our visual mapping pipeline alongside the existing

geometric features. It also computes a speedmap by predicting a distribution

of speeds for each cell, trained from the same demonstration data that the

costmap was trained on.

6.1 Improving Learned Costmaps with

Out-of-Distribution Avoidance

We test our uncertainty avoidance on two robots in a number of different challenging

scenarios. In this section, when present, red stars denote the starts and goals for the

experiments, the black line denotes a nominal straight-line path, and the pink line

represents the resulting behavior using our method.

6.1.1 Qualitative Analysis

Vehicle #1 - Yamaha ATV

We test our method on the Yamaha ATV to see how it affects navigation performance.

We observe that the integration of this additional cost allows the robot to avoid

objects that are different from the typical experienced terrain. As shown in Fig. 6.1,

it is able to distinguish between objects and the tall-grass in proximity, succesfully

supplementing the IRL costmaps.

Vehicle #2 - Clearpath Warthog

To test generalizability, we set up short-scale experiments using a ClearPath Warthog

at a separate testing site containing different terrain characteristics such as dense

forrests and paved roads. The VLAD clusters were generated using only data from

the TartanDrive data collection site, meaning that we ran our method without any
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Figure 6.1: Example detections in the map space of our uncertainty avoidance
deployed on the Yamaha ATV. (a): a concrete barrier hidden in tall grass. (b): a
stray tarp. (c): metal debris on both sides of the trail. (d): half of a flattened traffic
cone.

prior info of the new site. The primary sensors used on this platform are a Ouster

OS1-64 lidar and FLIR Blackfly S camera in contrast to the Velodyne VLP-32C and

Multisense S21 used on the Yamaha ATV. We use an existing stack [70] to produce

lidar-based costmaps, and add ours as an additional cost, allowing the robot to

avoid objects that the original stack alone would not have detected. The behavioral

differences can be seen in Fig. 6.2.

6.1.2 Quantitative Results

To isolate the effect of the epistemic uncertainty detection, we designed a smaller

course where the robot had to navigate to a goal directly straight ahead, with various

out-of-distribution obstacles (two tires, a flattened sign, and a tarp) placed in its path

(Fig. 5.4). We evaluate the number of corrections for each method over three trials,

the results of which are shown in the last column of Table 6.1. We find that the

additional uncertainty layer adds additional cost to these obstacles without adding

cost to previously seen terrain like trails and tall grass and reduces the total number

of interventions.
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Figure 6.2: Example results of our uncertainty avoidance deployed on a Clearpath
Warthog robot. By adding it as an additional layer in the existing stack, we enable
the Warthog to plan around out-of-distribution obstacles in a number of different
scenarios without any training data from the area.

Table 6.1: Uncertainty Avoidance Hardware Results

Method Corrections
Geometry 5
GA-Nav 5
VG-IRL 5

VG-IRL + Unc 1
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Figure 6.3: The obstacle course used to test our uncertainty avoidance against the
baselines, with obstacles consisting of tires, a tarp, and a sign that says ”STOP:
Robot Testing”. Note that all obstacles are short and geometrically insignificant
enough that simple approaches such as height thresholding cannot correctly cost them
without also costing traversable terrain such as tall grass.
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6.2 Online Learning of Costmaps and Speedmaps

We wish to demonstrate the potential of adaptive costmaps and speedmaps in

improving large-scale off-road autonomous driving. In order to do so, we run a set of

experiments aiming to answer the following questions:

• Do our costmaps pick up on nuanced details (such as gravel versus smooth trail)

better than other methods?

• Can our system perform general navigation tasks better than the simple base-

lines, and at a level comparable to state-of-the-art methods that leverage large

amounts of data offline?

• Does the adaptation component lead to improved behavior and decreased

roughness over time?

6.2.1 Courses

We design two navigation courses to test the performance of the costmap/speedmap/uncertainty

prediction module, some using waypoint spacing of 50m, and others using manually-

set waypoints with spacing of up to 150m in order to test the behavior of the system

when provided with less guidance. These courses are outlined in Fig. 6.4, with

course 1 being used to compare our method against other baselines and course 2 to

demonstrate the large-scale navigation capabilities. We choose a separate area of the

test site from which to collect training data (needed to generate the VLAD clusters).
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Figure 6.4: We run two navigation courses, one with waypoints spaced 50m apart
and the other with manually-placed waypoints as far as 150m apart.

