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Off-road autonomous robots navigate through unstructured environments using onboard computation
and sensing without prior maps or adherence to conventional traffic rules. This challenges these systems
to efficiently determine where they can and can’t drive on the fly. Diverse testing environments and
incomplete sensing due to occlusions or limited sensor range make it difficult to accurately understand
the environment. A motion planner in this context focuses on predicting the robot’s actions seconds to
minutes ahead, considering environmental obstacles, vehicle dynamics, and unknown regions. Existing
systems that ignore uncertain or incomplete sensing are prone to dangerous decisions from
over-optimism or to unnecessarily inefficient paths from over-pessimism. This thesis aims to address
those shortcomings by explicitly reasoning about sensing uncertainty. This dissertation proposes three
strategies for tractably reasoning over and reducing uncertainty in the context of off-road autonomy. We
discuss the pitfalls of not reasoning about uncertainty and present a simple local uncertainty-aware
algorithm that traverses safer, more efficient paths. Then we consider uncertainty outside the local map
and leverage sparse long-range sensor information to guide planning. We show this algorithm makes
less myopic earlier decisions to avoid distant obstacles. Finally, to reduce uncertainty, we introduce a
technique that harnesses off-the-shelf video footage to rapidly adapt both perception and planning for
new environments, achieving performance comparable to that obtained from costly, hard-to-collect
robotic data. The research is grounded heavily in real-world applicability with the objective of
minimizing time to reach the goal and number of safety interventions. Conducted during the
participation in the DARPA RACER program, this research addresses the real-world challenges that

uncertainty posed for the robots.
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1
Introduction

While there has been a well-known evolution in on-road autonomous cars [111; 104;
112] now driving passengers in multiple cities, there is also a quiet revolution in lesser-
known off-road autonomy. Off-road autonomy (a part of Field Robotics), as the name
implies, is when autonomous vehicles or robots operate in unstructured natural envi-
ronments where there are fewer rules to follow and more reliance on local perception
and planning. Off-road autonomy has been an active area of research for decades.
It started in 1989 with ALVINN [75], a van autonomously driving down a dirt road.
Then, it grew to the 2005 DARPA Grand Challenge [21] where Stanley drove 212 kilo-
meters through desert trails. And in more recent years the RACER program [20] which
have driven tens of kilometers in truly off-road terrain( for full history see Chapter 2).
But why is off-road autonomy important? As one can expect by DARPA’s involvement,
there are military applications where robots transporting goods, collecting reconnais-
sance, and generally removing people from warfare are important. Beyond that, off-
road autonomy is useful for a number of applications, notably, mining, search and res-
cue, construction, environmental monitoring, and wildfire fighting. These applications
all require an autonomy system capable of dealing with less-structured, ever-changing
environments, and lots of uncertainty. This thesis looks specifically at perception and
planning’s role in handling uncertainty.

Unlike on-road driving (which contends with lanes, signs, and rules of the road),
off-road driving has much less structure. The robot can go wherever it can effectively
traverse. Further, with no prior information such as maps of the environment, the
robot is limited only to what it can perceive with its onboard sensors. So percep-
tion and planning must determine online what it can and cannot traverse and how it
will traverse it. For example, an on-road car knows the drivable road will continue
around the blind corner, whereas in off-road you don’t know what could lie around
the turn. Compounding on all of this, the terrain is simply much rougher than engi-
neered roads, increasing sensor noise and the need for precise decision making. One
notable relaxation in off-road autonomy is safety. Off-road robots generally operate
in less-populated areas where the risk to human life is lower and a human generally
is not riding in the off-road robot. This can simplify the problem, but more impor-
tantly, enables autonomy to push its limits and perform tasks a human would not, for
example, underground mine inspection in high-risk mines [88].
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This thesis was completed as part of, and funded by, the DARPA Robotic Autonomy
in Complex Environments with Resiliency (RACER) program [20]. RACER challenges
teams to program an autonomous full-size off-road vehicle equipped only with on-
board sensing and compute to navigate complex terrain (deserts, forests, hills) over
long distances (10s of km). The task is to travel from start to goal as fast as possible
while minimizing safety interventions. A safety intervention is whenever a human
operator or low-level system must intervene because the robot is executing behavior
deemed dangerous to itself. Notably, the robots are given no prior maps of the en-
vironment and must navigate based purely on their local sensors. We focus on this
specific setting as part of this thesis.

Modern off-road autonomy stacks (Fig. 1.1) follow a general hierarchy of perception,
planning, and control [107; 73]. Perception ingests sensor data and produces a 2D /3D
map of the local environment - segmenting obstacles and free space. The motion
planner ingests the map and finds a path from the robot to the goal considering the
full horizon of the map. Control/local planning ingests the plan and the map and then
follow that path considering short term control costs such as rollover risk. This is all
done on-board the robot in real time and is an impressive feat considering the robot
moves between 5 and 10 m/s.

Further from the robot, there are fewer and noisier sensor measurements from the
onboard sensors making perception more challenging. Perception can be unsure of
the presence (accuracy) and/or the exact location (precision) of obstacles. Parts of the
environment receive no sensor readings at all due to occlusions. Inpainting, filling
in holes based on surrounding map context, has risen as a promising approach to
addressing these occlusions [86; 60]. But eventually, far enough out, there is insufficient
sensing to produce a dense map of the environment and practitioners generally ignore
further sensor readings maintaining only a "local map" [60; 25; 73]. The space beyond
the local map is deemed entirely unknown. These forms of perception uncertainty, if
not considered, can cause problems for downstream planning. For example, giving

' Steering &
Throttle

Robot

Figure 1.1: Off-road Autonomy

Stack. Perception ingests sen-
sor data and outputs maps and
localization information. Plan-
ning ingests maps and outputs
plans (BLUE). Model predictive
control (MPC) outputs steering
and throttle commands as part
of the MPC trajectories.



the planner the map with the most likely costs can have both false free space and false
obstacles that the planner is entirely unaware of and may plan through. The planner
can do little with unknown space beyond the map, often resulting in a straight-line
path to the goal.

This research examines uncertainty inside and beyond the local map, aiming to cre-
ate a real-time motion planner that robustly navigates the robot through the 'fog
of uncertainty.” This research is grounded heavily in real-world applicability, includ-
ing studies on real-world robots with the goal of minimizing time to reach the goal
(traversal time) and number of safety interventions.

More specifically, this thesis is guided by the following research question:

RQ-Thesis How can we develop perception and planning algorithms to tractably nav-
igate under the fog of uncertainty?

To answer RQ-Thesis, this thesis presents works that investigate the following research
questions:
RQ1 What is the effect of mismatch between the determinized world and the
true world?
RQ2 How can we combat the effects of determinization mismatch?
RQ3 Using only on board sensing, is it possible to traverse a similar path as one
planned using privileged global information?
RQ4 Where is long-range navigation not useful?
RQs5 Can off-robot experience improve decision making under uncertainty?

In pursuit of answering RQ-Thesis, the following key challenges exist for planning algo-
rithms on off-road autonomous robots.

¢ Off-road environments are riddled with uncertainty. It can be both difficult to know
accurately what something is (e.g., bush or rock) and where precisely it is.

¢ Uncertainty from perception will negatively affect planning when incorrect predic-
tions occur.

¢ Planning is limited by the mapping range. If the planner reasons only up to its max-
imum map range, but additional sensor information exists beyond, it is inherently
myopic.

* Real-time performance is required for practical deployment of any approach.

¢ With each new environment, perception will need to adapt quickly to minimize its
uncertainty.

Our key observation is that perceiving everything perfectly is both impossible and
unnecessary for planning to make effective decisions. We need to think beyond op-
timizing for pixel-wise segmentations and ask what the planner really needs from
perception. This leads to our key insight, which guides the work in this dissertation:

15
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To reason effectively about uncertainty in off-road navigation, perception should focus less on
just mapping the world, but rather perceiving what is relevant to planning.

Given this, the dissertation will focus on three primary research thrusts: (1) tractable
planning under sensing uncertainty; (2) leveraging sparse long-range information to
guide planning; and (3) quickly adapting to new environments.

1.1 Background

This section will cover relevant background in off-road autonomy and approaches for
handling uncertainty. In addition, Chapters 3, 4, 5 will all go into more in depth on
related works specific to the techniques of the chapter.

As mentioned previously, modern off-road autonomy stacks follow the perception,
planning, and control paradigm shown in Fig. 1.1. We cover each component be-
low with a focus on uncertainty reasoning. Table 1.1 provides a categorization of
uncertainty-specific works described along six categories: perception focused, plan-
ning focused, fast adaptation in new environments, reasoning about unknown space
(non-mapped), reasoning about mapped perception uncertainty, and system dynamics
uncertainty.

1.1.1  Uncertainty-Aware Perception

The role of perception is to build a compact representation of the environment from
sensor data that can be ingested by planning. In off-road autonomy, this generally
manifests as a 2D bird’s-eye-view map [25]. The map contains traversable and non-
traversable regions as either a scalar cost per cell or binary occupancy. Early works
relied on both robot sensing data and satellite imagery to populate the maps [90; 93;
91]. Additionally, early works on robot platforms equipped with only stereo cameras
explored polar map representations where where cells form angular bins rather than a
regular grid [7; 85]. This allowed for the map resolution to naturally capture stereo
error with increased distance. This representation was combined with near to far
learning [27; 62; 63; 7; 108; 129]. It relies on two key observations: cameras provide
long-range sensor information, and sensing near the robot is reasonably accurate. As
such, these approaches train an image classifier to distinguish traversable and non-
traversable terrain. Training is self-supervised by using accurate near-range sensing to
provide labels for previous timesteps when the observed region was far away from the
robot. Once trained, traversability was projected from image space to the polar map
for planning.

More recently, to fill unknown regions of the map with no sensor readings, inpaint-
ing [86; 60; 28] has become a common approach. Given surrounding map context, in-
painting networks predict what is likely in the unknown space. This works by training
an inpainting network from a dataset of instantaneous sensor readings (incomplete)
paired with labeled complete maps created from running SLAM over many timesteps.

Self-supervised traversability estimation has been a well-studied problem in off-road
autonomy [54; 115; 118; 45; 80; 46; 92]. By being self-supervised, it forgoes manual



labeling enabling faster adaptation in new environments — reducing uncertainty. The
model either predicts traversability from 3D lidar data or 2D image data. The self-
supervision signal is a combination of both where the robot was manually driven
and proprioceptive sensing to parse relevant data like terrain roughness and energy
expenditure. From aligning this information with sensor readings of the driven path,
we can learn a mapping from sensors to traversability, roughness, and other quantities.
Most notably, recent works [32; 92] are able to train traversability models online or
with only seconds of robot data.

1.1.2  Uncertainty-Aware Planning

The role of planning is to produce feasible low-cost plans through the map provided by
perception. There has been a fair amount of prior work on dynamic re-planning under
uncertainty. D* and D* Lite are well-known dynamic re-planning search algorithms
that have been demonstrated to quickly re-plan in real-world settings [97; 49; 29]. They
both re-use the search tree to rapidly re-plan when the environment is perceived to
change. Neither is designed to reason about uncertainty directly, but rather react
quickly to new changes in the environment. Field D* [29] in particular was a prac-
tical adaptation of D* that worked on real-world off-road robots by creating smooth
trajectories via interpolation.

Another common planning approach is the adaptive state lattice (ASL) [39; 37]. A
state lattice [74] is a planning data structure that is formed by combining control sets
and enables planning under kinematic constraints and efficient graph search. ASLs
go a step further and optimize the lattice based on the current map to make planning
faster and produce better paths. EASL [37] then makes ASLs tractable for real time
applications by discretizing the set of possible per-node adaptations and leveraging
previous planning queries. EASL’s real-time performance has thus made it an attrac-
tive planner for off-road robotics. EASL does not reason about uncertainty directly, but
given its prominence in off-road planning, it is worth mentioning.

To directly address planning uncertainty, risk-aware planning has become a popular
approach [17; 8; 101; 30; 65; 13]. In particular, Cai et al. [13] learns a speed distribution
for each cell in the costmap then computes the Conditional Value at Risk (CVaR) [110]
metric to consider the risk of traversing each cell. The risk is directly incorporated as
a cost for planning. Though we show in Chapter 3 how viewing risk simply as a cost
can be problematic because it ignores the true likelihood of an event.

Less common in off-road planning but nonetheless relevant, is planning over Par-
tially Observable Markov Decision Processes (POMDPs). POMDPs have a plethora of
approaches, but a notable few rely on a fixed or sampled set of MDPs to make the
problem more tractable [79; 89; 94; 100; 15]. While promising, solving a POMDP is still
PSPACE-complete [70] and determinization, making a deterministic approximation of
a stochastic problem, has arisen as a tractable technique for relaxing the problem [126].
In particular, a variety of works [38; 4; 99; 123; 17] have used posterior sampling [105]
to make the planning problem tractable, requiring only sample access to the posterior.
Dynamic replanning with posterior sampling (DRPS) [38] samples one problem and
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solves it optimally, letting sampling naturally balance exploration and exploitation.
Notably, none of these works has been applied to real-world off-road planning, and
Chapter 3 is the first known to do so.

1.1.3 Uncertainty-Aware Model Predictive Control

Model Predictive Control (MPC) [34] is a receding-horizon optimal control strategy. At
each time step, it solves a finite-horizon optimization problem to choose the best con-
trol sequence to track the path from planning while respecting system dynamics and
reacting to local obstacles. Because of its predictive model and finite planning hori-
zon, we also refer to it as local planning. Local planning does not focus as much on
uncertainty from perception, but rather on uncertainty in vehicle dynamics. Because
the predictive model is only a fast approximation of the true dynamics, re-planning
is key to managing this uncertainty. Early work in handling uncertain vehicle dy-
namics for off-road robots used maneuver dictionaries [84] which store recorded robot
trajectories that can then be used instead of potentially inaccurate predictive models.
However, they were limited to 2D scenarios. More recently, Model Predictive Path
Integral (MPPI) control [122] has shown impressive performance on various off-road
vehicles. Because of its sampling procedure, it is not limited to differentiable costs or
dynamics, and it is highly parallelizable. This allows MPPI to explore many possible
trajectories at once and replan fast to adjust to uncertain dynamics. These properties
have cemented MPPI as the go-to approach for local planning in off-road autonomy:.

Fast Unknown space  Perception  Dynamics

Perception Planning adaptation uncertainty uncertainty uncertainty
Near-to-Far Learning [27] Y N Y Y Y N
Costmap Inpainting [60] Y N N Y N N
SS Traversability [92] Y N Y N Y N
Risk-Aware Planning [13] N Y N N Y N
Determinization [38] N Y N N Y N
MPC [122] N Y N N N Y
DREAMS (Chapter 3) N Y N N N
LRN (Chapter 4) Y Y N Y N N
Video Tracking (Chapter 5) Y Y Y N Y N

Table 1.1: Categorization of un-
certainty in off-road autonomy.
Cited are the most recent works
for brevity.






