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Abstract

Many mobile robot applications require robots to act sa#eig intelligently in complex
unfamiliar environments with little structure and limitedunavailable human supervision. As
a robot is forced to operate in an environment that it was ngtreeered or trained for, vari-
ous aspects of its performance will inevitably degrade. Rotsts equip robots with powerful
sensors and data sources to deal with uncertainty, onlystoder that the robots are able to
make only minimal use of this data and still find themselvesanble. Similarly, roboticists
develop and train their robots in representative areag,tordiscover that they encounter new
situations that are not in their experience base. Small@nabresulting in mildly sub-optimal
performance are often tolerable, but major failures resylin vehicle loss or compromised
human safety are not. We propose a series of online algasithranable a mobile robot to bet-
ter deal with uncertainty in unfamiliar domains in orderngprove performance, better utilize
available resources and reduce risk to the vehicle. We waiitlate these algorithms through
extensive testing onboard large mobile robot systems alhdngue how such approaches can
increase the reliability and robustness of mobile robaiaging them closer to the capabilities
required for many real-world applications.
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1 Introduction

The vision of autonomous mobile robots revolutionizing Wesy we live our lives dates back
almost a century. Itis easy to justify their appeal: robatsld automate many of the tasks that
are too dirty, dangerous or dull to be suitable for humanshendile others at which they are
simply more productive and accurate than humans can evertodpe. These systems could
automate tasks in diverse domains such as transportatibt@rynreconnaissance and supply
routes, agricultural tasks, space exploration, border@mog@erty patrolling and working in
toxic environments.

The current state of autonomous robot navigation, howdaer,yet to fulfill these expec-
tations. Almost all real-world uses of unmanned ground aleki (UGVs) operate either in
highly structured or controlled environments, where tlagesof the world is fully known at all
times and plans can be precisely executed with minimal @aicgy or risk, or with extensive
human involvement (see Figuig.

lL‘i Eg

Figure 1: Example real-world applications of mobile robstifrom left, the Kiva Systems inventory management
robot, the KUKA industrial robot and the iRobot Packbot utadremote bomb disposal. As with most current
real-world applications of robotics, these systems do aeetio deal with complicated robot perception problems
since they operate in controlled and structured environsn@nthrough tele-operation.

In reality, for mobile robots to be truly useful, they needo robust enough to be able
to sense and operate in partially unknown and unstructuneglomments. While many au-
tonomous UGVs have advanced to a level where they are conietd reliable a high per-
centage of the time in many environmenis?, 3, 4, 5, 6], most of these systems are heavily
engineered for the domains they are intended to operateripdaviation from these domains
often results in sub-optimal performance or even compkatare. Given the cost of such sys-
tems and the importance of safety and reliability in manyhef tasks that they are intended
for, even a relatively rare rate of failure is unacceptablanany domains that are prime can-
didates for mobile robotic applications, the risk of catgshic failure, however small, is a
primary reason why autonomous systems are still underedildespite already demonstrating
impressive abilities.

While roboticists do everything they can to equip robots va#pabilities relevant to a
wide range of domains, in order for real-world applicatiaisJGVs to increase, they must
be able to adapt to changing and unfamiliar aspects of tmeiraments. The uncertainty
throughout the UGV development and deployment processezahtb degraded performance
through several challenging circumstances:
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Figure 2: UGVs navigating with a limited perception rangd wften execute highly suboptimal paths. The path
above was executed by a large UGV whose goal was to navigéie tgoal at the left portion of the environment
using an onboard perception system with a range of appra&lynes meters. Due to its limited visibility range,
the UGV lost significant time navigating through the heavgetation, even requiring a human intervention at
one point.

Developmental Uncertainty. Roboticists equip UGVs with powerful sensors and data
sources to deal with uncertainty, only to discover that tk8Ad are able to make only minimal
use of this data and still find themselves in trouble. Ovetiieagery data, for instance, has the
potential to greatly enhance autonomous robot navigatiasomplex outdoor environments.
In practice, reliable and effective automated interpretabf imagery from diverse terrain,
environmental conditions, and sensor varieties proveg tchiallenging. As a result, a system
that needs to perform reliably across many domains with@ibnme-engineering must rely on
only the subset of available information that generalizedl across many domains. Due to
the data accuracy, consistency and density required forfeatures, this often limits a system
to utilizing only onboard sensor data within a short proxynio the vehicle. This can lead
to highly suboptimal behavior, often putting the UGV in dangus situations such as the one
shown in Figure2.

In many difficult domains it is important to be able to intexpterrain well at a distance.
Finding out about world as early as possible allows a UGV tostrmict more globally efficient
paths while reducing risk. It is therefore important for ateyn to be able to take advantage of
all potentially useful data sources and extend the ranges perception system by adapting to
changing conditions without the necessity of human-supedwretraining.

Deployment Uncertainty. Similarly, roboticists develop and train their robots ipmesen-
tative areas, only to discover that they encounter newtsitugthat are not in their experience
base. If the perception system does not extend well to gnsthat were not represented
during training, encounters with novel situations can l@aghexpectedly poor performance or
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even complete failures. Since it is impossible to preparéhfe unexpected, one must assume
that such situations will arise during real-world operati®o mitigate this risk a UGV must be
able to identify situations that it is likely untrained torfue beforeit experiences a major fail-
ure. This problem therefore becomes one of novelty deteckhiow a robot can identify when
perception system inputs differ from prior inputs seenmiytraining or previous operation in
the same area. With this ability, the system can either avoie! locations to minimize risk or
stop and enlist human help via supervisory control or t@leration. For maximal impact such
a system must be well-suited for online use as the systemimusiporate feedback received
through its continued experience and human aid.