55



6. Experimental Results

6.2.2 Do our costmaps pick up on nuanced details better

than other methods?

Figure 6.5: Comparison of our method agains the other baselines. Note the ability of
our method to distinguish the tree line (green dashed line), trail (white dashed line),
and the shattered TV hidden in the bushes (red circle). Note that all plots share the
same normalization such that colors can be compared directly across all methods.

We highlight an exemplar scenario for our method in Fig. 6.5. Within less than 60

seconds of experience, it appears to outperform the simpler baselines (GANav and

geometric cost function) and predict maps at a level of detail more similar to VG-IRL.

Note that VG-IRL also uses geometric features from lidar as an input which provides

a wider field-of-view, explaining why it contains more information.

We refer the reader back to Fig. 5.4 for a more in-depth look at how our velocity-

conditioned costmaps change with input speed and how our speedmaps vary based

on the user-set roughness limit. Below, we present additional qualitative examples

from course 2 that demonstrate our ability to not only distinguish high-level terrain

56



6. Experimental Results

types — such as trees, grass, and trail — but also pick up on visual cues such as grass

density and gravel in order to make expressive predictions. The top left images depict

the camera view, the right images depict a costmap or speedmap and the bottom left

image overlays the two on top of each other to better demonstrate spatial alignment

of the terrain and its corresponding cost.

Figure 6.6: Example scenario from course 2. While much of the area is traversable,
there is a clearly preferable path ahead, which is picked up by our costmaps.
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Figure 6.7: Another scenario from course 2, where the robot first drives up a rocky
hill (top) then later comes back down(bottom). In both cases, our method is able to
detect the difference in the rocky and smooth terrain, denoted by the dashed blue
lines. Moreover, the rocky area has a higher cost during the second traversal due to
the additional experience gained after the first traversal.
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Figure 6.8: An example from course 2 demonstrating the quality of our speedmaps.
Our method correctly predicts that the robot can drive faster in the smooth trail on
the right (blue dashed lines) than the rough area that it currently is driving in.

6.2.3 Can our system perform general navigation tasks

better than the baselines?

We run all baselines as well as our own method for three laps on course 1, evaluated

on four metrics shown in Table 6.2. We count the number of times the safety driver

intervened and stopped the vehicle in order to prevent damage, as well as the number

of ”undesirable behaviors” where the driver didn’t need to intervene but the system

could have taken a better route (for example driving through a rough patch of grass

when there is a trail right next to it). We also record the average speed, and the

proportion of the lap that the vehicle spent experiencing roughness above the user-set

threshold. Note that due to field testing complications, the first three baselines

(denoted by an asterisk) had to be evaluated offline in a process where we replayed

sensor data and ran the autonomy stack to see what details were being captured

by perception and where the vehicle was planning. While we don’t guarantee the

full accuracy of this evaluation, we believe it to be sufficient alongside qualitative

comparison until the experiments can be redone.
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Table 6.2: Navigation Performance Metrics

Method Lap # # Interventions
# Undesirable

Behavior

Avg.
Speed
(m/s)

Proportion
of Time Above

Rmax

Geometry*
1 3 1 – –
2 3 1 – –
3 3 2 – –

GANav*
1 3 1 – –
2 5 2 – –
3 3 2 – –

HDIF*
1 4 2 – –
2 5 3 – –
3 4 3 – –

VG-IRL
1 2 4 4.36 0.42
2 3 2 4.60 0.46
3 2 2 4.23 0.40

Ours
1 1 0 4.32 0.45
2 0 1 3.96 0.37
3 2 1 3.81 0.35

Our method outperforms the baselines in all metrics apart from average speed.

While VG-IRL had a higher average speed it also had more interventions, some

of which may have been from driving too fast. Due to the fragility of our vehicle

we prioritize number of interventions over speed, but we recognize that there is an

inherent trade-off between the two and preferences may vary based on robot and

operator.

6.2.4 Does the adaptation component lead to improved

behavior and decreased roughness over time?