2
A Brief History of Off-Road Autonomy

This chapter provides a brief history of notable programs that led to the off-road auton-
omy today. Each program provided funding and structure to facilitate many research
papers and real-world deployments. We highlight relevant programs but note that
this overview is not comprehensive. For brevity, we have omitted much of the legged
outdoor-autonomy development. Fig 2.1 provides a graphical timeline of the programs
we mention, culminating in the RACER program.

2.1 ALVINN, the first off-road autonomous vehicle (1989)

The story of off-road autonomy begins with ALVINN (Autonomous Land Vehicle
In a Neural Network) [75]. It was a three-layer neural network that steered CMU’s
NAVLAB van along narrow, 400 m wooded dirt path at 0.5 m/s. The van was unique
in that it not only carried onboard compute, which was much larger at the time, but
also the researchers themselves! This work set the stage for what was to come, and
showed it was possible to autonomously perceive and navigate unpainted trails.

2.2 PerceptOR (2000 - 2003)

The Perception for Off-Road Robotics program (PerceptOR) [51] was the first of its
kind off-road autonomy program. It set a new rigorous testing standard for evalu-
ation. Evaluations were performed by the independent government team where the
contracted performers were given no advance knowledge of the evaluation courses.
Further, robots went off-trails and navigated complex terrain performing navigation
over multiple kilometers at a max speed of 0.3 m/s.

2.3 DARPA Grand Challenge (2004-2007)

DARPA’s first Grand Challenge [2] in March 2004 set a 228 km course from Barstow,
CA to Primm, NV in the Mojave Desert; none of the 15 entrants completed it. Eigh-
teen months later, Stanford’s Stanley [106; 21] conquered the revised 212 km route in
6h 53 min by fusing imagery, lidar, and radar to create occupancy maps and a prob-
abilistic road detector, taking the $2M prize. This event is noted as the birth of the
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autonomous vehicle (AV) boom where many participating researchers went on to start
AV companies and participate in the DARPA Urban Challenge [109]. The DARPA
Grand Challenge showed robotic vehicles could perform robustly over long distances
but still required driving on dirt-trails. Taking robots into spaces with no trails re-
mained an open problem to be addressed by other DARPA projects.

2.4 LAGR (2004—2008)

Learning Applied to Ground Robots (LAGR) [43; 42; 40] continued with the Percep-
tOR’s off-trail focus, but emphasized learning-based perception methods. Ten univer-
sity teams, each given an identical skid-steered robot with stereo cameras, met monthly
on forested “time-trial” courses. This platform standardization was a departure from
past programs as they found a standard platform allowed performers to focus on au-
tonomy not on hardware design. Notably this program spurred a focus on Near To Far
Learning [69; 66; 12; 129; 108; 7; 62; 63; 116], a self-supervised traversability approach
where near-range sensors (10 m) provided labels for training far-range perception (50
m). By the end of the program, teams completed 100 m long courses with the vehicle’s
top speed of 1.3 m/s.

2.5 UGCV PerceptOR Integrated (UPI) (2006)

The UGCV PerceptOR Integrated (UPI) program [6] combined advances from the Per-
ceptOR and LAGR programs with advanced hardware of the crusher platform [98].
The combined system was able to traverse a 20 km desert course at an average au-
tonomous speed of 3.5 m/s.

2020

RACER (2020 - Present)
Building on prior work, we see
long (10s km) off-trail autonomous
runs and speeds of up to 12.5 m/s.

Figure 2.1: Timeline of Off-
road Autonomy. From 1989 to
2025 this timeline summarizes
all major programs that pushed
autonomy forward.



2.6 Robotics Collaborative Technology Alliance (RCTA) (2009-2018)

The Army’s Robotics Collaborative Technology Alliance (RCTA) [53] pulled ARL, CMU,
MIT, GDLS, and others into a decade-long push on semantic perception, adaptive be-
havior and meta-cognition. The flagship hardware proof point—LLAMA [1], a 75 kg,
all-electric quadruped—combined proprioceptive controls with off-road perception to
keep pace with soldiers across rubble. RCTA codebases and datasets later seeded
ARL’s Government-owned Ground Autonomy Stack.

2.7 DARPA Subterranean Challenge (2018-2021)

The Subterranean Challenge [68] forced autonomy underground, where teams of robots
had to explore cave systems with no GPS and little to no light. In the 2021 Final, Team
CERBERUS [107] with a team of quadrupeds and drones mapped a tunnel network
under dust and darkness, taking the $2M Systems prize. While different from the
high-speed off-road navigation problem, the semantic mapping, multi-robot coordi-
nation, and degraded-vision pipelines created new opportunities for off-road ground
vehicles and disaster-response robots.

2.8 Scalable Adaptive and Resilient Autonomy (SARA) (2020 - present)

SARA [18] reinvigorated focus on off-road autonomy with Phoenix, a government-maintained

autonomy stack capable of running on multiple ground platforms. University collab-
orators could then build on the existing stack, swapping or adding components to
accelerate development. Phoenix served as the foundation that RACER built on.

2.9 Robotic Autonomy in Complex Environments with Resiliency (RACER)
(2020 - present)

The RACER program [20] combined all the findings from previous programs and re-
cent advancements in perception, planning, and control to push off-road autonomy to
its limit. Like LAGR, RACER provided standardized Racer Fleet Vehicles and Racer
Heavy platforms to performers. Like PerceptOR, RACER held regular experiments on
new unseen terrain where performers were not given prior knowledge of courses. Un-
der this setting, teams were able to push autonomy up to 12 m/s with courses in the
tens of kilometers. This thesis was conducted as part of the University of Washington
RACER team.

2.10 DPatterns and Prospects

Across three decades the field has followed a recurring pattern: A DARPA or Army-
led initiative challenging teams to perform on real-world courses, an increase in op-
erational speed and robustness, and technology transition into the next program. Re-
searching and field-testing during these programs shows that moving robots out of
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controlled labs and into challenging outdoor environments exposes critical gaps and
drives autonomy forward. As mentioned by Team CERBERUS’ review [107], "Many of
the features and development directions of the CERBERUS autonomy solutions have evolved
from our experiences in the field tests.”

While approaches varied, they all roughly followed the perception planning and
control pipeline in Fig. 1.1. Field testing reveals that while improving individual com-
ponents is important, the integration of components is equally, if not more important.
This is the motivating idea of this thesis, reconsidering how perception and planning
should interact to better handle the challenges of real deployment.

Ongoing research thrusts in off-road autonomy include fast adaptation, traversing
negative obstacles, and failure recovery. Recent near to far self-supervised methods can
train image-based traversability models in only seconds of experience [32; 92], enabling
rapid adaptation to new environments. Negative obstacles—depressions, trenches, and
ditches—remain challenging because limited-view LiDAR seldom captures their full
geometry and the interaction dynamics are intricate. Recent methods have achieved
reliable control across known ditches [36], but general solutions are still nascent. Fi-
nally, failure detection and recovery need deeper attention: catastrophic events such
as a quadruped tipping over are easy to flag and reset, yet slow-burn failures—e.g., a
robot oscillating or aimlessly circling—often evade current monitors. Addressing these
subtler behaviors will be essential for truly resilient off-road autonomy.






3
Tractable Planning under Uncertainty

This chapter addresses research questions RQ1 and RQz2, concerning tractable plan-
ning under uncertainty. This involves motion planning over an uncertain world while
considering multiple likely outcomes, all while maintaining tractability for relevance
in a real-time setting. We focus on uncertainty in obstacle locations, which could come
from aleatoric or epistemic sources in perception.

3.1 Introduction

As stated previously, an off-road autonomous robot can drive wherever it can effec-
tively traverse. This flexibility requires the onboard sensors and perception system to
discern what terrain is and is not traversable, which usually comes in the form of a
map, a compressed representation of the environment. Terrain that is far from the robot
may be difficult to classify precisely due to natural occlusions (hills, trees), few sensor
readings, or lack of training examples in the given environment. Noisy perception
creates both false obstacles and false free space in the map; a downstream planning al-
gorithm that is unaware of this uncertainty may produce dangerous collision-bound or
roundabout paths. Thus, uncertainty is the core challenge of long-range planning; an
algorithm must appropriately consider this sensing uncertainty from perception when
planning paths.

In this setting, a robot plans paths through a previously unobserved and poten-
tially hazardous environment, while continuously receiving and reacting to noisy lo-
cal observations. This can be cast as a Partially Observable Markov Decision Process
(POMDP). Solving a POMDP is PSPACE-Complete [70], so we frame this as a Bayesian
Dynamic Motion Planning Problem (BDMP) to impose structure and make the prob-
lem tractable. The BDMP problem differs from a POMDP in that uncertainty originates
only from the robot’s ignorance about the environment. Given the environment, the
transition and the reward function and robot’s internal state are fully observable [38].

Previous works have exploited this structure via the framework of determinization
in the face of uncertainty—repeatedly solving and executing relatively-inexpensive de-
terminized planning problems—with strong theoretical and practical results [38; 94; 56;
126]. Although determinization is computationally efficient, it does not consider what
happens when the determinized problem diverges from reality. This can manifest as
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optimism (causing collisions) or pessimism (causing roundabout paths, or no path at
all).

Our key insight is that this deficiency stems from determinization’s limited ability
to reason about the distribution of costs over plausible worlds. Thus, we leverage multi-
sample posterior sampling to reap some of the computational benefits of determiniza-
tion while preserving the planner’s ability to reason across multiple plausible envi-
ronments. Our resulting multi-sample determinization algorithm, Dynamic Replan-
ning via Evaluating and Aggregating Multiple Samples (DREAMS), considers mul-
tiple plausible optimal paths and multiple plausible worlds. With this framework,
DREAMS enables reasoning not just over the distribution of worlds, but also over
additional parameters such as traversal speed. We show that with the correct instan-
tiation, DREAMS outperforms prior determinization strategies on realistic long-range
off-road robot navigation tasks.

3.2 Problem Statement

We formalize the BDMP problem in our context as follows. Given a start state x5 and
goal state xg in configuration space A and a set of environments ®, we seek to min-
imize the expected total time of traversing from start to goal under the distribution
of environments P(¢). To help solve this problem, we are given a measure of uncer-
tainty over environments modeled as the posterior distribution P(¢|y;) where ¢; is the
history of observations from time [0, {]. This problem extends the BDMP problem to
consider the added cost of potential collisions. Collisions can be dangerous—damaging
the robot—and require additional time to recover. In practice, P(¢|¢:) would be pro-
vided by a perception system.

We focus on planning over roadmaps. Specifically, we are given a graph G with
vertices V and edges E. Each edge has a traversal time w : E — R* and a collision
status ¢(e) where ¢(e) = 1 means e is a collision-free edge in world ¢. A path §; =
(e1,€2,...,¢et) is defined as a sequence of edges. Since we are in a dynamic setting,
traversing edges adds observations to our history ;.

We consider the following two metrics, Traversal Time and Collision Cost.

* Traversal Time. T({) = Y.crw(e) is the time it takes the robot to traverse to the
goal. Edges in collision are still counted toward traversal time.

* Collision Cost. C(&;p) = Yocr L(p(e) = 0)c(e)p(e).
c(e) is the collision cost and p(e) adjusts the relative cost of a collision compared to
traversal time.

The total cost to reach the goal in one planning episode is:

J(&p) = T(S) +C(Sp) (3.1)

where p(e) = a is a constant.



3.3 Related Work

3.3.1  Dynamic Replanning

There has been a fair amount of prior work on dynamic replanning under uncertainty.
D* and D* Lite are well-known dynamic replanning search algorithms that have been
demonstrated to quickly replan in real-world settings [97; 49; 29]. They both re-use the
search tree to rapidly replan when the environment is perceived to change. Neither is
designed to reason about uncertainty, and are optimistic about unknown parts of the
environment. Re-planning is triggered when the planned path is deemed in collision.
In an environment with no sensing uncertainty, this is effective because collisions can
be easily determined. In an uncertain environment, D* must either collide with an
obstacle to detect a collision or blindly trust its noisy sensors. That being said, D*'s
efficient re-use of the search tree could be incorporated into methods that consider
environment uncertainty directly.

3.3.2 POMDPs

The BDMP problem can be framed as a POMDP with unknown state, but known tran-
sitions and rewards. POMDDPs have a plethora of approaches but a notable few rely on
a fixed or sampled set of MDPs to make the problem more tractable [79; 89; 94; 100; 15].
Most similar to our approach is DESPOT [94], which samples a set of K scenarios and
builds a search tree to alleviate the curse of dimensionality. While promising, solving
a POMDP is PSPACE-complete [70], and this work instead focuses on a tractable MDP
relaxation with a discrete set of states and known transitions represented as a graph
with unknown reward.

3.3.3 Canadian Traveler’s Problem

The Canadian Traveler’s Problem [71] and specifically its stochastic variants [26; 22; 56;
127] are most similar to the BDMP setting. In both cases, edge collisions are discovered
when the agent reaches an incident vertex. This setting follows our observations from
real mobile robotic systems: sensing is more accurate near the robot. The stochastic
variants additionally use this information to update unobserved edge probabilities.
Our setting is similar, except that we discover the true cost of an edge only upon
traversal. We also explicitly incorporate noisy sensing. In this sense, our problem is
more specific to mobile-robot applications.

3.3.4 Risk-Aware Planning

Risk-aware planning can be seen as another form of planning under uncertainty [17;
8; 101; 30; 65; 13]. Barbosa et al. [8] convert the popular Conditional Value at Risk
(CVaR) [110] metric into a cost function for planning and accept new plans only when
risk increases along the current trajectory. While these methods have shown great
promise, none have investigated planning under the setting of onboard sensing where
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uncertainty increases further from the robot. Further, we use a risk-aware cost baseline
to demonstrate that treating risk solely as a cost metric fails to produce truly robust
plans.

3.3.5 Determinization

Determinization, making a deterministic approximation of a stochastic problem, has
been effective for planning under uncertainty [126]. In particular, a variety of works [38;
4; 99; 123; 17] have used posterior sampling [105] to make the planning problem
tractable and only require sample access to the posterior. Dynamic replanning with
posterior sampling (DRPS) [38] samples one problem and solves it optimally, letting
sampling naturally balance exploration and exploitation. Sampled A* [17] further uti-
lizes multiple samples per replan and accepts the most likely path, showing promising
results. Notably, neither method considers the risk of mismatch between the deter-
minized world and reality. This chapter explores determinization as a method for
making planning under uncertainty tractable. Specifically, we look at the effect of mis-
match between the determinized world(s) and the real world on planning and how we
can combat that.

3.4 DREAMS

To summarize various approaches from the literature, we decompose algorithms into
a proposer and an acceptor. The proposer proposes a set of paths & = {¢%,¢!,...,¢"}.
The acceptor considers the proposed paths and accepts one. The robot then follows the
accepted path for a step, receives observations, and updates the posterior distribution.
It then replans and repeats until the goal is reached. Under this framework, we now
describe our approach, Dynamic Replanning via Evaluating and Aggregating Multiple
Samples (DREAMS).