Autonomy system limitations. At times, even the most robust autonomous systems are
simply unfit to handle a given situation. Fortunately, in jmaases an autonomous UGV is
able to seek occasional help from a remote operator. Theskeyawingwhento ask for this
help as human time is often valuable and limited. If we tréathiuman as an oracle with a
high query cost, reasoning about the possible impact of hum@lvement in a situation can
avoid a large number of unnecessary human queries. Sin@? sitvations pose the greatest
risk, if resolving such uncertainty through human help h&sgh potential benefit, a system
can stop and call for remote help based on the assumptiohuh@dns are better able to nego-
tiate new situations than autonomous vehicles. Furthenalearning system can observe the
performance of the autonomous vehicle in particular stnatand compare that performance
to remote human-control performance in similar situatiohden the vehicle encounters such
situations in the future, it can then invoke whichever ekgemonstrated better performance:
the remote human or autonomous vehicle. When used in corganeith a novelty detection
system, such an approach can safeguard a UGV while maxigniam benefit from human
availability throughout autonomous navigation.

We propose to address each of these challenges by presarseénigs of online approaches
that allow a UGV to adapt to the uncertainty of unfamiliar dons where human aid is lim-
ited or unavailable. For each problem we present relevaistieg techniques followed by
our approaches and an examination of how they address thatlons of similar techniques.
We propose to implement and test these algorithms on largwoumobile robots and argue
how the added ability to navigate safely and reliably in tieereal-world environments may
facilitate the deployment of such robotic systems yearsegdinan otherwise possible.

2 Related Work

Operating under uncertainty is a central requirement oftmos-trivial mobile robot tasks.

The obvious initial approach for dealing with such uncetiais with sensors and a percep-
tion system to interpret the incoming sensor data. Thesgepgon systems are often trained
extensively on data representative of the environmentdhetris to operate in, allowing them
to parse meaningful information from this sensor data aadtifly degrees of traversability for

the environment. A variety of sophisticated planning alfpons such as D* are adept at han-
dling streams of traversal information updates and modgypaths appropriately in real-time



[7].

In existing commercial robots, sensor systems can range tine simple bump and react
mechanism of the iRobot Roomba vacuum cleaner to the much rnoptasticated line of
industrial material handling robots from Seagrid Corpamtihat construct and operate on
three-dimensional occupancy maps. Within the researclaggrsuch examples are varied and
numerous, including the systems mentioned earlig?,[3, 4, 5, 6].

All of these systems make assumptions about the types afoemaents they need to oper-
ate within. The limitation of such robots thus becomes thependency on their pre-trained
perception systems. While they often allow robots to openditen varieties of controlled or
predictable environments, such techniques only work fortéd ranges from the robot. Ad-
ditionally, these systems will inevitably struggle whe #nvironment sufficiently changes.
Since robot behavior can become unpredictable, in manyicapioins it is critical to detect
such situations and apply vehicle safeguarding techniques

With current techniques there is no sure way for a vehicleutorsomously deal with all
situations it may encounter using only a pre-trained pdigesystem. One way to address
this problem is to revert to tele-operation for some or althed mission. Full tele-operation
is prohibitively expensive for many applications due to tiegree of required human atten-
tion and communications bandwidth. In cases where teleatipa is employed a portion of
the time, a policy must determine under which conditionsrtimot or the human are to take
control. Just as in the medical domain, false positives eefemble to false negatives due to
the potentially high cost of mistakes. Stentz et al. rely s tdea in their system of semi-
autonomous tractors8]. These tractors would execute a specified task and stop wiegn
detect that somethingnaybe an obstacle and send an image over a wireless link to a human
supervisor. The human can then either attend to the probtegil the robot to proceed if the
obstacle was a false alarm. This allows the system to fumetimonomously a large portion of
the time while remaining cautions and allowing a human tekjyiintervene in questionable
situations. Since the time required to verify an obstaaheirgmal, this allows a single operator
to oversee several machines. Effective safeguarding igeés are one of the keys to applying
robotic technologies to various outdoor industrial tag§s [

An extensive discussion on related work in hybrid tele-afien control schemes is pre-
sented in sectio.1 As discussed in that section, many systems are designest forahelp
only after they find themselves in trouble. In many domains, robots ddawe this luxury:

a significant mistake may result in the end of the mission erltiss of lives. We argue that
online learning techniques are the correct way to deal withh situations and present a series
of algorithms to deal with the difficulties described presty.

3 Problem Statement

In this thesis we consider the problem of a highly robust @omaous mobile robot whose
mission is to navigate through complex, natural terrain $pecified destination. We assume
that this terrain does not have a known structure and is ngineared to support navigation



as in the case of highway or urban driving and that all obetachn be treated as static. Since
this terrain is either previously untraversed or has pa#ynichanged since the last traversal,
the robot is equipped with a variety of near and far rangerlase camera based onboard
sensors to perceive its environment, as well as the posaialéability of overhead imagery
and elevation data. We assume the robot’s location is knowithin several meters of its true
position throughout navigation.

The robot’s perception system is able to take advantage pfeacomputing resources to
interpret the terrain through sophisticated algorithnasg dan be trained prior to this navigation
on other terrain. However, there is no guarantee that trgitérrain will be representative of
terrain encountered during a mission, even though thene éxpectation of strong overlap.

We assume, however, that a non-expert human may be avditattdenominal percentage
of operation timeduring navigation to provide remote tele-operation support ardogiest of
the robot. Other than this limited remote assistance, thetrmust deal on its own with any
environmental, seasonal or temporal differences that toate its mission.