To better observe the adaptive behavior of our method, we run our method on course

1 for three laps. As shown in Fig. 6.9, our method can pick out trees and trail, but

believes that the grass is a higher cost than it should be. Moreover, the speeds that

it was predicting in the first lap resulted in an overall roughness that was exceeding

the desired threshold. After finishing the first lap and coming back to the same area

a second time, it has learned a better cost for the grass as well as a more appropriate
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6. Experimental Results

Table 6.3: Capability Comparison Against Baselines

Method Self Su-
pervised

Online
Adapta-
tion

Risk
Aware

OOD De-
tection

Velocity
Informed

Geometry ✓ ✗ ✗ ✗ ✗

GA-Nav ✗ ✗ ✗ ✗ ✗

HDIF ✓ ✗ ✗ ✗ ✓

VG-IRL ✓ ✗ ✓ ✗ ✓

Ours ✓ ✓ ✓ ✓ ✓

Table 6.4: Costmap Parameters for each Method

Method Range (m) Resolution (m)
Geometry 40 .5
GA-Nav 40 .5
HDIF 12 .1

VG-IRL 40 .5
Ours 25 .2

speed. This behavior is also demonstrated in Table 6.2, where with each consecutive

lap the robot spends a lower proportion of time in high-roughness areas. We also

show this across the whole course in 6.10.
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6. Experimental Results

Figure 6.9: Our method is able to adapt its understanding of the environment as it
collects new experiences. During the first lap of course 1, it incorrectly perceives the
grassy areas as being high cost and at the same time believes it can traverse them at
high speeds. By the time it reaches the same area in the second lap it has learned
that the cost isn’t as high as it originally predicted, and also that it needs to drive
slower in those areas.
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6. Experimental Results

Figure 6.10: The resultant trajectories using our method, colored by speed. Over
the course of three laps, the system learns to drive slower in rougher areas while
maintaining high speeds on the main trails. Waypoints are colored in white.
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Chapter 7

Conclusions

7.1 Summary

In this work we present a method that can predict costmaps and speedmaps that

allow a system to adapt in real time to novel experiences while avoiding wildly

out-of-distribution objects. This is done by leveraging generalizable features from

visual foundation models, and associating them with roughness as a proprioceptive

signal. This results in a system that can make more nuanced predictions about its

environment than the prior state-of-the-art that in turn allow for navigation behaviors

that reduce the roughness experienced by the vehicle. Further, we release a large-scale

dataset designed with self-supervision in mind in order to lower the barrier-to-entry

to exploring learned methods for off-road driving.

7.2 Limitations and Future Work

7.2.1 Limitations

While we improve on many of the issues presented in our baselines, there still remains

a number of limitations. For example, the costmap prediction performance is heavily

dependent on the type of distribution chosen as the model. For example, using

Gaussian processes allows us to adapt quickly by eliminating the need for online

training (at the cost of computation complexity). However, works such as [3] show
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7. Conclusions

that the actual distribution isn’t always uni-modal. This could be addressed by

instead learning a categorical distribution, with the caveat that it would need to

be trained online. Additionally, our strategy for speedmap prediction assumes that

roughness increases relatively monotonoically with speed. While we observe this to

be mostly the case in our system, there could exist other systems built in a way such

that certain terrain is actually less rough at high speeds.

There could also be improvement in our metric evaluation process, a challenge

that seems to be common across several works. Many prior works in self-supervised

off-road autonomy evaluate themselves in one (or multiple) of a few limited ways.

Success rate is informative in that it is agnostic to the cost-learning method, but it is

a coarse signal that doesn’t effectively capture more nuanced details and finer-grained

behaviors. Average speed is more detailed, but doesn’t always lead to clear conclusions

when coupled with other metrics. For example, it’s generally more desirable for the

robot to drive faster, but what if it comes at the cost of more interventions? There is

a strong need for a unified approach to benchmarking off-road navigation performance

so that researchers can fairly evaluate their approaches.

7.2.2 Multi-Task Self-Supervised Off-Road BEVFusion

Our method is also limited by the visual mapping pipeline that it uses as a backend.

Mapping at both high range and high resolution starts to become computationally

infeasible to run at real-time. Moreover, our current method relies on lidar points to

project image features into the BEV space, leading to a sparsity of information at

range. Finally, the image features themselves are limited by the size of the model

(e.g. we use the ”big” version of DINOv2 instead of ”giant”) and the resolution of the

input image. A more powerful model that can also run at high resolution in real-time

should in theory dramatically improve navigation performance.

One way to address all these issues together could be by taking inspiration from

[11] and training a BEVFusion [71] model that effectively learns to mimic the visual

mapping pipeline. By training offline, we can generate the high-fidelity inputs and

maps that we can’t obtain online and use them as supervision for the network.
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