3.4.1 DREAMS Proposer

The DREAMS proposer is based on posterior sampling, where at each step we sample
from the distribution of optimal plans P(¢*|y:) = P(&|¢p)P(¢|y¢). This is achieved via
sampling from the posterior over worlds P(¢[y;) and then planning the optimal path
on each sampled world (Fig. 3.1, Sample & Plan). As the robot learns more about the
world, this process naturally exploits the knowledge we gain by reducing the spread
of the distribution of worlds and plans. Similar to Sampled A*, DREAMS samples
multiple plans to approximate the distribution P(&* |y ).

3.4.2 DREAMS Acceptor

Unlike prior determinization approaches, we evaluate the cost of each sampled plan
against a distribution of sampled worlds (Fig. 3.1, Evaluate). The sampled worlds do
not need to be the same as the ones used for planning. Empirically, we have found
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that planning is typically the bottleneck rather than evaluation. Therefore, we opt to
sample many more worlds for evaluation than for planning.

For each plan, we compute a summary statistic over the resulting distribution of
costs (Fig. 3.1, Agqregate) and select the plan that minimizes the aggregate cost. De-
pending on the application, the summary statistic can vary. For example, selecting the
minimum cost for a given plan is an optimistic strategy that looks at a plan’s cost un-
der the best-case scenario. CVaR summary statistics balance the risk of high cost paths
(in this case, collision-prone paths) more carefully. This approach is extremely flexible.
In Section 3.5, we additionally use this acceptor to explore different velocity profiles to
further reduce expected cost.

3.4.3 DREAMS Evaluation Function

We make a small modification to Eq. 3.1 to use as the DREAMS’s evaluation function.

~

J(€) =T(¢) +C(&)
T(e) = 1(e =eg)a + L(e # eo)

(3-2)
(3-3)

Because DREAMS plans in a receding-horizon fashion, J(&) considers the collision
factor & only on the immediate edge and assigns a relative cost of 1 to future potential
collisions. We found in our setting equally weighting all collisions can create overly
conservative behavior due to noisy observations farther from the robot. Reducing
future collision cost helps avoid these scenarios. While we focus on traversal time and
collision costs relevant to off-road driving, under different settings other cost functions
could be used.

3.4.4 DREAMS Aggregation Function

We optimistically take the mean of the best 75% of the distribution of costs, calling it
the Inverse CVaR. This reduces the effect of unlikely high-cost outliers. Like CVaR, it
also considers the width of the distribution: as increased uncertainty causes the cost
distribution to spread out and increase the aggregate cost promoting caution.
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3.4.5 Benchmark Overview

We compare this algorithm with multiple relevant baselines summarized below. Per
our framework, each algorithm proposes plan(s), accepts a plan, follows one edge, and
replans. Algorithms differ in their choice of proposer and acceptor.

e DRPS [38]. Proposer: Sample one plan from the posterior. Acceptor: choose only
plan.

e Sampled A* [31]. Proposer: Sample multiple plans from the posterior. Acceptor:
choose the most likely plan by computing edge centrality across plans and selecting
the path with the highest mean edge centrality. Centrality for an edge is the number
of optimal plans that flow through that edge.

* Direct. Proposer: Compute the plan that minimizes risk-aware evaluation cost in
expectation. Acceptor: choose only plan.

BIJ(§)] = Y w(e) + P(¢(e) = 0)c(e)t(e)

ecs

(3-4)

Both DRPS and Sampled A* incorporate posterior sampling and present strong re-
sults on similar problems. DRPS highlights the difference between single and multi-
sample posterior sampling, while Sampled A* compares the evaluation/aggregation
acceptor strategy with an approximate MAP estimate. These baseline algorithms
only consider the geometric path at an arbitrary fixed speed. We include results for
DREAMS-Fixed to compare most directly with these algorithms, and provide addi-
tional results for DREAMS-Adaptive to demonstrate our ability to evaluate paths un-
der different parameters—in this case, speed. Finally, Direct optimizes Equation 3.2

directly to compare with posterior sampling.

3.5 Experiments

The following simulation experiments are designed to replicate an off-road autonomous
driving scenario where the planner faces limited sensor range and noisy perception.
The robot must navigate as efficiently as possible while avoiding dangerous collisions,
re-planning at each step. We consider the following hypotheses:

Hi. Both DREAMS variants will incur lower total cost compared to DRPS/Sampled
A*. More sampled plans will help DREAMS reduce cost variance relative to DRPS.

Figure 3.2: Sensor noise model.
The sensor noise levels used
Mow = 1074/
med = 1073/ TThigh = 1072,
Our simplified noise model de-

in testing:

fines the probability of receiv-
ing a correct observation for a
query point distance d away
as max(exp(—#7d?), pmin). The
minimum probability threshold
Pmin 15 set to 0.6 to provide some
signal at the edge of the robot’s
observation range; note that the
minimum possible value of pmin
for binary occupancy is 0.5 (pure
noise). With these parameters,
the robot receives approximately
96%, 72%, and 61% correctly ob-
served pixels per observation.
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Reasoning about a distribution of costs rather than accepting approximate MAP
estimate will help DREAMS incur less collision cost than Sampled A*.

. DREAMS-Adaptive will incur lower collision/total cost compared to DREAMS-
Fixed. Reasoning about the distribution of speeds allows the vehicle to slow down
when the likelihood of a collision increases and speed up when the path is likely
free.

H3. Increasing the number of sampled plans will reduce the total cost (with dimin-
ishing returns). More plans will provide more options to evaluate, until all likely

options are enumerated.

Hy. Increasing the number of sampled worlds considered during evaluation will re-
duce the total cost (with diminishing returns). Sampling more worlds will yield a

more accurate estimate of expected cost.

Hs. DREAMS will incur lower total cost compared to Direct. To plan directly with the
cost function, Direct replaces the indicator in Equation 3.2 with a probability. This
can result in extremely unlikely plans under the posterior P(¢*|;), which DREAMS

probabilistically avoids by construction.

3.5.1  Experimental Setup

3.5.2  Real World Occupancy Grids and Speeds

We evaluate performance with two real-world datasets of long-range planning prob-
lems through open desert environments (N = 83) and more challenging crowded forest
environments (N = 51). These datasets were collected by running a perception stack
on a full-scale off-road vehicle as part of the RACER program [20].

Each world spans 100 x 100 meters at a resolution of 0.4 m/px. The robot moves on
a graph covering the space at speeds ranging from 1-10 m/s. As the robot traverses,
it receives observations at 1 Hz. Therefore, speed affects both traversal time and the
number of observations received. The robot may reverse at 1 m/s, but we first require
planners to find a forward-only solution; if none exists, reversing is then permitted.
We evaluate on ten random seeds for each world ¢, noise level #, and collision «.

Figure 3.3: Traversed paths of
each algorithm (blue edges)
on two example worlds from
each of the Forest and Desert
datasets. Each set of four pan-
els shows all algorithms’ paths
on the same world. Each algo-
rithm receives observations with
high noise, and is penalized
with a collision factor of o« =
10. With high noise, DRPS fre-
quently backtracks and changes
direction while Sampled A* in-
curs many collisions (red edges).
Both DREAMS variants follow
more direct paths without colli-
sions.
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Plan Samples Heatmap

3.5.3 Limited Range Noisy Observations

Many autonomous systems process raw sensor input into semantic classification of
the environment using a deep neural network [86; 82]. Noisy sensors and limited
training introduce uncertainty into the resulting semantic segmentations. Generally,
the predictions become noisier farther away from the robot where there is less (and
noisier) sensor information. Predicted semantics eventually become too noisy and are
thus limited to a reliable range. To emulate this effect, we introduce a limited range
observation module that simulates the classification of obstacles. The robot can only
observe a patch of 50 x 50 meters centered around itself. Fig. 3.2 describes the sensor
model within this limited range observation.

Outside of the limited range observation, we optimistically assume that the space
is free to allow posterior sampling to discover many plausible paths. This is similar
to how real-world systems work, where unknown space is a fixed cost. Chapter 4
proposes an alternative method to this fixed cost. The posterior is updated using
Bayes’ Rule.

3.5.4 Posterior Sampling

To sample from the posterior distribution over optimal plans P(¢*|y;), we first sample
from the posterior distribution over worlds P(¢|¢;) and plan on each world. We sam-
ple a world by sampling over the posterior distribution of roadmap edges. For each
edge, we assign its collision probability as the maximum posterior probability over all
pixels covered by the robot’s swept volume (3.5 x 1.5 meters) along the edge.

3.5.5 Planning and Execution Parameters

For DREAMS and Sampled A*, we choose to plan with 100 posterior samples using A*.
DREAMS evaluates each plan according to (Equation 3.2) against 10* sampled worlds.
DREAMS-Adaptive additionally considers multiple speed profiles. For each sampled
plan, it creates five timed trajectories each with a separate speed profile. All profiles
use 5 m/s inside the observed area and 10 m/s outside; they differ only in their first-
edge traversal speed, which takes values in {1, 3, 5, 7, 10} m/s. DREAMS-Adaptive

Figure 3.4: Qualitative compari-
son of each approach, given the
exact same sampled worlds and
paths. Robot (blue), proposed
paths (light orange), accepted
Top: All
plans except DRPS find a path
through the gap. DRPS sam-
ples a world in which the gap

path (bright orange).

is blocked, producing a longer
route. Bottom: All plans ex-
cept Sampled A* reverse from
a likely obstacle in front of the
robot. Sampled A* does not ex-
plicitly consider the cost of col-
lision and accepts a path go-
ing through the obstacle. Right:
Looking at the heatmap, areas
where more plans overlap are
hotter. As there is little overlap
besides the start position, Sam-
pled A* has less signal to choose
the most likely plan; its deci-
sion is almost a uniform random
sample.
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executes the chosen speed for the chosen plan for one time step before re-planning.
Like DRPS and Sampled A*, DREAMS-Fixed uses a single profile: 5 m/s inside the
observed area and 10 m/s outside.

The collision cost is proportional to the robot’s pre-collision speed (Equation 3.1),
as higher speed collisions are more dangerous. We vary « € {1,10,20} to assess the
impact of varying collision cost weight.

3.5.6  Metrics

We compare each algorithm’s cost to the cost incurred by an oracle ¢°Pf, which has full
information about the world and traverses at 10 m/s without collisions.

Suboptimality = J(§)/] (&) = J(&)/T(&°"") (3:5)

3.5.7 Results

Fig. 3.5a and 3.5b show suboptimality results for the Forest and Desert datasets. An
ablation study with the more challenging Forest dataset is shown in Fig. 3.5¢ and 3.5d.

Qualitative results of traversed paths on the final posterior are shown in Fig. 3.3.
Fig. 3.4 compares each algorithm under the exact same scenarios. Table 3.1 gives plan-
ning time results. H1. Both DREAMS variants will incur lower total cost compared
to DRPS/Sampled A*. In both datasets (Fig. 3.5a and 3.5b), DREAMS-Fixed is compet-
itive with DRPS and Sampled A* in Low noise. It is either competitive or outperforms
them in Medium noise. In High noise, it dominates for all a values tested. H1 is sup-
ported. It is not surprising that all algorithms achieve similar results in Low noise,
as the sampled plans will likely be near-optimal (i.e., most sampled worlds are close
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Figure 3.5: Course and abla-
tion metrics. Left: Suboptimal-
ity plots for (a) Forest and (b)
Desert datasets. We perform a
Welch's t-test for difference of
means, with a Bonferroni correc-
tion of 9o for all pairwise com-
parisons involving DREAMS. * :
p < 00L* : p < 0.001,** :
p < 0.0001,*** : p < 0.00001.
Right: Ablation study for vary-
ing (c) number of sampled plans
and (d) number of world sam-
ples in evaluation. (Error bars
in both figures denote 95% con-
fidence intervals.)
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to the true world). In Medium noise, we observe the benefit of multiple samples as
both DREAMS variants and Sampled A* perform better than DRPS. But in High noise,
Sampled A* incurs a high collision cost as it does not explicitly reason about collisions;
all plans seem equally likely because the distribution of plans is spread out, showing
less benefit to multiple samples without explicit collision reasoning. Fig. 3.4, bottom
shows an example scenario of this behavior.

H2. DREAMS-Adaptive will incur lower collision/total cost compared to DREAMS-

Fixed. In Fig. 3.5a and 3.5b, we see a mixed result between DREAMS variants:
DREAMS-Adaptive has statistically-significant lower cost in some cases but not all.
With Low noise, DREAMS-Adaptive can move faster reducing its traversal time with-
out incurring too much collision cost. In Medium noise, DREAMS-Adaptive and
DREAMS-Fixed achieve similar performance; this suggests that these higher speeds
do not properly balance speed and safety. In High noise, DREAMS-Adaptive seems
to trade-off collisions and traversal better. Because the results are mixed, H2 is not
strongly supported.

H3. Increasing the number of sampled plans will reduce the total cost (with
diminishing returns). Fig. 3.5c shows that more sampled plans reduce the total cost
across multiple noise values for DREAMS. The leveling off at 20 plans shows that the
sampled set is fairly representative of our posterior distribution. Hj3 is supported.
Surprisingly, Sampled A* performed worse with increased samples at High noise. We
attribute this to High noise causing a spread out distribution of plans where no plan
has a large mean centrality, resulting in near random choice (See Fig. 3.4 for an example
of this). Increasing the number of plans introduces more options for Sampled A* to
choose from; if these are likely to be in collision, this will generally increase the cost
incurred.

Hj4. Increasing the number of sampled worlds considered during evaluation will
reduce the total cost (with diminishing returns). Fig. 3.5d shows more world samples
in evaluation improve performance for DREAMS-Adaptive at Medium and High noise.
For DREAMS-Fixed, we only see change in High noise. In this setting, it suggests a
few samples captures the true cost well in Low and Medium noise, but more samples
are needed in High noise. Hy is supported for High noise.

Figure 3.6: Comparison of
DREAMS to Direct on the more
challenging Forest dataset. Di-
rect incurs many more collisions
because it does not reason about
the likelihood of the plans di-
rectly. Note: The suboptimal-
ity axis is much higher than Fig.

3.5a.



Hs. DREAMS will incur lower total cost compared to Direct. Fig. 3.6 shows
the suboptimality comparison between DREAMS-Adaptive and Direct. Direct incurs
a very high collision cost and total suboptimality because it finds paths with a high
likelihood of collisions. We attributed this to the probability of collision being a multi-
plicative factor instead of an actual probability, meaning Direct may choose plans that
are highly unlikely but have a low total cost. Hs is supported.

Algorithm Proposer Time (s) Acceptor Time (s) Total Time (s)
DREAMS-Adaptive 1.55+0.09 1.59 +£0.01 3.14+0.09
DREAMS-Fixed 1.54 +0.09 0.33 +0.00 1.88 +0.09
DRPS 0.02+0.00 0.01 +0.00 0.03 +0.00
Sampled A* 1.47 +0.08 1.12 +0.02 2.58 £0.08

3.6 Limitations

While DREAMS is a promising step to enabling efficient uncertainty reasoning, there
remain a few limitations. First, DREAMS relies on the ability to sample potential
costmaps. A potential costmap should be plausible given the distribution of worlds.
This requires a perception system that can provide more than per-pixel cost uncer-
tainty, because sampling pixel-wise treats the pixels as independent and can create
unrealistic costmaps with snow-like noise. For DREAMS to work on a real system, we
think a generative model like a diffusion model that creates whole costmaps given sen-
sor data or inpaints a partial map would be the most effective way to sample unique
costmaps.