A combination of three metrics of performance are reas@aduch a domain:

Safety. The safety of the vehicle is of highest priority. At all timesring testing, a human
operator supervises the robot behavior and is ready toverterif the vehicle poses a risk
to itself or its environment. The occurrences of such hunmd@rventions are tracked and
are viewedextremelyunfavorably since they represent a high possibility oficaitfailure or
unacceptable environmental impact.

Human assistance required.Human time is considered expensive and therefore should
be limited to as small of a portion of total operation time asgible.

Time and distance traveled.As with most navigation tasks, we want to reach our desti-
nation while minimizing the overall time and distance ovi&h

The approaches we present in this thesis are intended @ altoobile robot to deal with
the described domain while improving its performance unlder@above-mentioned metrics.

4  Technical Approach

4.1 High-Level Approach

We deal with the common scenario where a UGV must act safelyraelligently in a complex
natural environment with little structure and limited oravailable human involvement. As a
UGV'’s autonomy system is forced to operate in an environrti@itit was not engineered or
trained for, various aspects of its performance will ingbly degrade. We present a series of
online algorithms to deal with the challenges discusseliceand enable a UGV to better deal
with uncertainty in order to improve performance and redisleto the vehicle.

We begin in Sectiorb by proposing an online, probabilistic model to effectividgarn to
use potentially powerful but domain specific features bgtaging other features that, while
perhaps otherwise more limited, generalize reliably. Teéchnique allows the system to cap-
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Figure 3: Sample results of online terrain traversal costigtions from the Spinner UGV operating in Texas
scrub lands using the system described in Seddioi).35 m resolution color overhead imagery used by our
online learning algorithm (left) and corresponding prédits of terrain traversal costs (right). Traversal costs
are color-scaled for improved visibility. Blue and red @spond to lowest and highest traversal cost estimates,
respectively.

ture maximal benefit from common data sources such as owkrmegery without the need
for human training as in other overhead interpretationrepres (sample results are shown in
Figure3). This efficient, self-supervised learning method allo$GV to significantly extend
the effective range of its onboard perception system inraii@ domains.

Small problems resulting in mildly sub-optimal performarare often tolerable, but ma-
jor failures resulting in vehicle loss or compromised hursafety are not. In Sectiod we
consider the problem of online novelty detection for sited where even a well-adapting
near-range perception system is potentially unfit to atelyra@valuate the environment. We
propose an online novelty detection algorithm that opsrate onboard perception system
based features and also has anytime properties allowiaglédl reasonably with time-critical
situations. We also consider the problem of change deteditocation-dependent version of
novelty detection where the goal is to identify when areagb@Environment have significantly
changed from a previous traversal. This capability is walted for UGVs tasked with navi-
gating a route repeatedly as in the case of supply routestanllpeg. Such systems would be
the first safeguards for UGVs by identifying potentially darmous situations during traversal
such as the situation shown in Figute These approaches explore the idea@ép memory
the ability to be able to efficiently represent and utiliziepakviously encountered data.

Finally, in Section7 we discuss an online approach to candidate selection wharstam
must choose online between one of several operating modksxgfore several applications
of such a system relevant to mobile robot navigation. Weyritiis problem using an on-line,
reinforcement learning approach. The system’s goal isamléo interpret available onboard
and overhead sensor data in order to maximize its cumulpéviermance over the course of
operation. This inevitably becomes a trade-off betweeroexmy situations that will allow
it to learn more about the world and exploiting those thatesppo be optimal based on past
experiences. In the case of learning to trade-off betwetamamous and human tele-operation
control, such a capability would enable a single operatassist many UGVs, ensuring peak

10



Figure 4: Sample result from online novelty detection atfpon onboard the Crusher UGV operating in western
Pennsylvania. Chain-link fence was detected as novel (topleft, novelty shown in red) with respect to the
large variety of terrain and vegetation previously enceted. After an initial stretch being identified as novel,
subsequent portions of the fence are no longer flagged)dghtto the algorithm’s online training ability. As with
all future similar images, insets within the top image shofirsi-person view (left inset) and the classification
of the environment by the perception system into road, &get, and solid obstacle in blue, green and red

respectively (right inset).
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Figure 5: Spinner (left) and Crusher (right) robots usedsigrerimentation throughout thesis work. The natural
terrain shown here is representative of the domains thesatpwithin.

performance for the entire team with minimal human involeam

We concede that the complexity and unpredictability of & world forces robotic sys-
tems to have to adapt online. The key is to identify the feeklthat allows online training,
whether it is one part of the system serving as an expert to aother or a human opera-
tor serving as the expert at opportune times. Such techsitqg®n enable robots to adapt to
and improve their performance in diverse environments wmithimal human involvement and
greatly expand the effectiveness and potential real-wagfalications of robotic systems.

4.2 System Architecture

It is important to introduce the system specifications onld®/s we operate with as we will
be referring to many aspects of these systems througheutdaapters.

This work is focused on improving autonomous nhavigationamplex outdoor environ-
ments where a mission will often consist of a desired destinghat must be reached in a
reasonable amount of time, with the possible availabilityarying quality overhead data.
The lack of structure such as lane markings on a road or thdrilatble surfaces and binary
traversability assumptions of indoor environments layimaf the complexity of this prob-
lem on the UGV’s perception system. It must now be able to nbt mentify the presence or
absence of obstacles, but also accurately interpret thévelrisks to safety and progress of
each situation. Bushes and rocks may share similar quadisisgen by the perception system
but differentiating between the two is vital to safe navigiat

4.2.1 Perception System

The Spinner and Crusher UGVs of the UPI Program that were usedghout our testing
to date (shown in Figur®) are intended for operation in complex, outdoor environtsien
performing local sensing using a combination of ladar antiera sensorslp]. Figure 6
outlines the high level data flow within the Spinner and Crustuegonomy systems.
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Figure 6: High-level system data flow (left) and a more dethilata flow of the perception system within the
dotted box (right).

The perception system assigns traversal costs by analgfengplor, position, density, and
point cloud distributions of the environmerttl, 12]. A large variety of engineered features
that could be useful for this task are computed in real-tise= (Figure?) and the local envi-
ronment is segmented into columns of voxels (see Figune order to capture all potentially
relevant information. This vertical voxelization apprbds effective for mobile robots since
the presence of specific features at certain vertical postis highly relevant to their impact
on traversal cost. For example, solid objects at wheel haighlikely to be small rocks while
similar features higher off of the ground are more likely &ttees or man-made objects. Each
voxel, tagged with its corresponding features, is passeditin a series of classifiers and com-
bined with additional density-related features to createrapact set of intermediate features
for each location in the world that is more suitable for traeaé cost computation. The system
then interprets these features through hand-tuned orddanethods to create a final traversal
cost for that location in the world that can be used for paémping purposes.

These traversal costs are interpreted as relative measiumesbility risk (our robot works
with traversal costs in the range 1f to 65535). For example, the robot’s on-board perception
system assigns traversal costd 6fthe minimum) to roads while grass is assigned a traversal
cost of48, implying the robot would be willing to take a detour of thitgmes the distance in
order to stay on a road as opposed to driving over grass. Mamwense vegetation is often
assigned traversal costs of ovgl000 in order to encourage the robot to traverse elsewhere
except under extreme necessity. The robot re-plans itsablmdth in real-time by finding
minimum cost paths through the environment using the D*ratigan [13].

An extensive log playback and processing infrastructuoeval us to develop and optimize
many of our approaches offline.
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Figure 7: Example raw engineered features from the UGV'sgqion system. NDVI (normalized difference of
vegetation index) is a useful metric for detecting vegetafi 1].
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Figure 8: lllustration of the perception system’s voxetii@a of vertical columns within the environment and sub-
sequent classification. The voxels here are actually muetienwithin the system but are enlarged for demon-
stration purposes. In the perception system, each voxells:a> cube. Due to the size of the vehiclé), voxels

in the vertical direction are computed at each location @eoto include all potentially relevant information.
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Figure 9: Overview of overhead data processing system: feomdata to cost maps.

Figure 10: 3-D points are classified as ground (brown) or giaund (green).

4.2.2 Overhead Data Usage

Improvements in both path safety and efficiency can be aeliby taking advantage of prior
overhead data when available. Prior data can come from atyanf sources. Low resolution
imagery (1 meter resolution gray scale) and topographia ¢ to 30 meter resolution) are
already available for most of the world. In addition, highesolution imagery and dense three-
dimensional (3-D) data can be collected commercially ugmuest. Traversal cost maps for
the environment can be produced from this data a priori usingnd-trained system or human
demonstration for aiding online global path planning. Tdigat's onboard perception system is
then used during navigation to fine-tune prior traversaheges and adjust for areas of limited
aerial visibility or changes in the environment from thedigata was gathered.

In the human-supervised overhead cost prediction syst@awversal costs are computed
from a combination of semantic and geometric data as destiibFigure9 [14]. Semantic
information of the terrain is obtained through supervislegsification using features extracted
from imagery and 3-D datalp]. A neural network with one input node for each feature,
one hidden layer, and one output node for each desired fitasigin category is used. Each
terrain class is assigned a traversal cost by a human opdesigned to mimic the behavior of
the onboard perception system. Mobility analysis is themopemed using the ground surface
recovered from 3-D data (see Figur®) or an available elevation map and traversal costs are
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Figure 11: Sample results of cost map production for gelyeflat Texas terrain with a large vegetation variety.
From left to right: an image of the environment, extractesugid surface, classification cost map, mobility cost
map and final traversal cost map (sum of classification andilityobased cost maps). Each image3igs x

595 meters.

assigned to reflect the capabilities of the vehicle basedampated parameters such as roll,
pitch and ground clearance. Traversal costs are indepandemputed using the results of
terrain classification and vehicle mobility analysis focke#ocation in the world and summed
to produce final traversal costs as shown in FidLie

Another approach used for taking advantage of overheadsdataes is to have the system
learn from demonstrated behavidi§]. Once provided with examples of how a domain expert
would navigate based on the data, an imitation learningagmbr can learn mappings from raw
data to cost that reproduce similar behavior. Because iténdfifficult to pick and hand-tune
traversal costs to achieve acceptable behavior, this apprmoroduces cost functions with less
human interaction and often better performance.

While these techniques for interpreting overhead data haes Ishown to significantly
improve navigational performance, the requirement of maretraining each time a new en-
vironment is encountered is a notable limitation that wereslslin this thesis.

4.2.3 E-Gator Platform

Due to the completion of the UPI Program, the on-board tggtin proposed work will tran-
sition to the E-gator vehicles of the CTA project (see FigiiZe We are in the process of
upgrading the autonomy system of the E-gator platform. Whilsbe a significant effort but
will greatly expand its perception and planning capalketiti The existing tilting SICK sensor
will be supplemented with a high-performance camera systlioh will allow us to port to
this system a subset of the UPI perception capabilitiesribestin Sectiort.2.1

While the E-gator is in many ways a less capable platform thaginr@r or Crusher, it
requires significantly less overhead for deployment anihiggsThis will also allow us to test
in more diverse environments including more urban settings
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Figure 12: E-gator autonomous vehicle to be used for remgiexperiments.