Second, determinization can cause plan variance over time, where the planned path
changes significantly from the previous timestep. This occurs because worlds sampled
at each time step can differ substantially from those in the previous step. While sam-
pling more worlds can mitigate the problem, plan variance remains an issue. Future
work could look into maintaining multiple likely worlds that are temporally consistent,
or considering switching costs in plan evaluation.

3.7 Research Questions
RQ1 What is the effect of mismatch between the determinized world and the true
world?

While determinization can make planning under uncertainty a tractable problem, it
comes with the risk of mismatch between the determinized world(s) and the true
world. For example, the determinized world could lack an obstacle that exists in the
real world and cause a collision.

We find determinization can have three effects of mismatch: over-optimism, over-
pessimism, and plan variance. Over-optimism occurs when the sampled world has
falsely identified part of the environment as free space and the resulting plan goes
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Table 3.1: Planning time eval-
uations for each algorithm, on
the same set of 300 evaluation
Proposer: DREAMS and
Sampled A* plan 100 paths per

runs.

iteration, while DRPS plans a
single path. Because there is
no dependency between plan-
ning each independent poste-
rior sample, this can be triv-
ial accelerated by parallelization
(results sequential).  Acceptor:
Since DRPS only proposes one
path, the acceptor time is neg-
DREAMS-A evaluates
five speeds taking more time
while DREAMS-F evaluates just

one. Aggregating edge central-

ligible.

ity across plans is also relatively
expensive for Sampled A*. Re-
sults were obtained on a ig CPU.
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through that space. Over-pessimism is the opposite case where false obstacles ex-
ist in the determinized world causing the planner to find unnecessarily roundabout
plans. Further, false obstacles and freespace can both exist in the same determinized
world. Fig. 3.7 Top Left shows examples of over-optimism and over-pessimism in a
simulated environment. Mismatch increases with more sensing noise, and Fig. 3.7 Top
Right shows the effect of that mismatch in both increased collisions and traversal time.
Finally, plan variance can occur in some forms of determinization where determinized
worlds across multiple timesteps have little consistency, which causes the plans to
fluctuate. While this is not exactly an effect of mismatch, it remains a challenge for
determinization strategies.
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RQ2 How can we combat the effects of determinization mismatch?

Although determinization is computationally efficient, it does not account for when
the determinized problem it solves diverges from reality. Mismatch between the deter-
minized and true worlds can cause collisions, roundabout paths, and path variance.

To address this problem, our key insight is that this deficiency stems from deter-
minization’s limited ability to reason about the distribution of costs over plausible
worlds. Thus, DREAMS leverages multi-sample posterior sampling to reap some of
the computational benefits of determinization while preserving the planner’s ability to
reason across multiple plausible environments.

We find that DREAMS, by evaluating multiple candidate plans and their cost dis-
tributions, can mitigate these mismatches. By considering the cost in different worlds
than the ones planned on, we can choose the path that performs well across worlds.
From simulated experiments on real-world costmaps, we show DREAMS outperforms
other methods, particularly at high noise by balancing optimism and pessimism about
the true world.

Figure 3.7: The effect of de-
terminism mismatch. Top Left:
Examples of over optimism and
pessimism. Over optimism
leads to collisions. Over pes-
simism leads to unnecessar-
ily roundabout paths increasing
traversal time. Top Right: Col-
lisions and traversal time plots
as sensor noise increases for two

determinization approaches.






4
Leveraging long-range Sparse Sensor Information

This chapter addresses research questions RQ3, RQ4, leveraging long-range sensor
information for planning. Specifically, this research uses sensor data that lies outside
the robot’s local costmap, enabling reasoning about distant terrain instead of treating
it as “unknown.”

4.1 Introduction

Autonomous off-road mobile robots require long-range waypoint navigation, often in
environments where prior information (e.g. satellite imagery) is inaccurate or unavail-
able. Our goal is efficient navigation in these large-scale scenarios where our domain is
significantly (10X or more) larger than the robot’s sensor footprint. The central research
question is,

How can we enable robots to make less myopic decisions facilitating long-range navigation
with only incomplete knowledge of the environment?

We assume that the robot has GPS localization together with target waypoints. Notably,
the robot is provided with no other information about the environment and must find
its own path to the goal with minimal human intervention and as fast as possible.
Mobile robots with no prior information traditionally create a metric cost map based
on onboard sensory information (e.g. cameras, lidar, and odometry) [60; 73]. This
suffices for short-horizon targets, but with long-range goals, creating large cost maps
is intractable due to limited sensor range, compute, and memory. In particular, addi-
tional depth information is required to project features into the map, which is often
sparse and noisy, resulting in a limited map horizon and the area outside this horizon
being a fog of unknown space. A go-to approach to deal with unknown space is to
heuristically assign it a fixed cost, effectively planning straight to the goal once outside
the map [73]. However, this leads to highly inefficient and potentially unsafe paths in
many scenarios. A key observation is that field operators can determine the robot’s
long-range strategy by simply analyzing its image feed, without the requirement of
a complete terrain map. For example, it is possible to spot the opening in a wall of
trees from images without mapping every tree. We refer to the boundaries between
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known/unknown regions as frontiers. Frontiers which visually appear open i.e., possi-
ble to navigate to and continue beyond are referred to as affordable frontiers. With this,
we offer the following key insight: A robot can reason further by learning to identify
distant affordable frontiers as intermediate goals.

We propose improvements to current heuristic-based approaches by learning af-
fordable frontiers in the image space. Specifically, we leverage the SAM2 foundation
model [77], pre-trained on a large corpus of image data, to generate meaningful camera
image embeddings. These embeddings capture notions of scene segmentation, invari-
ant to lighting, camera angle, and texture. We train a small, LRN-specific decoder to
predict long-range affordance heatmaps in a goal-agnostic manner. We then project the
heatmaps into heat scores for different headings the robot could follow and re-weight
each heading based on the goal context. The top scoring direction is passed to the local
system as a heading to follow to reach the goal. We refer to our method as Long Range
Navigator (LRN), depicted in Fig. 4.1.

4.2 Problem Statement

We assume the robot perceives its environment from its local sensors (e.g. camera,
lidar), and is tasked with navigating to a distant goal g € G in a static, unknown envi-
ronment. The robot is equipped with access to a local policy 7y : S — A, that maps
the state s to primitive actions a € A and plans under a cost function C : (s,a,s") — R.
Planning is limited to some horizon H due to sensor or compute limitations. We as-
sume the policy receives an observation o, plans, executes an action, and replans at
some frequency in a model predictive control fashion. As it executes actions, the robot
creates a path ™. The objective is to minimize the expected cost of navigating to the
goal in an unknown environment ¢.

J(€™) := argminEp c@)]

4.3 Related Work

4.3.1 Near-to-far Learning

Near-to-far learning is a well-explored technique for extending the sensing range be-
yond dense sensing required for traditional Cartesian maps [27; 62; 63; 7; 108; 129].
It relies on two key observations: cameras provide long-range sensor information,
and sensing near the robot is reasonably accurate. As such, these approaches train
an image classifier to distinguish traversable and non-traversable terrain. Training is
self-supervised by using accurate near-range sensing to provide labels for previous
timesteps when the observed region was far away from the robot. Once classified, a
planner is run directly in the image space [116; 66; 69] or image regions combined with
sparse stereo data are down-projected into a polar perspective map [7] that enables
use of a geometric planner. Image space planning enables longer ranges beyond stereo
limits but suffers from common failure cases such as occlusions and small localization



errors. Projection does not suffer from these issues (because of depth information)
but is limited to the range of depth sensors, and far-away map cells become coarser,
preventing detection of small openings like paths through trees. More recently, FI-
TAM [27] forgoes the need for depth and directly predicts the likelihood of various
cost classes for cells by learning a mapping from vertical image slices to cell classes.
This shows depth is not necessarily needed for coarse (25 m) mapping. However, like
other near to far methods, this approach can still miss narrow openings due to map
coarseness.

4.3.2  Subgoal Planning

These works [96; 33; 124] focus on planning to subgoals or frontiers. Most similar to
our work is Stein et al. [96] which learns whether a subgoal will reach the goal and the
cost to go. The model is trained in simulation to map raw lidar sensor measurements
to cost to go, probability of reaching the goal, and exploration cost. The full ground
truth map is used in conjunction with a motion planner to get ground truth informa-
tion. This work was the first of its kind to show that one can learn a mapping from
raw sensor data to viable frontiers. In this work, we aim to take the same ideas but
apply them to different sensor data (cameras) and in outdoor environments. One work
that uses camera data [76] learns where the robot can and can’t go by backprojecting
where the robot went into the image space in video game worlds. This shows promise
that cameras can be used effectively for subgoal selection. We would like to leverage
a similar approach but in real-world scenarios without perfect depth data to enable
backprojection.

4.3.3 End-to-End Visual Navigation

Visual navigation is the task of navigating a robot primarily from camera inputs. These
approaches generally predict a target point ahead of the robot to navigate to [59; 87; 95]
and may use a series of images to build a topological map [81]. These approaches are
notably myopic [59] or rely on pre-collected topological maps [87; 95; 81]. Finally, all
of these approaches are applied to smaller scale tasks at a maximum of 1 km from the
target whereas we are focused on much longer range tasks in the scale of tens of kilo-
meters. We show the limitations of these methods via comparing against NoMaD [g5].

4.3.4 Traversability Prediction

These works [32; 82; 46; 119] predict traversability in image space. While this is a
similar task to ours, traversability alone is not sufficient to find affordable frontiers.
We show this via comparing with the Traversability + Depth Anything V2 baseline.
Further, many of these approaches are trained in a self-supervised fashion by projecting
robot ego-trajectories into image space, similar to our training approach. We found
empirically projecting 2D trajectories can be sufficient for local traversability, but is too
noisy (small localization errors cause large shifts) for finding distant frontiers — hence
we instead opt for image tracking to get ego-trajectories.

37
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4.3.5 Cost Inpainting

These methods [86; 27; 60] attempt to inpaint cost in unknown space. This works par-
ticularly well because the model can leverage local context in making its predictions.
Notably [27] uses a diffusion model to predict a larger map given the local costmap
but does not use sensor information besides the costmap for prediction.

4.3.6 Learning From Videos

Prior works [52] demonstrate learning navigation subroutines from ego-centric videos
similar to our training scheme. However, these are more short horizon subroutines like
turn-left or go-through-door and do not reason about distant unknown space.

4.4 Long Range Navigator (LRN)

Core to our approach is the idea that, although the low-level controller policy 7t is
limited to a local horizon, useful sensor data beyond that horizon can still aid naviga-
tion. Consider a set of frontier states f € F at the periphery of the horizon H, which
borders known/unknown space as shown in Fig. 4.2. Under the optimal substructure
property [19], if we know the optimal frontier node f*, which lies on the optimal path
from start to goal and 77, is optimal up to H then 7r) planning to f* is acting globally
optimally. In practice, this is very hard, because 7ty will usually be sub-optimal and
f* depends on unknown information not detected in any of the robot’s sensors (e.g.,
backside of a hill). That being said, there may exist information within the robot’s sen-
sor range that can help estimate affordable frontiers, which seem possible to navigate
to and continue beyond.

To estimate affordable frontiers from state s, we first define the value of a frontier
f given a goal g as V(s, g, f). This can be decomposed into two parts, namely A(s, f)

Figure 4.1: Overview of LRN. LRN
is fed with egocentric camera
images and a goal heading vec-
tor. It is composed of the follow-
ing components, 1) Affordance
Backbone: computes affordable
frontiers in the image space as
heatmaps agnostic of the goal.
These affordance hotspots are
then projected into a discrete set
of affordable headings for the
robot to follow, 2) Goal Condi-
tioned Head, wherein the affor-
dance scores are multiplied with
a discrete gaussian score around
the goal and a separate gaussian
around the previous prediction
The
maximum combined score head-

(to maintain consistency).

ing (red) is selected. The local
system can then use that frontier
as a goal for local planning in-
stead of the true goal. This pro-
cess repeats as new sensor infor-
mation comes in.



A(s, f) = P(3¢s5) P(3Ksg, 39 | d(s,9) > H)

and D(f,gt), as shown in Fig. 4.2. For clarity, a specific navigation goal at time ¢ is
denoted g;. Formally,

V(s,8 f) = Als, f) D(f, &) (4.1)
Als, f) = P(38sf) P(3Csq, 38 | d(s,8) > H), (4-2)

where A(s, f) measures the affordability score. This score is computed by multiplying
the probability there exists a path from s to f and the probability there exists some path
from f to some distant goal ¢ beyond the local horizon H. D(f,g;) measures the cost
estimate of navigation from the frontier f conditioned on the goal. Given, V(s, g, f)
and 77y, we can define the policy we seek 7.

fr =argmaxV(s,g, f) (4-3)
feF
7(s,8) = ma(s, fr) (4-4)

LRN is a bi-level system, with two components: one to estimate A(s) = [A(s, f)] rcr
and the other to estimate D(f, g;). We implement the first component A(s) to estimate
all affordance scores via a learned mapping from camera sensors to affordances (selective
attention) in the image space. The second component scores frontier states given a goal
context. The overall algorithm is depicted in Alg. 1. In practice, we discretize the space
around the robot into angular bins, which constitutes the space of frontiers F.

Evaluating world space frontiers using image data can be challenging due to poten-
tial projection errors or occlusions when trying to project frontiers into the image space.
Besides, frontiers may not clearly associate with important features in the image. For
example, there may be a distant opening in the trees that the local costmap has not
yet reached. The frontier may be in an open area far from the treeline, so evaluating
its affordability will require relating it to information far from the frontier in image
space. Further, we would like to leverage pre-trained foundation models to maximize
performance, and many like SAM2 [77] and DINO [67] operate in image space. For
these reasons, we propose instead to learn an intermediate representation of affordable
image frontiers and project them to local frontiers.
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Figure 4.2: LRN’s formulation
of the long-range navigation
problem. LRN learns the value
estimate V(s, g, f) using afford-
ability score A(s,f) for each
frontier and the cost to goal esti-
mate D(f, gt).
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Image frontiers are converted to (world) frontiers by projecting them to a ray using

camera intrinsics (we assume no reliable depth is available) and selecting the point

at

a distance H along that ray. The projected image frontier is not where the image

point truly is in 2D space. So to make this projection reasonable for navigation, the

affordable image frontier must have a clear line of sight path from the projected point

at
is

distance H to the true 2D point associated with the image frontier. This property
impossible to enforce perfectly without a prior map. Instead, we approximate it by

learning a mapping from images to affordance heatmaps via automatic data labeling

and human annotations.