5 Onboard and Overhead Robot Perception in Unfamiliar
Domains

Autonomous robot navigation in unstructured natural emnnents has been demonstrated ex-
tensively in a large variety of terrain, sensor payload ams$ion scenarios. Even though pow-
erful at sensing, modeling, and interpreting the enviromim@ese systems required significant
tuning of parameters, either by hand or supervised trajrim@est adjust their algorithms to
the local environment where the tests are conducted.

This highlights a common problem that arises in mobile rimisothere potentially power-
ful sensor data and features are often difficult to take adwpnof because they are situation
or location specific. As mentioned previously, outdoor tof@vigation can benefit from the
now widespread availability of high quality overhead imggand elevation data from satel-
lite and aircraft. With this overhead data, many of the ditties associated with autonomous
robot operation can be alleviated, even with the coarsedstiafin resolution. Systems can then
dispense with myopic exploration and instead pursue rdbtgsare likely to be effective. Un-
fortunately, features computed from such sources can vaatly due to diversity in terrain,
environmental conditions and sensor varieties. This aftealidates pre-trained systems so
the necessity for frequent manual retraining reduces tpeamwf such approaches.

In much the same way, the complete use of onboard sensorgietia &s ladar), if inter-
preted correctly, can help a robot make better decisionsramdase traversal speed through
improved knowledge of the environment. Unfortunately, lees ¢omplexity of environments
increases, a robot’s perception system must be enginezealuate its environment by first
computing a set of intermediate features such as groune stigect density, and vegetation
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Figure 13: Typical ladar response from vehicle’s percepsgstem. Ladar points are color coded by elevation
with lowest points appearing in blue and highest points appg in yellow. Vehicle position is shown by the
orange square. Notice the large drop in ladar responsetgéaspecially on the ground) as distance from the
vehicle increases. Large objects such as the trees on tigelefrate ladar responses even at far ranges but are
difficult to interpret through fixed techniques across défg environments.

classification. While such features are consistent and gkrale, fixed techniques that suc-
cessfully interpret onboard sensor data across many emegnts begin to fail past short ranges
as the density and accuracy necessary for such computafticklygdegrade and features that
are able to be computed from distant data are very domaicifgpgsee Figurel3). This limits
the effectiveness of such perception systems to a proxiafigbout15 meters even though
sensor data is often available at much higher ranges.

Building systems that can reliably interpret these scopetdid features is far from easy
as even the smallest variations in lighting, season, teoaeven sensor calibration can have
significant effects on data. Additionally, such estimatassttbe well calibrated with other
onboard perception estimates of the terrain, or systenopeance may suffer. Developing
approaches that can leverage these potentially powedalrees on an autonomous robot can
significantly improve the versatility of many unmanned grdwehicles by allowing them to
traverse highly varied terrains with increased perforneanc

One way to address such limitation is through on-line seffesvised learning where the
autonomous system adjusts itself via perception and ictierawith the environment. We pro-
pose to address the problem of learning and inferring betwee heterogeneous data sources
that vary in density, accuracy and scope of influence. Theablg is to generalize from one
data source, viewed as a reliable estimate, to be able towstinkanother, which may be high
performance (e.g., long range or high accuracy) but difficugjeneralize to new environments.
We frame the problem as a simple, linear probabilistic méalelhich inference results in a
self-supervised online learning algorithm that fuses tter@ates from the two data sources.
We also explore the advantages of this framework includavgnsible learning, feature selec-
tion, data alignment capabilities, reliable use of mu#tipstimates, as well as confidence-rated
predictions 17].
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5.1 Related Work

When navigating in an environment without full knowledgebatic systems primarily rely
on on-board perception systems. There are cases, howdwven, iivis not possible to get an
adequate understanding of the environment from the veba$ed view of terrain without
sacrificing speed or path optimality. For example, a veheleigating at high speeds in off-
road environments may be unable to react to negative obstaatch as large holes and cliffs
without the prior availability of overhead data. Even whbea vehicle can safely navigate an
environment, aerial sensing can dramatically improve p&thning performance by detecting
large obstacles such as buildings, forests and bodies @rwaatwell as areas of preferable
terrain such as roads.

Even low resolution prior data can provide significant inyamment to vehicle performance,
as demonstrated by numerous simulationdlB}.[In [19], low resolution 5-30 meter) eleva-
tion maps were used to aid long distance planni@g] demonstrated the extraction of features
(roads, trees, water, etc.) from aerial surveys, for laderatation by an autonomous vehicle.

Similar research conducted by Charaniya et al. classifiegitanto roads, grass, buildings,
and trees using aerial LIDAR height data, height texturel signal reflectance, achieving
classification rates in the range @#%-84% [21]. Cao et al. attempted to identify man-made
objects from overhead imagerg2d]. Knudsen and Nielson attempted to classify buildings
using a previously available GIS database and RGB informdtioan environment43].

The DARPA PerceptOR program contained an important prica damponent. Aerial
LIiDAR data was used to predict vehicle roll and pitch oveetsthes of terrain, as well as to
detect vegetation2y, 25]. This information was used to generate prior cost maps $erio
global planning.

Within the UPI Program, several overhead data processitinigues were used exten-
sively to achieve safe and efficient navigation over mangrikéters (see Sectigh?2) [14, 15,
16].

While such overhead data interpretation techniques prowegilad to successful navigation
in some difficult environments, they were limited by the fézt they required human training
or demonstration prior to use in new domains. Also, as dssdi®arlier, training onboard
perception systems for general far-range use is infeadildeto the large variability in the
features generated past short distances from the robot. rAsudt, such systems are often
engineered or trained to perceive the environment in closamity to the robot where features
more often generalize well across many domains. In sucts¢hsdarge portion of sensor data
that cannot be interpreted through such techniques is dissarded.

Our approaches is one of several to use self-supervisetingaio deal with the common
robotics situation where data sources that, while highlgvent, are domain specific. For in-
stance, camera imagery can potentially detect unpavedinahe desert significantly farther
than some ladar-based systems can. Unfortunately, sualtdatprove very resistant to auto-
mated interpretation. In particular, classifiers that prawvbe powerful indicators of road in a
particular area often do not generalize to new conditioreteEting such roads from a distance
in a self-supervised manner proved to be a crucial companetanford Racings winning
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Grand Challenge entr2p]. A similar version of this approach using reverse optioalfhas
also been propose@T] and subsequently extended to off-road navigats).[

Similarly, [29] presents a self-supervised approach for estimatingiteroaghness from
laser range data. Sensor, terrain and vehicle varietigsiloor@ large errors that must be con-
sidered when making estimates. This system learns to moaell®y providing its own labels
of terrain roughness in real-time from actual shock meabkwieen driving over the target
terrain. The vehicle in effect capitalizes on its abilityrteasure terrain roughness from the
vehicle’s inertial sensors to its range sensors.

Others have built systems that optimize parameters onbimegyueal-time performance as
feedback. For example, such a technique allowed an adaptten planning system on an
autonomous excavator to learn to perform at levels appmgdkilled operators3Q.

Numerous other research efforts have taken advantagescbftsahniques for obstacle
avoidance using monocular camefd,[32], estimating the depth from monocular imagery
[33], automated learning of noise parameters in Kalman filte4 [errain traversability clas-
sification [35], slip prediction B6], and estimating ground height from an autonomous tractor

[37].

5.2 Approach
5.2.1 Formalization

We approach the problem of leveraging the powerful, butaliftito generalize, features in a
Bayesian probabilistic framework using the notion of scoleadning B8]. The scoped learn-
ing model admits the idea of two types of features: “globald dlocal”. Global features are
generally useful, and their predictive power extends welhéw domains, while local ones,
which, although often very powerful, typically generalizeorly and are more difficult to take
advantage of in a consistent way. These local featuresswgeethat is limited to one particu-
lar domain. We wish to apply our system to extend the scopedf features to many possible
domains. For our canonical problem of learning to leverdgeextended range of overhead
and far-range sensor data, these names may prove coutuiiéix« so we refer to them instead
asgeneralandlocale-specifideatures. From this point on, "global” and "local” will reféo
the proximity to the robot. Features generated from deredgcle-based ladar perception serve
as our general features, while features generated fronheadrbased imagery and elevation
data and far-range sensor data serve as our locale-specificds. The latter are particularly
valuable to mobile robots because of their extended randevatespread availability.

Model. The scoped learning approach is a simple probabilistic ir(sdewn graphically in
Figure14) that captures this notion of features that have scope. Uitex platel represents in
graphical model notation that there are independent legalehich the model will be applied
[39]. These correspond to new areas of the world in which ourtralilboperate.

Within the plate, we see a sequence of locale-specific feataind corresponding general
feature-based estimates. At each point in the sequence,istetavmake predictions about
c (either all or a subset of them.) Herejs the true variable we wish to predict, aAds
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an estimate of that variable coming from the general featuhile x are our locale-specific
features. The parametefscommon to the locale (plate) capture the relationship betwe
locale-specific features and the variables of intere$he length of our sequenceris

This learning model captures the idea of self-supervisachlag 0] in a Bayesian frame-
work and extends the idea to integrate both the generalrieétased estimates and the self-
supervised locale-specific estimates. Driven by our agptio, we are particularly interested
in the onlineregressiorcasé where the goal is to learn to infer the true continuous values
an online fashion as general feature-based estindgatescome available. We choose a simple
model forc as a function of theé: locale-specific features = (2!, ..., z*) by modeling the
distribution forc givenx as a Gaussian with mean a linear functiox@nd with a variance of

2.
O-Z .

E(c|3,x) = Tx 1)

We assume that the estimates from the general feature-peesstidtors have Gaussian noise
and thus are distributed:
¢ ~ Normalc, o)

We take ther, ando; to be hyper-parameters lying outside the locale-speciéitepl

Figure 14: Graphical depiction of the scoped learning moHeier-parameters, including priors on the locale-
specific parameters and noise variances, lie outside the plate indexed laynd are not depicted.

To clarify this model using a real-world example, consider tase of learning online to
predict traversal costs from overhead imagery data. Indbénario,c; are the true traver-
sal costs for locations in the world aigare the general feature-based estimate for traversal
costs of those location coming from the UGVs onboard peroeystem. These estimates
are gathered online and are only available for a small sulifséte locations in the world.
The locale-specific features are computed from overhead imagery for the environment and
include color and texture based features as discussed latdre case of overhead imagery,
featuresx,_,, are available for all location, but we do not have a way torjriet these features

The original scope learning world@] was developed in the context of classification using discfeatures,
generative descriptions of those features, and in batch.
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a priori. We assume that is a linear function ofk; governed by some weights As we
traverse through the environment and observe additiomeépdon system-based estimafgs
we can refine online our best estimate of the mapping fromhaaat imagery-based featuses
toc.