Algorithm 1 LRN: Long Range Navigator

Require: k angular bins, start s+, goal g, goal stdev g, prev stdev 0, EMA &

1.

2!

10:
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12:
13:
14
15:
16:
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Phase I- Supervised Pre-Train Affordance Backbone
Input Dataset D, of ego-centric videos

: Track Dy into D¢ of trajectories

: Convert D¢ into D of (image, heatmap) pairs

: Train A(s) on D via supervised learning

: Phase II- Online Control with Dynamic Planning

S < Sstart

D p = [1]?:1

: while s # 50, do

b iltered < Affordance Backbone(s)

g [N(xig o),

A bfiltered *g*Pp
fr < argmax (v)
anr 7T/\(S,f7-()
s < Execute(s, a)

k

P« [N fr, o)),

Algorithm 2 Affordance_Backbone A(s)

Require: EMA «

heatmap < PredictHeatmap(s)

b < Project(heatmap)

bnorm — b/ Z?:l bi

bfiltered = &« bporm + (1 - ‘X) * bfiltered
Return byisered

4.4.1 Learning Affordances

To train the affordance backbone we frame it as a supervised learning problem. We

ke

ep the SAM2 image encoder frozen and only train a small convnet that maps the

SAM embeddings to a grayscale heatmap image at full resolution. The model is trained



via a an mean squared error (MSE) loss with L2 regularization. MSE is computed
between the predicted scores and the ground truth heatmaps with values ranging from
o (not affordable) to 1 (affordable frontier). Note, we used SAM2 [77] for Racer Heavy
tests and the lighter-weight MobileSAM [128] for Spot tests due to compute limitations.

To get the ground truth affordance heatmaps we explored both hand labeling and
auto labeling. For hand labeling, we asked a human to select points in a given front
facing image that satisfy three qualities:

1. Points are at the edge of visible space.

2. There is a reasonably high likelihood of the given robot being able to reach said
point. For example, the point isn’t behind an impassible obstacle.

3. There is a reasonable likelihood of the robot being able to continue beyond that
point. For example, the point is on the crest of a hill not in front of a wall.

Humans selected points via a simple GUI (Fig. 4.3) that provided additional sensor
data, but only required labeling the front image. Example human labels compared to
learned heatmaps can be found in Section 4.6.4.

Left Camera Front Camera

Right Camera

E—7

o

4.4.2  Learning Affordances from Unlabeled Videos
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Figure 4.3: Labeling tool for af-
fordance maps. The red lines in
the center image are labeled af-
fordable frontiers. Side images
are for additional context but do
not get labelled.

While we show results from learning image affordances from hand-labeled data (Fig. 4.10),

this approach proved to be tedious and scales poorly with more data. This raises the
question - can we learn such affordances from unlabeled videos? Concretely, we utilize unla-
beled ego-centric videos to generate affordable image frontiers. The key insight here is
that to generate labels analogous to human-annotation, the end of a trajectory should
be representative of a good frontier from the starting state of this trajectory. To get such
trajectories in image space we leverage the video based tracking scheme discussed in
Chapter 5.

Once points are tracked, heatmaps are generated by taking the affordable frontier
image points and marking them as 1 (affordable hotspot) and the rest of the trajectory
as o (not affordable frontier). All other pixels remain unlabeled, and predictions there
do not contribute to the loss. We found further marking the vertical column around
the affordable hotspots as o reduced false positives, particularly in the sky.
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4.4.3 Goal Conditioning

Given the affordance heatmaps from each camera, we project the scores into a discrete
set of angular bins via the camera’s intrinsics. For each bin LRN takes the sum of scores
falling in that bin for the given camera. Bins with scores less than a threshold hyy,gy,
are set to 0. The max is taken for overlapping bins between cameras, then the scores
are normalized. Finally, a exponential moving average (EMA) filter is applied with a
weight w to filter scores over time reducing fluctuations. If a vector of k discretized bin
scores is denoted as b, then

_b
Zi'{zl bi
bfiltered = bnorm + (1 - D‘) . bfﬂtered

b= [bl/ b2/- . '/bk] bnorm =

The goal conditioned cost function (Fig. 4.1) takes in b ey the goal angle g and the
previous selected heading y,. The goal heading and the previously timestep’s selected
heading each define a Gaussian score centered on y¢ and p, previously. Similar to how
the EMA filter reduces fluctuations in the individual scores, the previously selected
heading is used to reduce fluctuations in the final selected heading. We apply these
functions to the discrete bins to obtain a goal cost vector and a consistency cost vector
for k angular bins.

k k
8= [N(xig o]y p=[NGifrop)lig
Where, 0y and 0, are both fixed parameters. Finally all the vectors gets multiplied

together to obtain final scores. The maximum scoring angle is then selected.

f?‘[ = arg max(bﬁltered g P)

4.5 Experimental Design

In this section, we instantiate LRN in two practical setups—Spot and a Racer Heavy plat-
form—both operating outdoors. We designed our experiments to answer the following
research questions:

[Q1.] Can the intermediate affordance representation proposed in LRN exhibit more
efficient navigation capability as compared to other approaches? (See Sec. 4.6.1)

[Q2.] Considering the connection between the quality of the affordance model against
system performance, do better affordances lead to more efficient paths? (See Sec. 4.6.2)

[Q3.] How does auto-labeling versus human labeling affect affordance quality? (See
Sec. 4.6.3)

4.5.1 Local Policies

For both platforms” local policies, we follow a traditional perception, planning, and
control pipeline where perception creates a metric costmap, planning finds a path
through it, and control roughly tracks that path re-planning with new information.



Offroad Vehicle Heatmaps Spot Heatmaps
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Spot We leverage Elevation Mapping CuPy [61], a fast elevation mapping software.
The local elevation map is a square with 16 m width/height and created from a com-
bination of depth cameras and an Ouster OS1 lidar . The elevation map is converted
to a costmap for planning by mapping slopes to cost via simple rules. We then use
an ARA* planner [55] over a lattice to plan a path through that map. A carrot point
3 m ahead along the planned path is used to compute a body frame velocity, which is
passed to Spot’s internal navigation system. The internal navigation system handles
locomotion and performs some obstacle avoidance.

The entire stack and LRN are run on a Jetson Orin AGX in real-time. To achieve real
time performance LRN uses a MobileSAM image encoder [128] and achieving a 4 Hz
inference with autonomy also running. At runtime LRN performs inference on both
raw front and rear fisheye lens from a Insta36o camera. Once a heading is computed,
it is sent to the planner as a goal just outside of the costmap boundary.

Racer Heavy We deployed on a Racer Heavy platform. It is a 12 ton tracked vehicle
equipped with three front-facing cameras and one rear camera amongst other lidar
and odometry sensors. The local stack in this demonstration was a heavily optimized
perception planning and control stack with a circular costmap of radius 50 m. The
search-based planner will plan to the goal but stop once it reaches a frontier node
at the edge of the costmap within a short tolerance. This allows the planner some
flexibility in case an obstacle is blocking the exact goal. LRN was run on all four time-
synced camera images. We opted for a larger SAM2 [77] image encoder which ran at
4hz with the autonomy stack running.

4.5.2 LRN Training

Spot We collected data in two semi-urban environments using an Insta36o camera.
In total, we recorded 54 minutes of video. Because the points of interest lie on the
ground, tracked points can drift over long durations. In order to have clean data, we
chopped the videos into 2 minute segments. The videos were then processed by our
automatic labeling pipeline to produce a dataset of 92,711 heatmap labels.

Racer Heavy The Racer Heavy experiment used an early version of LRN trained on
human labeled data. The dataset was 1,901 human labeled heatmap images from a
California oak savanna. Notably, the labeled images were only front-facing camera im-
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Figure 4.4: Example Heatmaps
computed by LRN. The two im-
ages on the left show examples
from the Racer Heavy. Blue is
lower confidence and red is high
confidence. LRN finds affordable
spots between trees and on hill
crests. On the Spot dataset on
the right LRN correctly puts high
score on the two forks in the
road and to the side of bushes.
For more qualitative results see
Section 4.6.4.
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ages from a different Racer platform than our deployment platform. We asked humans
to label all affordable frontiers in each image. Human selected regions that were posi-
tive labels and the rest of the image is assumed negative. We additionally added some
Gaussian blur around positive labels, as we found the smooth transitions helped with
training. To improve robustness to visual variations, we further augmented the dataset
by applying random color jitter, sharpness adjustments, rotations, and blur, increasing
the dataset size to 11,406 images.

4.5.3 Goal Conditioned Head

Spot For the goal-conditioned level we use an angle discretization of 5 degree width
bins, hyyesn = 0.7, « = 0.1, 0g = 90, and 0, = 110. Additionally, to avoid walking past
the goal we implement two additions. First, when the robot is within 3om of the goal it
linearly reduces the o based on its distance to goal. Second, when the robot is within
12m of the goal it switches to heading straight to the goal.

Racer Heavy We use an angle discretization of 5 degree width bins, hy,.s;, = 0.15,
a = 0.1, og = 70, and 0, = 100. Within 75m of the goal the robot would switch to
heading straight for the goal. There was no linear decrease in ¢y like with Spot.

4.5.4 Baselines

Goal Heuristic is a simple baseline that plans the shortest path to a set of points at
the edge of the costmap nearest the goal. Goal Heuristic is implemented using the
Goal Conditioned Head of LRN but by providing a uniform distribution for byjjereq SO
as to focus comparison on the image affordances from LRN. This approach is most sim-
ilar to the common approach of assigning a (reasonably high) fixed cost to unknown
space [73] and planning the shortest distance (straight line) to the goal. But by just
planning to points at the edge of the costmap near the goal it removes the need to
actually run search through a uniform unknown space.

NoMaD [95] is a state-of-the-art diffusion policy that predicts a trajectory from a ego-
camera view and a goal image. We fine-tuned it on data from the same biome as
our test sites and left Spot’s internal obstacle avoidance active while forgoing the local
stack, as NoMaD’s designed to handle perception-to-control end-to-end. NoMaD has
been shown to excel when a dense topological map is available, but our off-road ex-
periments provide only a single goal image with no prior map. This mismatch exposes
the challenges of long-horizon navigation in unmapped outdoor terrain.

Traversability + Depth Anything V2 is a combination of traversability estimation and
monocular depth. The intuition is that distant traversable points should be hotspots.
We first normalize their individual scores. Depth is only normalized in regions that
have a non-zero traversability. We then multiply the scores to produce a heatmap sim-
ilar to LRN and threshold the values, which are then used instead of the LRN hotspots.



Traversability

Monocular
Depth

The monocular depth model we used was Depth Anything V2 base model [125] which

Combined
Heatmap

was the largest model we could run at a reasonable rate on the Orin AGX.

For Racer Heavy, we chose the V-Strong [46] traversability model, which had been
trained for the California hills environment. For Spot, a V-Strong model was not avail-
able so we trained a traversability model using the same model and training as LRN,
but instead of considering only the hotspot to be 1 in the loss, we mark the whole tra-
jectory as traversable. To improve traversability further, we take a trick from V-Strong
and expand the traversable region by making a SAM mask seeded from the robot’s
path.

Fig. 4.5 shows the intermediate outputs that lead to the final heatmap scores on
Spot. As shown, traversability reasonably covers the accessible terrain but emphasizes
regions directly in front of the robot, likely due to training trajectories heading straight
out. Monocular depth gives reasonable values but becomes foggier further from the
robot. Combining and thresholding the two tends to produce heatmaps that resemble
LRN (e.g.
instability in hotspot locations.

column 3), but tend to have fluctuations in depth prediction, leading to

4.5.5 Real World Robot Evaluation

For Spot, we evaluated against all baselines; for Racer Heavy, only against the Goal
Heuristic. All LRN test sites were unseen during training, though drawn from environ-
ments similar to the training set.

Spot To illustrate the challenges of using a limited range metric map, we found spe-
cific scenarios in semi-urban environments that showcase the failures practitioners
would encounter with a Goal Heuristic. We tested on three courses: dump, night,
and helipad as seen in Fig. 4.6.

45

Figure 4.5: Traversability +
Depth Anything V. Blue
indicates more traversable re-
gions, while Red indicates less
traversable areas. Similarly for
depth, darker is closer and
lighter is further. The resulting
heatmap is thresholded to fo-
cus on hotspots, but this thresh-
old can be overly conserva-
tive, sometimes leading to no
hotspots (e.g. column 1).
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Dump: This site has a big wall (similar to a classic bug trap) and the goal is behind
it 6om from the robot’s start position. The local system has good perception within its
local map but the wall is outside the range of the local system until it gets close.

Night:
a bridge and get to a point on the other side of the river 57m away. The straight line

This night course is partially lit by overhead street lights. The robot must cross

between the start and the goal is blocked by a wall of bushes and the river. Further left
is a wide bridge that crosses the river.

Helipad: In this course, the robot must get to the other side of the helipad 82m away.
The environment is an open field except the straight line between the robot and the
goal is blocked by a wall of bushes.

Each approach was tested for five trials per course due to limited testing windows
given weather and human traffic constraints. We evaluate the performance via Total
Distance, Human Interventions, and Total Time. Human interventions were taken
when the system was not making progress or the robot was entering a dangerous
situation. Interventions were performed by facing the robot towards the goal and
seeing if it will head in a reasonable direction autonomously. If not, we would walk
it towards the goal until we saw a reasonable navigation plan. As the focus is on
long-range navigation, we did not count interventions where local perception failed to
perceive an obstacle.

Racer Heavy The Racer Heavy test was intended as a more holistic test of LRN on
a full system. Thus, we provide each approach with a single waypoint 660 m away
crossing three hills two of which have dense clusters of trees that should be avoided.
We use similar metrics and guidelines for human interventions as Spot. Given time
constraints, we were only able to run each method for one trial demonstrating the
system but not fully testing it.

Figure 4.6: GPS plots of LRN
and Goal Heuristic Baseline
Where the
Goal Heuristic blindly charges

on each course.

towards the goal, the LRN makes
earlier decisions to avoid diffi-
cult terrain. The bottom right
circular images heatmaps over-
laid on image observations. In
the dump and night scenario,
there is high score to the side
of the wall and on the sidewalk
to the bridge. For the helipad
course, the LRN incorrectly puts
some heat on the bushes also,
highlighting some sub-optimal
LRN predictions.
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4.5.6  Offline Evaluation

To evaluate the quality of affordance heatmaps learned offline we perform an evalu-
ation on a human labeled test sets of 330 images for Spot and 315 images for Racer
Heavy unseen during training but from the same environments. Since no other affor-
dance heatmap predictor exists to our knowledge, we compare against Traversability
+ Depth Anything V2 [125].

To evaluate these methods we binarize the target heatmaps with a threshold of o.15.
We use Area Under the Receiver Operator Curve (AUROC), F1 score, Precision, Recall,
False Positive Rate (FPR), and False Negative Rate (FNR). All metrics are [o, 1].