Inference. We develop the inference for the model in an online fashiame®a new data
point¢; estimating the true variabte, our goal is to compute new estimate$the variableg;,
assuming we have already seen date- {x;._,, ¢ ;_1}. We can compute this by integrating
over the uncertain parametefsvhich describe the relationship between the true variate a
the local features.

plcjlé, x4, D) = /dﬂp(cﬂﬂ ¢, x;)p(B|éi, xi, D)

We can compute the required distribution oyeais:

p(B)éx:, D) o p(B|D) / de; p(@lep(ed B, x:)

In our linear-Gaussian model, this can be understood asimgvihe posterior distribution from
p(B| D) in light of a Gaussian likelihood that takes into accountsedrom both general and
locale-specific features.

Our computation of the posterior distributip(3|é;, x;, D) is as follows. We first initialize
our distribution to the prior distributiop(3). Then, for every training examplewe multiply
our distribution byp(¢;|5, x;). Since the prior distribution and¢;| 3, x;) are normal, the pos-
terior distribution is also normal. We use the notatitto represent the mean of the posterior
distribution andV; to represent the variance. Thus, computig|c;, x;, D) is performing a
self-supervised learning using a Bayesian linear regressimdel with noise variance’ + 03.

We use our current estimate of the posterior distributioenmve want to predict a future
outcomec;. We are interested in predictions in two cases: first, wherhawe no general
feature-based estimatefor a particularc;, and second, when such an estimate is available. In
the first case, the predictive distributipfr) has mean, = x” 3 and variance? = o7 +x" Vjx
[41]. When we also have an estimalg inference combines these two estimates:

c Ci
p(cj) = Normal(af(g—’; + J—Jz), or)
p g
where
0/2 _ 1
1 1 -

We note that it is possible to compute the posterior distigiouin batch, but we prefer
to maintain an estimate of the posterior distribution as @eeive general feature-based cost
estimates so that we may immediately apply our algorithnmete data.

2We assume that our prior ghis a priori independent of the featureso that inference will remain the same
even in the case where the features become available in soersce.
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5.2.2 Advantages of the Bayesian Learning Approach

Using the online Bayesian scope learning model provides éeruof important benefits.

Confidence Rated Prediction. The variance estimate provided by our algorithm for the
probability of each: can be used as a metric of confidence in the prediction. lbiatsiin arises
in which we must choose which one of several predicted ouésotm trust, we could simply
use the one with the smallest variance.

Learning of the Hyper-Prior and Feature Selection.Our algorithm depends on a number
of hyper-parameter terms that may be chosen based on datarfuttiple locales. We discuss
ways to choose the noise variance temmsindo, in section5.2.1and the prior distribution
on parameterg in section5.3.3 The prior distributiorp(/3) is an isotropic Gaussian that is
independent for each weight, and each weight is dependemsbared hyperparametethat
moderates the strength of our belief over the values ourw®iymight take. That one value
controls the inverse variance of each weightWe can modify our priop(|«) to consist ofK’
hyperparameters, with eaeh independently controlling the inverse variance of eactghei
and define hyperpriors over all the values. We can then use Tipping’s hyperparameter re-
estimation algorithm to do feature selection (see Alganitt) [42]. In this way, we can both
automate feature selection and bias our algorithm to piederin features for new locales
[43].

Algorithm 1 Hyper-parameter re-estimation procedure

1: given: Initial values for alloy, ando?
. while o has not convergedo
Compute the mead and covarianc&’; of the distribution of our weights
For all K featuresy;, «— 1 — oy, Vi
For all K featuresgy;, « g—’;
. end while Z

7: return «
Once ouray, values have converged, we can remove any featyr@ith a corresponding optimaiy,
value that tends towarecb. Since any; value controls the inverse variance of each wejghtan oy
value that tends towareb implies that the mean of the weighf, value tends toward 0. Thus, we can
remove that feature;, since its weightj; value of O would remove its contribution to predicting the
outputc.

o kR wbd

Reversible Learning. A problem that often arises in online learning is the hargliirh
multiple estimates of a particular quantity. For instang&ur canonical example, our general
feature-based estimat&snay improve as we get closer and denser laser readings @frthet
It is not appropriate to treat these as independent traiekagnples: while they may differ in
their variance, they are generally highly correlated. Naitis it useful to simply take the
first estimate available: often this is a poor substitutedibithe data. In our model, since
we maintain an exact posterior distribution that lies ieside exponential family, we may
effectively removethe effects of training on a data point by dividing out theslikood term
we had used to include it in the posteridd]. In this way, we always have an estimate of the
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Figure 15: In the baseline system (left), aerial data cag balused after the cost prediction module is trained
either through human labeling or demonstration. Utilizihg online learning framework (right) allows the per-
ception system to learn mappings from locale-specific detufes (overhead or far-range sensor data) to locally
computed terrain traversal costs (computed from geneatiifes) and make prediction elsewhere in the environ-
ment.

posterior distribution ofs using the current best estimaie Minka has developed an alternate
use of this “removal trick” for approximate inferenc#].

5.3 Application to Mobile Robotics

We demonstrate this approach in the context of long rangigaton onboard our rugged, all-
terrain UGV during various field tests in complex naturaliemvments. These environments
in western Pennsylvania and Texas consisted of a varietgggtation ranging from grass and
short bushes to large, dense forests as well as other divlessacles such as large rocks, hills,
dunes and ditches.

The information flow within the baseline system discusse8eation4.2 is modified as
shown in Figurel5. As the UGV traverses an environment, it utilizes its onfdqaerception
system and these difficult to interpret features (computan bverhead imagery and elevation
data or far-range sensor data) to learn the mapping frone tfeegures to computed terrain
traversal costs in order to predict traversal costs elsenihghe environment where only over-
head data or far range sensor data is available, effec@xgnding the range of the vehicle’s
local perception system and allowing more effective navageof the environment.