4.6 Results

We perform 5 tests per approach on Spot for a total of 60 trials. For ablation, we
perform an additional 30 tests at the dump test site with 5 trials per heatmap threshold.
Below we answer the research questions.

4.6.1 [Q1.] Can the intermediate affordance representation proposed in LRN exhibit

more efficient navigation capability as compared to other approaches?

We first investigate the efficacy of LRN when compared to the baselines described in
4.5.4. For Spot, we report in Fig. 4.7 that LRN outperformed Goal Heuristic on all met-
rics on the Dump and Night courses and was comparable on the Helipad course. Com-
pared to Trav. Depth and NoMaD LRN outperformed on Dump and Helipad mostly
and saw competitive performance on Night course. LRN, Trav. Depth and NoMaD see
a higher total distance in Helipad compared to the Goal Heuristic due to these pre-
dictive models switching directions more frequently causing wandering. Finally, we
see no interventions with LRN on any course whereas all other methods incur some
human interventions. Qualitative analysis shows in Fig. 4.6 that LRN can make earlier
decisions to avoid large obstacles compared to Goal Heuristic highlighting its longer
range reasoning ability (See Section 4.6.4 for more qualitative results). The GPS paths
for LRN visibly are more jagged, particularly in helipad due to some switching of LRN
directions which slows the robot down.
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Figure 4.7: Comparison of LRN,
Goal Heuristic, Trav. Depth,
and NoMaD on Spot tests. We
report average and 95 % confi-
dence intervals for 5 real world
experiments. Time and Distance
suboptimality are with respect
We
use asterisks * to denote statis-
tical significance : *p < 0.05,
p < 001, **p < 0.001, and
¥ p < 0.0001

to human baseline runs.
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Algorithm Interventions Avg./Max Speed (m/s) Distance (m) Time (s)
Goal Heuristic 1 4.02 / 8.09 941.79 247.00
LRN 4.98 / 8.66 1435.09 289.00

For the Racer Heavy, we report in Table. 4.8 that LRN achieves a higher average and
max speed while having zero interventions. This is likely arrises because LRN opts
for a longer but more open route around dense and difficult terrain. While this test
was only of sample size one, we think this shows promise in LRN’s ability to work in
real navigation tasks with a full system. Qualitative analysis in Fig. 4.8 shows the Goal
Heuristic baseline (orange) heads straight into the treeline on the second hill. Luckily
it backs out and finds a path, only to get stuck on the next hill trapping itself. This
required a 60 m human intervention from which it completed the course. In contrast,
LRN (blue) found a clear opening on the second hill, avoiding the tree line. On the third
hill, it opted to circumvent the entire dangerous tree line. Once past the treeline, it
started heading to the goal but found greater heat Southward veering it off course but
eventually finding the goal without intervention. This missed turn is likely due to our

Figure 4.8: Full-scale LRN and
Goal-Heuristic demonstra-
tion. Paths taken by baseline
Goal-Heuristic and LRN systems
given the same start and goal.
The intervention and human
teleop for the Goal-Heuristic
was due to it pushing into
dense trees near a ditch. The
LRN avoids the dense forests
on all the hills, but misses an
opening toward the end and
takes a slightly longer path to

the goal.
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fixed oy, which weighted the goal the same no matter how close the robot is.

Further, we report offline test results on test sets shown in Table 4.1. We observe
that LRN outperforms Trav. Depth for all metrics. We note that the performance for
both Racer Heavy and Spot is better in the human labeled data. This is not surprising
as any error in approximating the correct affordances induces a bias thereby impacting
performance. When trained with human-expert labeled data, LRN can be viewed as
equipped with oracle affordance labels, resulting in better performance.

Remark I: Through these experiments, we see LRN drives down interventions and
tends to take shorter paths by seeing and avoiding dangerous terrain early suggesting
it can improve overall navigation performance.

Remark II: We note that LRN’s performance depends on the accuracy of the affor-
dance model. Having access to perfect affordances e.g. in human-expert labels used
for training in Racer Heavy induces lesser bias and therefore better performance. In
contrast, automatic labeling of affordance labels while less burdensome can result in
less accurate affordances, and therefore induce higher bias. We see this performance
gap in offline evaluation shown in Table 4.1. In Spot Results, LRN sometimes exhibits
switching and wandering behavior chasing various affordable frontiers. This is in part
due to not modeling the correct affordances. We note wandering can also be the cause
of improper tuning of the goal conditioned head or the goal conditioned head not fully
capturing the true goal-conditioned cost.

4.6.2  [Q2.] Considering the connection between the quality of the affordance model
against system performance, do better affordances lead to more efficient paths?

To evaluate the connection between affordance quality and navigation performance,
we perform an ablation study on the Dump course as shown in Fig. 4.9. To vary the
affordance heatmap quality, we adjust the heatmap threshold &g, in the range o
to 1.0. At o, much of the environment is predicted as affordable, causing the robot
to take a more direct path to the goal-often getting stuck in local minima like the
Goal Heuristic. At 1.0, almost none of the environment is deemed affordable and the
robot switches between heading directly towards the goal and a random hotspots that
appear infrequently. Between those extremes, we see how hy,,.s; best tuned for the
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Figure 4.9: Better affordances
can lead to more efficient paths.
We modify the heatmap thresh-
old affecting the affordance set
size. Low threshold means LRN
considers more potentially poor
options ie. everything is af-
fordable. High threshold means
very few or no options i.e. noth-

Ritnresh
0.7 gives the optimal affordance

ing is affordable.

heatmaps resulting in shorter
travel distances for LRN. We fit a
line (not shown) from threshold
0.0 to 0.7 an find there is a corre-
lation (p < 0.05) between affor-
dance quality and traversal dis-
tance.
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System Metric LRN Auto LRN Hand Trav. Depth

Racer Heavy AUROC 1 0.63 0.84 0.56
F1 71 0.11 0.52 0.09
Prec. 1 0.08 0.51 0.07
Rec. T 0.17 0.52 0.13
FPR | 0.03 0.01 0.03
ENR | 0.83 0.48 0.87

Spot AUROC 1 0.93 0.77 0.61
F11 0.10 0.32 0.14
Prec. 1 0.06 0.30 0.14
Rec. T 0.35 0.35 0.13
FPR | 0.01 0.0 0.0
ENR | 0.65 0.65 0.87

system directly translates to the best navigation performance.

Remark III: By adjusting the heatmap quality via e, We see a correlation be-
tween improved affordances and improved navigation performance, indicating that
there is an intermediate affordance value of affordance set size, that drives most gains
when compared to the Goal Heuristic. Considering almost all directions as affordable
or few affordable both can hurt the system which is intuitive. But we note, better af-
fordances may not always lead to shorter paths as LRN is a heuristic that cannot predict

what the environment will be like beyond view.

4.6.3 [Q3.] How does auto-labeling versus human labeling affect affordance quality?

We report offline test results in Table 4.1. We note that the performance for both
Racer Heavy and Spot is better in the human labeled data. This is not surprising,
since auto-labeling errors bias affordance estimates and degrade performance. When
trained with human-expert labeled data, LRN can be viewed as equipped with oracle
affordance labels. “Nonetheless, both hand- and auto-labeled LRN outperform Trav.
Depth across all metrics, suggesting auto labels still provide a useful learning signal.
This is supported by Spot test where LRN, trained only with auto-labels, outperformed

other methods.

Remark III: We note that LRN’s performance depends on the accuracy of the affor-
dance model. Having access to perfect affordances e.g. in human-expert labels used
for training in Racer Heavy induces less bias and therefore better performance.

In contrast, while auto-labeling reduces effort, it can yield less accurate affordances—-
resulting in higher bias, as seen offline and in Spot’s wandering behavior. That being
said, empirical Spot results suggest auto-labels still provide sufficient signal to improve

navigation performance.

4.6.4 Additional Qualitative Results

Racer Heavy Heatmaps A sample of qualitative heatmap results can be found in
Fig. 4.10. Traversability + Depth Anything V2 has varying levels of performance. In

Table 4.1: Classification met-
rics for heatmap backbone
on test set. Prec. and Rec.
stand for Precision and Recall.
The Fi1/Prec/Rec/FPR/ENR/
are from the highest scoring
heatmap thresholds for each
method: Trav. Depth and LRN.
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Figure 4.10: Racer Heavy

Label heatmap predictions compared
to human-labeled heatmaps on
the test set.

LRN

Trav.

Depth

the leftmost image, it finds distant hills traversable and thus predicts them as a high
score, not considering the uncertainty of getting to the hills. Right of that, it predicts
sky as traversable and distant. This happens on and off and is due to fluctuations in
depth predictions from Depth Anything V2. In the next two right images, it gets close
to the correct hotspots but has no reasoning for whether the robot can continue from
that point, thus marking paths leading into dense trees as traversable.

LRN, in comparison, gets much closer to the human labels, identifying key openings
between trees. While it mostly gets the correct hotspots, it tends to smooth the heat
between them more than the true labels, resulting in some heat on undesirable areas.

Figure 4.11: Spot heatmap pre-
dictions compared to human-

Label

labeled heatmaps on the test set.

LRN

Trav.
Depth

Spot Heatmaps Qualitative heatmap results are presented in Fig. 4.11. As shown,
Traversability + Depth Anything V2 is very sensitive to fluctuations in depth predic-
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tion, sometimes giving no hot spots in the heatmap, whereas LRN tended to be more

stable. LRN also seemed overly optimistic compared to human labels, which we think
contributes to some of the switching behavior in real-world tests.

OOD Qualitative Results Although our method enables fast re-training in a new en-
vironment, we expect the vision-backbone model to generalize somewhat to OOD con-
ditions. Fig. 4.12 shows a few examples in diverse environments with various biomes
(urban/forest), lighting conditions (night/day), and slopes (hilly/flat). The model was
trained on data from walking around a park, which had some overcast/sunny skies,
flat ground, and brown winter vegetation. Though OOD predictions are lower con-
fidence, they still identify promising frontiers—highlighting the strength of vision
foundation backbones.

Spot Qualitative Runs Fig. 4.13 shows sample paths each approach took on all courses.
As shown, there were multiple interventions for the baselines because the robot got
off course and needed to be corrected. We also see variations in performance of

Figure 4.12: OOD predicted
heatmap examples. Shown are
images with a o.5 threshold on
heatmaps (nominal 0.7) to allow
for lower-confident OOD predic-
tions.

Traversability + Depth Anything V2 and NoMaD across courses. For example, Traversabil-

ity + Depth Anything V2 does quite well in the Night course but on Helipad incurs a
lot of wandering due to the more open environment.

4 Night N Helipad N

\ A A 57m_ 5 82Hl

s RN === Goal Heuristic === Trav. Depth === NoMaD 3{ Intervention @ Start @ Goal J

Figure 4.13: GPS plots of all ap-
proaches on each course. Many
of the baselines incurred inter-
ventions for going off course
and exhibit various degrees of
wandering



4.7 Limitations

While LRN has shown better overall long-range navigation, our method is not without
its limitations. Here, we discuss key failure modes.

First, LRN does not reason about depth explicitly. Without depth, we are implicitly
assuming that the angular distance to goal from an LRN hotspot is a sufficient proxy
for distance to goal. This assumption can break when two or more hotspots are equal
angular distance from the goal heading, but in reality, one is much closer to the goal.
This appears as occasional wandering on the Helipad and Racer Heavy courses due to
open environments with many hotspots in LRN predictions. That said, LRN recovered
by eventually finding more direct hotspots and reaching the goal without intervention.
Beyond incorporating depth, this issue can be addressed by adding a detector for
wandering behavior and reducing ), encouraging sticking to one decision or reverting
to Goal Heuristic until fluctuations in LRN stabilize. A good signal for this is non-
monotonic erratic fluctuations in distance to goal, which may not always be decreasing
(e.g. going further around an obstacle), but should change smoothly.

Second, LRN can exhibit switching behavior due to fluctuating heat scores. Small
fluctuations in score between two very different directions cause the robot to switch
back and forth. This problem motivated the EMA filter and previous heading gaussian
score, but we found it does not completely alleviate the issue, and more exploration is
needed. We would like to explore learning the goal conditioned head with history to
see if it can learn to maintain consistent headings.

Third, while some heatmaps seemed reasonable in online tests, we noticed more
optimism from the Spot model where it puts heat on obstacles near an opening. We
attribute this to the automated labels, which some have small tracking errors putting
heat on the edges of openings. Future work on reducing tracking error or filtering bad
labels could improve performance on this front.

Finally, LRN is a heuristic for exploring unknown space. While we show it can be an
improved heuristic over other methods, all heuristic frontier approaches suffer from
not truly knowing the whole environment. Thus, the LRN cannot guarantee improved
performance because a frontier that looks good from one perspective may actually
lead down an unseen bad path. Incorporating history into the LRN could help, so if the
robot reached a dead end it could remember a previous hotspot and backtrack to that
position.

4.8 Research Questions

RQ3 Using only on board sensing, is it possible to traverse a similar path as one
planned using privileged global information?

Early on in this work, we tried comparing to a global planner that had access to geospa-
tial information. We found the plans were suboptimal compared to human paths due
to inaccuracies in the geospatial information. Thus, in Fig. 4.7 we opted to compare
directly to human paths from people who had seen the whole course. Given that, we
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see it is possible to traverse paths close to human performance on simple courses (dis-
tance suboptimality close to 1.0) and better than most other methods. In particular, LRN
avoids interventions much like a human would by avoiding dangerous terrain, most
notably in Fig. 4.8.

As noted in Section 4.7, LRN is a heuristic for exploring unknown space. And all
heuristic frontier approaches suffer from not truly knowing the whole environment.
Thus LRN cannot guarantee improved performance because a frontier that looks good
from one perspective may actually lead down an unseen bad path. This is true for all
navigation strategies that rely on partial information, so while it is possible to traverse
paths similar to one’s with privileged information, it cannot be guaranteed in large
more complex environments.

RQgq Where is long-range navigation not useful?

The intuitive answer is that long-range navigation is not useful when the robot’s visi-
bility is limited. While somewhat true, through this work we find there is more to the
story. First, in tighter spaces where there is little sensor data beyond the local map, like
some of the forest on the Racer Heavy test, LRN finds reasonable openings for the robot
to choose between. While these openings are visible in the costmap, the additional sig-
nal for planning to head to one in particular does not seem to hurt performance with
the robot reaching the goal just fine. It is possible this could improve robustness as
LRN serves as second form of perception, finding openings in tight spaces. Second, in
very open spaces, LRN experiences wandering, seeing many possible directions at once
and struggling to prioritize. This is particularly unhelpful when the goal is visible and
the robot should just head directly toward it. We note these scenarios are specific to
LRN; incorporating depth or other methods may help prevent wandering. Additionally,
adding some check for if the goal is visible based on its distance and coarse depth.






5
Fast Adaptation From Videos

This chapter addresses RQs5: how to rapidly adapt with new off-robot experiences to
make better decisions under uncertainty. As shown in Chapter 3, uncertainty reasoning
is important for robust performance during deployment. However, reasoning about
uncertainty at deployment addresses only half the challenge. The other important
factor is reducing uncertainty. This chapter explores how to rapidly retrain perception
and planning models with new experiences to achieve accurate predictions in novel
environments.

5.1 Introduction

The traditional pipeline for building a learned robotic system involves collecting a large
data corpus of data, train perception models, tune controllers, and deploy. For this to
work, practitioners assume the training data comes from the same distribution as the
deployment environments. In the off-road setting, this can be difficult in practice. Off-
road environments span diverse biomes, but no comprehensive driving dataset covers
them all-—and assembling one would be prohibitively expensive.

An alternative to zero-shot deployment is few-shot adaptation [72], where models
receive a small amount of deployment-environment data to fine-tune a base model.
Practically, this works well if the few-shot data is readily available or easy to collect.
Labeling semantic classes for fine-tuning classifiers can be arduous limiting how fast
the system can adapt in a new environment.

Multiple recent works have shown promise learning traversability models (an upper
bound on where the robot can and can’t go) from just the robot’s odometry and propri-
oceptive sensors (no labeling) [92; 32]. These approaches are great for when the robot is
in the deployment environment, but are limited to on-robot data. But off-road robots,
like the RACER Heavy can be large and difficult to transport making it expensive to
collect data. This motivates us to ask the following research question:

How can we quickly train off-road robots without robot specific data?

We make two key observations: First, terrain affordances and feasible trajectories are
largely predictable from visual cues of the scene. Vision alone can serve as a prior on
traversability and possible trajectories, while a handful of proprioceptive signals are
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sufficient to adapt that prior to the physical limits of a new platform. Learning from
visual cues removes the requirement of on-robot data, enabling practitioners to adapt
their system from videos taken in the environment.

Second, trajectories from ego-centric (first person view) videos naturally embed use-
ful navigation affordances. Where the human/car/robot went implies what types of
terrain are feasible and how to move in that terrain. Video trajectories can be ob-
tained through monocular slam, or point tracking, both of which we explore in this
work. This leads to our key insight: by distilling the implicit navigation cues con-
tained in egocentric videos into visual navigation priors, and then fine-tuning with a
handful of platform-specific proprioceptive signals, we can deploy off-road robots in
novel environments with almost no on-robot data collection—dramatically shortening
the adaptation cycle.

To this end, we propose a video-based pre-training framework that employs off-
the-shelf point-tracking to recover egocentric trajectories from first-person footage. We
show that the resulting trajectories are similar to ground-truth odometry and yield
comparable performance when used to train downstream traversability and trajectory
prediction models.

5.2 Problem Statement

Let V = {I;}]_, be a first-person video composed of T RGB frames I; € RT*"W>*3_ Our
objective is to create a trajectory estimator

f:V—P={ptL, pr=(unw),

that estimates the 2-D image path P of the filmer. The estimate P should act as
a drop-in replacement for the ground-truth path obtained by projecting accurate 3-D
odometry into the image.

P* = {pi}1,  pi= (),

Performance is measured only through downstream tasks. Let 7 denote a collection of
tasks (e.g., traversability estimation, future-path prediction); each task t € 7 provides
a learner A;(-) that maps a trajectory sequence to a hypothesis %, and a loss function
L¢(h, x) evaluating the hypothesis on samples x ~ D;.

We seek an estimator f that minimises the average discrepancy in expected task
loss between hypotheses trained with ground-truth trajectories and those trained with
video-derived trajectories:

1 *
argmin — Z ’]Eprt[Et(At(P ), x) — Ly (At(f(V)),x)} ’ .
f |T| teT
Note, this objective serves to provide clarity but we will not directly optimize it
because f is a algorithm not a function.



5.3 Related Work

5.3.1  Point Tracking

Point tracking follows 2D image points as the scene changes due to camera and object
motion. There are a variety of point trackers available for use [47; 23; 24; 113], and for
this work we leverage CoTracker [47], which tracks grids of points, enabling robust-
ness to individual point occlusions. Tracking is done from a learned model that finds
correspondences between consecutive frames. Point tracking has advanced greatly: it
now generalizes across scenes and track through occlusions. It has seen applications
in robot manipulation via imitation learning [114; 9; 120] and sim to real transfer [130]
but notably few works have used point tracking for navigation. The likely reason is
point tracking can only track effectively for short clips, and once the points are out
of frame they are lost. This work presents a way to re-initialize tracking to overcome
these challenges.

5.3.2  Monocular Slam

An alternative to point tracking for extracting trajectories is monocular SLAM [103; 14;
117; 64]. Monocular SLAM methods go beyond point tracking to reconstruct scenes
and predict camera poses in 3D. They work by training neural networks to find cor-
respondences between frames and estimate depth from the monocular image. Because
they are a full SLAM approach, they benefit from further global optimization and loop
closure, which can mitigate errors from individual predictions. While promising, many
of these approaches are trained on indoor or human-centric environments and struggle
with outdoor terrain. We compare to the leading approach MASt3R-SLAM [64] as an
alternative tracker.

5.3.3 Self-supervised Traversability Estimation

Self-supervised learning has emerged as a promising approach to improve off-road
navigation by estimating traversability. Near to far learning, discussed in Section 4.3.1,
is a self-supervised approach to predicting the traversability of terrain further from
the robot using high-confidence predictions near the robot. Similarly, multiple self-
supervised approaches have used onboard sensing (usually IMU) to train a learner to
predict terrain roughness or traversability [35; 115; 118; 45; 80; 46; 92] using RGB/depth
as input. In particular, methods like SALON [92] leverage foundation models to adapt
with only seconds of data. While these methods focus on adaptation with robot data,
we are interested in what adaptation can be achieved off-robot data.

5.3.4 Learning from Videos

Learning from videos has been a growing approach in robotic manipulation [50], but
less attention has been given to navigation. Notably, Kumar et al. [52] demonstrates
learning navigation subroutines from ego-centric videos. From ego-centric videos they
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extract routines like "turn left" via learning a inverse mapping from consecutive video
frames to latent actions. Our approach differs in that we are extracting interpretable
trajectories and using them for various downstream tasks.

5.4 Extracting Trajectories from Videos

5.4.1  Tracking

To extract 2D trajectories from videos, we leverage the strong tracking abilities of Co-
Tracker. CoTracker differs from other trackers in that it tracks a grid of points simulta-
neously. The motivation for tracking a grid is that many points are correlated in how
they move. This is particularly true when considering camera motion where all points
in a static scene will move together. That being said, CoTracker does not assume static
scenes and shows multiple examples of tracking moving objects and the background.

CoTracker works by tracking a fixed grid of points, noting when they become oc-
cluded. It is not possible to add points to the scene while tracking. This presents
two problems. First, how do we track points that go behind the camera as it moves
forward? Second, how do we add new trajectory points as the camera moves? The
first issue is easy to solve, we simply track the video in reverse. As the camera moves
backwards points will can be tracked until they become occluded. The second issue
can be solved by re-initializing the tracker whenever we want to add a new point. To
avoid losing prior tracks, we combine all existing points with the new point into one
grid, then re-initialize the tracker. This works provided we do not re-initialize points
that have significantly drifted or been occluded, since those would latch onto incorrect
scene regions. For a full description of the algorithm see Algorithm 3. Finally, we
add a point every few frames at the ground-center of the image (near the bottom) to
capture points right in from of the filmer. For best performance, a wide vertical FOV
or a camera pointing slightly downward is recommended.

1. Collect videos in environment

e~y

Image Space Trajectories '

2. Track ground points /7 reverse with Co-Tracker

Figure 5.1: Extracting Trajecto-
ries from Videos We collect ego-
centric walking videos and track
ground points in reverse to ex-
tract trajectories for training



5.4.2  Additional Tracking Improvements

To prevent drift, we set a low occlusion threshold and, as recommended in CoTracker,
track a local grid around each point in addition to the full-image grid. Since we are
tracking local square grids that get reinitialized we resize the grids based on their final
width in the previous cycle (See Fig. 5.1).

For cleaner results, we discard trajectories containing gaps longer than A frames.
This prevents the occasional singular distant point from getting locked on an incorrect
position. We also remove duplicate points that lie very close, since overlap increases
with depth.

We post-process the tracked grids to get a cleaner set of trajectories with a fixed
number of points. First, we compute convex hulls between each of the grids. Then,
we compute the centerline along each hull connecting hulls at their midpoints. From
the centerline, we resample a fixed number (20 in our experiments) of points along
the trajectory. This process helps bridge occlusions and yields smoother trajectories
compared to raw tracked points.

Algorithm 3 Tracking

Require: Video V, interval k, new point pnew, grid width w, visibility threshold g,
distance threshold ¢, min occluded A
1 V; < reverse(V)

2 P+ {} > Tracked points
3 W<+ {} > Grid widths
4 forall I; € V, do

5 if i mod k = 0 then > Periodically add new point
6: P < PU{pnew}

7: W< Wu {w}

8 G < Make_Grids(P, W)

9: O, P, G < Track(P,G, I;)

10: m<+ A

11: for all (o]-, Pjs8i» w]-) € (0O,P,G,W) do > Occlusion filtering
12: if 0; <q then

13; P« P\ {p;}

14: G+« G\{g}

15: W« W\ {wj}

16: m<+<m—1

17: if m = 0 then > A occlusions reached, clear remainder
18: P(—P\{pg‘€>j}

19: G+ G\{g >}

20: W<—W\{wg|€>j}

21: Break

22: P,G,W < RemoveDuplicates(P, G, W,?) > Prune duplicates

23: return P, G
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Algorithm 4 RemoveDuplicates

Require: Point set P, grid set G, width set W, distance threshold &
1 forj< 1to|P|—1do
2 forl <+ j+1to|P|do
if [[pj — pull2 < 0 then
P« P\{pi}
G+ G\ {g}
W« W\ {w,}

7. return P, G, W

AN

5.5  Experimental Setup

To understand how effective the proposed tracker is, we seek to answer the following
two questions.

[Q1.] How similar are tracked trajectories compared to ground truth? (See Sec. 5.6.1)

[Q2.] Does the error in tracking make a statistically meaningful difference in down
stream task performance? (See Sec. 5.6.2)

To answer these questions, we run the tracker on the RELLIS-3D [44] off-road
dataset, which has reliable fused odometry to compare against. RELLIS-3D addition-
ally has ground truth semantic segmentation of the front-facing camera.

Tracked trajectories and projected odometry may not have the same length or num-
ber of points. We align the two by cropping longer odometry trajectories to match the
length of tracked trajectories. Then we evenly resample the trajectory so it has the same
number of points as the tracked trajectory. This implies we evaluate only the quality of
successful tracks, not failure cases. As Tracking is used for downstream applications,
filtering out failures is easy to do with simple rules.

For Q1, we evaluate tracked trajectories against projected odometry via both the
continuous Fréchet and discrete L2 distance. While L2 is common, Fréchet distance
better accounts for differences in timing. For example, if the tracked trajectory has
more spread out points than the odometry, even after syncing and resampling, L2 will
penalize that while Fréchet allows the trajectories to move at different speeds.

For Q2, we train models for two relevant tasks to off-road autonomy: image traversabil-
ity prediction, and image trajectory prediction. We summarize those methods below.

5.5.1  Traversability Prediction

We train image based traversability via V-STRONG [46] which learns traversability
via combining visual foundation model embeddings, contrastive loss, and pseudo-
labeling via SAM [48]. V-STRONG uses only non-occluded points along the camera
path to predict traversability via similarity to traversed pixels. We train separate V-
STRONG models on tracked vs. ground-truth trajectories and evaluate their binary
classifications (traversable vs. not) on RELLIS-3D. Traversability is predicted on a [o,
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1] scale, and we provide ROC curves for various thresholds along with metrics for
the best performing thresholds. For training, we use 9,884 images and evaluated on a
hold out 899 images. We measure performance with ROC curves and for each of the
best performing thresholds we additionally measure accuracy, precision, recall, and F1
along with statistical tests.

5.5.2  Trajectaory Prediction

We opt to train a Diffusion Policy [16] for trajectory prediction as it has been used for
trajectory prediction in other domains [57; 5]. The policy is given a goal point and
creates a plan from a fixed point just ahead of the robot. We evaluate Diffusion Policy
on the RELLIS-3D dataset and compare the best/average trajectory prediction error
(Fréchet/L2) compared to the ground truth trajectory. Further, we leverage RELLIS-3D
semantic classes to evaluate the proportion of the trajectory in a non-traversable part of
the image. As with traversability, we compare training Diffusion Policy with tracked
and ground truth trajectories on the same train/test set.

5.6 Results

We present results comparing Tracking and MASt3R-SLAM to ground truth for track-
ing performance, traversability estimation, and trajectory prediction. MASt3R-SLAM
experienced poor tracking outdoors, often yielding no points to project. Because of this
poor performance, MASt3R-SLAM was unusable for training downstream models.

Algorithm Ly Fréchet

Tracking (full) 0.062 +0.001 0.091 £ 0.001
Tracking (602)  0.064 =0.003 0.100 £ 0.006
MASt3R-SLAM  0.163 +£0.007  0.23 £0.010

5.6.1  [Q1.] How similar are tracked trajectories compared to ground truth?

In Table 5.1 we can see the tracking metrics. Raw L2 and Fréchet were scaled by image
width, so Tracking’s (full) average Fréchet error is less than 10% of the image for the full
dataset. Qualitatively in Fig 5.2 that Tracking produces similar trajectories to ground
truth but that the tracked trajectories are more smooth than ground truth. We attribute
this to the skid-steer vehicle platform used in data collection had a lot of turn in place
turns which odometry reflects but Tracking will smooth out. Tracking (602) is Tracking
evaluated only on the 602 images MASt3R-SLAM had a solution for. Tracking (602) also
outperforms (p < 0.00001) MASt3R-SLAM on all metrics, suggesting Tracking is more
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Qualitative Track-
ing Comparison.

Figure 5.2:
Visual
comparison of Tracking and
MASt3R-SLAM on the RELLIS-
3D dataset. As shown, Tracking
may be slightly off ground
truth but get the general shape
right, whereas MASt3R-SLAM
struggles to track in most
cases in challenging outdoor

environments.

Table 5.1: Tracking metrics. We
perform a difference of means
test between Tracking (602) and
MASt3R-SLAM and find p <
0.00001 showing statistically dif-
ferent results.
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reliable for extracting trajectories from videos. We attribute MASt3R-SLAM’s poor
performance to noisy outdoor scenes with less flat planes and more organic shapes
(e.g. small sticks) that can induce visual SLAM error.

ROC Curve

True Positive Rate

= Tracking
Ground Truth

0.0 0:2 0.‘4 0.‘6 O:S 10
False Positive Rate
5.6.2 [Q2.] Does the error in tracking make a statistically meaningful difference in
down stream task performance?

We compare against two relevant downstream objectives: traversability estimation and
trajectory prediction. Traversability prediction results shown in Table 5.2 and the re-
ceiver operator curve in Fig. 5.3 suggests Tracking surprisingly outperforms training
on Ground Truth trajectories on all but Recall. We also perform a moving block boot-
strap for each metric to test that they have a difference less than 0.05 of the score. These
results did not show significance suggesting Tracking results are not effectively equiv-
alent to Ground Truth. Qualitatively in Fig. 5.4 we also see Tracking is slightly more
confident in its labels and produces more crisp separation between traversable and
non-traversable. So why does Tracking seem to perform better? We believe this is due
to Tracking errors causing wider and less direct paths. These wider paths may cover
a wider visual diversity of terrain signaling more of the environment is traversable.
Combined with the wide grass section prevalent in RELLIS-3D this may actually help
the classifier better distinguish grass from non-grass terrain but would have the oppo-
site effect in tighter environments.

Algorithm Accuracy Precision Recall F1

Tracking 0.906 =0.0001 0.912+0.001 0.925+0.0001 0.919 + 0.001
Ground Truth  0.852+£0.0001 0.8224+0.001 0.946 +0.0001 0.880 £ 0.0001

For trajectory prediction, we see in Table 5.3 Ground Truth statistically outperforms
tracking on everything except L2 (not significant). This is not surprising as training on
Ground Truth should make the model at better at predicting Ground Truth trajectories
in evaluation. But while we see Tracking performs worse, it does not perform that
much worse. In particular Fréchet error is 0.06 of the image whereas Ground Truth re-
cieved 0.04. And the proportion of the trajectories in collision is low for both. Looking
at Fig. 5.5 we see similar trajectories for the predictions suggesting Tracking provides
a useful training signal.

Figure 5.3: ROC curve for
Tracking and Ground Truth.
We see Tracking performs
slightly better achieving a
higher TPR without a high FPR.

Table 5.2: Traversability Clas-
sification Metrics. Metrics are
from the best performing thresh-
old for each approach. We per-
form a TOST test of equivalence
with a moving block boostrap
with block size of 10 and 100
bootstrap samples for each met-
ric. We find no statistical signif-
icance suggesting these results

are not statistically similar.
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Tracking  Ground Truth

Training Data Ly Fréchet Violations

Tracking 0.239 £0.005 0.066 +0.017 0.002 £ 0.001
Ground Truth  0.118 £0.0032 0.040 +0.001 0.001 £ 0.001

5.7 Limitations

While our trajectory extraction approach shows a promising way to scalably train nav-
igation policies from easy-to-collect videos, it is not without its limitations.

First, this method by design only extracts 2D trajectories whereas a robot would
operate in 3D. Consequently, any trajectory predictor must be post-trained on 3D data
to make accurate 3D predictions.. This could achieved by pre-training on (u, v, d)
where d (depth) is fixed at pre-training and post training on inversely projected 3D
trajectories (pixel space) with real depth. By post-training on pixel (u, v) and depth
it enables efficient transfer of the prior compared to predicting in 3D, which is very
different than pixel space.

Second, this work has yet to explore 3D post-training in depth and deploy on real
hardware. For these tests we would want to compare models trained purely on the
robot-specific 3D trajectories with ones given access to pre-training before fine tuning.
Our hypothesis is that additional large-scale pre-training will benefit both trajectory
prediction and full-system performance.

Third, our approach makes specific assumptions about the video format to work
well. It assumes the video is first-person with a good view of the ground in front of
the camera. We also assume the camera’s mounting remains roughly fixed relative
to the filmer’s body. These assumptions limit the types of videos our method can be
applied on. Future work could add ground-plane detection to avoid obstacle points
and add a classifier to distinguish forward motion from rotation. We find cameras with
wide vertical and horizontal FOV—ideally tilted downward—work best to view the
ground and handle in-place turns. Interestingly, monocular SLAM does not have these
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Qualitative
Predictions.

Figure  5.4:
Traversability
Red indicates less traversable
blue more

traversable. As shown Tracking

while indicates
seems to have cleaner separa-
tion between classes and more
confidence.

Table 5.3: Trajectory Prediction
metrics compared to ground
truth. We perform a TOST
equivalence test and find statis-
tically different results for all but
La.
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GT Pred.
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[ Ground Truth ® Prediction ]

limitations but struggles in outdoor environments. Future work could investigate a
hybrid approach leveraging the strengths of both methods.

Fourth, our trajectory extractor cannot reason through occlusions by default. Track-
ing will crop the trajectory at the point of occlusion. This prevents learning trajectories
that go around obstacles where free space exists on both sides. Instead, it learns to go
up to the point of occlusion. Future work should investigate if 3D post-training on full
trajectories mitigates this issue.

5.8 Research Questions

RQs5  Can off-robot experience improve decision making under uncertainty?

In this work, we explore if it is possible to quickly train perception and planning mod-
els using easy to collect unlabeled video data. While the results presented are limited
to offline evaluation, models trained on data from our Tracking algorithm (run only
on videos) show minimal performance gap compared to using robot odometry. This
suggests off-robot experience from unlabeled ego-centric videos can in fact improve
model performance and thus produce models with less uncertainty. To fully address
this question, experiments evaluating if perception models can be fine-tuned for new
environments with tracked video data should be performed with a real robot. We also
note traversability estimation and trajectory prediction do not capture all of the tasks a
robot may be trained and/or uncertain over. For other tasks (e.g. elevation prediction),
videos may not be appropriate.

Figure 5.5: Predicted Trajec-
tories. We see both predic-
tion methods produce trajecto-
ries close to ground truth sug-
gesting Tracking can provide
useful signal for trajectory pre-
diction.
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Conclusion

This dissertation addresses various real-world problems that uncertainty creates for
off-road mobile robots. A key theme of this work is to reconsider the contract between
perception and planning to better tackle uncertainty. Simply passing a cropped map to
planning without considering uncertainty or what planning needs from the perception
handicaps the combined system. We have reconsidered this contract in three ways.
First, we quantify uncertainty as a distribution over maps instead of relying on a single
maximum-likelihood estimate. Second, we go beyond mapping by adjusting the target
direction for planning. Third, we train both perception and planning modules from
raw camera data, enabling fast adaptation. But these approaches are just scratching
the surface of possible improvements to both perception and planning’s contract and
off-road autonomy in general.

This thesis was completed during the deployment heavy RACER program. Through-
out the six experiment cycles, various robots had to navigate unseen deserts, forests,
and scrublands at operational tempo. Robots and autonomy were pushed to the limit,
with robots often experiencing catastrophic collisions on complex terrain. We had the
opportunity to see what works and what ongoing challenges exist in off-road auton-
omy. This final chapter reviews the major takeaways from this experience.

Frequent Standardized Full-System Field Testing The major takeaways from PerceptOR
and LAGR were frequent field testing on unseen environments and a standardized
testing platform. RACER did both to great success. By providing fully equipped Racer
Fleet and Racer Heavy platforms to researchers, RACER enabled immediate focus on
autonomy development rather than sensor placement. Field testing at DirtFish [83]
and later Ellensburg Washington enabled UW researchers to quickly identify the real
problems. With robots at this size, logistics and field teams played a crucial role in
keeping test tempo up and robots moving.

The keys to getting the most out of testing was full-system integration tests and
unseen environments. With any new component or perception model, it proved vital
to ensure it did not create downstream problems with other components of the stack
and full-system tests verified that. For example, a perception model can have low
validation loss but produces most errors at the edge of the costmap affecting mid-
range planning more. While UW was limited to only a few test sites in Washington,
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RACER tests enabled testing in diverse unseen locations. This was crucial to prevent
overfitting the system to UW test sites. Further, experiencing new test sites enabled
researchers to identify what are common problems across environments and what are
unique to particular environments. Common problems could then be the focus of
development as solving them had a larger impact.

The Mapping, Planning, and Control Paradigm This paradigm has been ubiquitous on
off-road autonomy stacks since PerceptOR and still today [73; 107]. Learned percep-
tion models that build a birds eye view map provides a compact representation easy
for both planning and human interpretation. While this thesis argues maps are in-
sufficient to tackle the full problem, they remain an effective tool for local navigation.
Further, the hierarchical planning pipeline which marries slower long horizon reason-
ing with fast short horizon local planning and control effectively enables full usage
of the local map. This modular approach starkly differs from full end-to-end systems
becoming popular in other fields of robotics [3; 10]. While it remains to be seen if
end-to-end autonomy is possible, the modularity of this approach provides a list of
key benefits. First, the separate component outputs provide interpretability for users
enabling faster debugging and greater trust. Second, components provide redundancy
increasing robustness. For example, local planning can plan around a surprise obstacle
before mid-range planning has time to react. Third, modular components enable train-
ing from diverse sources. For example, an end-to-end policy must learn from sensor
to action data obtained from a robot, but a perception model can learn to distinguish
obstacles from just videos as shown in Chapter 5.

6.1 Remaining Challenges & Future Work

6.1.1 Intercomponent communication — bottlenecks and downstream tasks

With the modular autonomy system shown in Fig. 1.1 there exist two major challenges
from which most of the development time was spent during RACER. First, by passing
only a compact map to planning and a high-level plan to local control, we create in-
formation bottlenecks. For example, as discussed in Chapter 3, a singular most likely
estimate map passed to planning removes any uncertainty information planning could
use. Designing the information that is passed from module to the next can be challeng-
ing and may differ greatly from task to task. For example, a costmap is sufficient for
general navigation but road following requires passing additional semantics to plan-
ning. Designing and implementing what information is passed can be tedious and
difficult in practice.

Second, independent module training/development is agnostic of downstream uses.
For example, perception may train a birds-eye-view classifier with a loss that weights
all map cells equally [86], but downstream planning may prefer high accuracy mapping
near the robot over further out. Another example is if planning development focuses
on planning faster, but ignores uncertainty. Faster planning can actually increase plan
switching from perception uncertainty, as it quickly adjusts to fluctuating costmap



obstacles, causing problems for control.

These challenges can be mitigated by frequent integration testing, but still require
tedious manual tuning and adjustment. Recent work [121] has begun to consider mod-
ular end-to-end approaches that retain interpretability and robustness from modular-
ity while also allowing the system to learn what information is relevant for each tasks.
In essence, they leverage a shared sensor embedding space for use in mapping and
planning and train both jointly. This co-training enables the embeddings to contain
relevant information for both mapping and planning without having to design what
information is relevant. They find co-training on multiple tasks performs significantly
better than training on one task alone. Interestingly they also find additionally passing
mappings outputs to planning have extra little benefit. Future work should consider
similar designs for off-road autonomy.

6.1.2  Modularity and Monolithism

Monolithic architectures have gained prominence alongside large vision-language mod-
els [3; 10; 102]. These models have largely been applied to manipulation tasks. Their
architectures feature a large, pre-trained Vision-Language Model (VLM) [11] backbone
feeding embeddings to a smaller and faster diffusion policy [16] head. The model is
trained on a large corpus of human teleoperated data to map images and language to
low-level controls. The advantages of this approach are that a robot can leverage large-
scale pre-training on non-robot data via the VLM and also utilize the language input
of the VLM. However, they have a few disadvantages worth mentioning. Most notably,
the model lacks interpretability as it is a black box with only the low-level controls
as output. With no interpretability, it is hard to tell how well the model is perform-
ing without watching the output, which could sometimes be dangerous in off-road
conditions. This issue is amplified by using behavior cloning to train these models,
which is subject to compounding errors [78] as task horizons get longer. Finally, be-
cause it is monolithic, it can only be trained for robotics as a single unit (one large
backpropagation), limiting its data sources to those that include low-level controls.
Today’s spectrum spans hand-designed modular components at one end and mono-
lithic approaches at the other. In the middle, benefiting from each design, are end-
to-end modular systems. Approaches like PARA-Drive [121] provide a blueprint for
modular end-to-end systems. Their system is entirely learned, easily enabling the use
of pre-trained VLMs to create useful embeddings that combine images and language.
And by being modular, they also provide interpretable intermediate outputs, and re-
dundancy. A modular system for off-road autonomy could use shared embeddings
(no bottlenecks) to feed multiple parallel heads: one for mapping, one for planning,
and possibly one for LRN. By having multiple heads, we can also use multiple losses
in addition to a behavior cloning loss. For example, if only video data is available,
we could train the planning module (See Chapter 5) but not mapping, since we lack
LiDAR. Training planning would also help adapt the shared embeddings to the new
environment. While the exact architecture remains an open question, we argue com-
bining modularity and end-to-end learning can capture the benefits of both approaches
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to create robust off-road autonomy of the future.

6.1.3 Fast Adaptation

In off-road autonomy, there is a diverse set of environments the robot could operate
in. Unlike on-road driving where most roads contain similar structure, navigating a
forest is significantly different than driving over sand dunes. It is unlikely that we can
expect strong zero-shot performance on the full diversity of environments the robot
may experience. The focus then becomes on fast adaptation, how quickly can we re-
train our robot to perform effectively in a new environment? Chapter 5 presents a
novel way to quickly adapt without robot data. There is also recent work on online
traversability learning [32; 92] for perception. While promising, this space is still under-
explored. Little attention has been paid to how planning and control can adapt to new
terrains. For example, a robot accustomed to hard-packed ground may struggle when
tasked to climb a soft sand dune. Promising approaches to tackling this could be imi-
tation learning from a human demonstrations with additional reinforcement learning
finetuning [58]. Particularly with off-road vehicles like the Racer Fleet Vehicle, high
quality human demonstrations are easy to collect. It may be difficult to train a policy
to perform well in all environments, but isolated policies for particular challenges (e.g.,
ditches, sand dunes, etc), that are selectively used may be more tractable and should
be considered for future work.

6.1.4 Uncertainty Reasoning

This thesis has covered tractable uncertainty reasoning in depth for planning. But for
full system deployment some notable challenges still exist. First is quantifying uncer-
tainty in perception. As noted in Chapter 3 simply having semantic class uncertainty
per map cell is insufficient as it assumes cells are mutually exclusive. Future work
should consider generative models like diffusion that enable sampling over the poste-
rior of possible maps. Though diffusion has been used to extend the map horizon [28],
full-map diffusion and real-world deployment still require further exploration. An-
other challenge with uncertainty is path switching, when the planner switches paths
frequently between timesteps, confusing control. While DREAMS showed it can re-
duce path switching from uncertainty, it still remains a challenge in planning. Path
switching is both a by-product of perception uncertainty and the choice of passing a
singular path to local planning to follow. Possible other representations like cost-to-go
maps [41], which can be learned or obtained from planning’s full search tree, could be
explored to allow local control agency on whether to switch direction.

6.2 Closing Thoughts

Off-road autonomy has come a long way since its beginnings in the late 1980s. We
are now seeing robots navigate at high speeds in complex, unstructured environments
with minimal human interventions. As robots transition from research projects to
real-world applications, uncertainty reasoning will be more important than ever. This



dissertation is a small step in that direction. We hope it can jump-start future work
that enables safe and reliable navigation for off-road robots.

Finally, throughout this dissertation, we have found that an effective approach was
optimism in the face of uncertainty—not only for autonomous robots but also for life.
While the fog of uncertainty is ever-present, it is those who navigate it with an open ,
positive mind who ultimately find what they need.
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