5.3.1 Terrain Traversal Cost Prediction

We chose to predict traversal cost rather than intermedestalts such as slope, density, or
presence of vegetation because traversal cost is the rietimost closely governs a vehicles
navigation strategy through an environment. Our robotequion system is proficient at
effectively assessing terrain traversal costs, so it igaee to be able to mimic its predictive
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Figure 16: Sample clustering results from using the Gangdlixture Model algorithm on generated features.
Overhead color imagery data used to generate feature} dladt resulting clustering into six clusters (right).

Membership features were generated by computing the draadtidegree of membership of each pixel in each
cluster.

abilities. We therefore use estimates from the robots pémesystem to evaluate the accuracy
of traversal cost predictions.

Overhead Data Features A set of feature maps for the vehicle’s environment was gener
ated from each overhead data source for use as inputs togbetlam (these are ouocale-
specificfeatures as defined in Secti&®.1). In our implementation, HSV (hue, saturation,
value) features were used to represent color imagery data thie pixel intensity of the black
and white imagery data was used as a single feature. Raw RGBgfeszh, blue) color data
was inadequate for our approach due to its sensitivity tionihation variations. A hue (in de-
grees) ofo was represented by the pair of values;(«) andcos(«) to address the continuity
problem at hue values close(@o.

A feature containing the maximum response to a set of ten (fdters at various orien-
tations centered at each pixel was also generated to captutege in each type of imagery.
Additional features for the black and white imagery dataevgenerated by computing the
means and standard deviations in intensity within windoiMéve meters around each pixel.
Additional elevation-based features were computed agitbesion Sectiort.2.2and [L4] when
such data was available. All features were rescaled t¢-thel] range and a constant feature
was also included.

Finally, clustering of all previously computed featuressvperformed that helped the algo-
rithm to overcome the limitations of a linear model and eaisientify patterns in the feature
input space. Clustering of the input data was done througls&auMixture Models in order to
generate membership features by assigning each data doacatianal degree of membership
in each output cluster (see Figur6) [45]. Six clusters were chosen for our implementation.

The characteristics of an environment change with varyorglgions. However, even out-
dated overhead data can be useful since most distinct araagnvironment will maintain uni-
formity in their characteristics despite these variatiddg relaxing restrictions on the recency
of overhead data, our algorithm further increases its irnpaémproving robot navigation.

Far-Range Sensor Data FeaturesLadar and camera data were used to create the far-

25



range sensor features used for training (once again, threseualocale-specifideatures as
defined in Sectio®.2.]). Ladar points in the environment were tagged with colougalfrom
the camera sensors by computing the pixel the ladar wouldaapp within the camera image.
Color features were computed just as with overhead data. tidddlly, the positions of the
ladar points were used to compute the maximum vertical gread and standard deviation
of point heights. In order to incorporate contextual infatran about the neighbors of a loca-
tion, similar features were computed from the location’gjhbors within a small window. A
constant feature was included as well. As a robot travelsaitdw location, features for that
location are computed regularly (to account for variationfeatures due to distance from the
robot) and stored to be used as possible future training pbesm

Finally, it should be noted that tHack of ladar data in an area in front of the robot can
serve as a confirmation of free space since ladar hits ary eralable on road or grass past
about 30 meters due to the angle with respect to the sensordéffy such free space by
tracing away from the robot until a sensed object is encoadt@up tod0 m away) and setting
a tracing feature in all encountered cells. This featuréisasole feature for such areas.

In some applications, subsets of features may not alwaywvditalble. For example, in
the case of far-range sensor data, some laser data may fsill®wf the field of view of the
onboard cameras making color-based features unavailabtbdse locations. In such a sce-
nario, an independent instance of the learner can be trainedtaneously for each potentially
possible set of features. New examples can then be sent keatimer that is trained to handle
its available feature set.

Such techniques may be used to generate features from arbiradion of data sources
gathered through a variety of methods.

5.3.2 Training and Prediction

Because traversal costs act as distance ratios as deseriBedtion4.2.1, errors in traversal
cost estimates in low-cost areas are more detrimental thalaserrors in high-cost areas. An
error of 100 to an area of extremely high traversal cost would have nigigigeffect, while the
same error at an area of desirable terrain would radicatiynga the behavior of the robot.

In order to work with the linear model used by our algorithne eeal with traversal costs
within our algorithm on a logarithmic scale, convertingrfrahe normal traversal cost space
for the purposes of training and prediction. The Gaussiaor @ssumption embedded in our
probabilistic model is a much better approximation when veasure error on this scale. Un-
like in the regular traversal cost space, small errors irldgespace lead to small errors in the
traversal distance ratios.

Training examples are constructed frog the vector of feature values from either over-
head data or far-range sensor data, &nthe average of all traversal cost estimates that have
been calculated within the corresponding area. As with nmabgtic systems, the performance
of our robot’s on-board perception system quickly degragethe distance from the robot in-
creases (due to the lowered accuracy and density of sens)r ga the quality of a training
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example is measured by its proximity to the robot. Rather 8targgling to decide at which
point to utilize an example for training, the reversiblerfeag capabilities of our algorithm
allow us to maintain an optimal level of predictive abilgiby ensuring that only the highest
quality data available impact its state. As the robot apghiea locations that had previously
been used for training, obsolete examplesiarearnedin favor of higher quality training ex-
amples available for those areas. Estimates greaterlthamfrom the robot are ignored since
such estimates are very unreliable and would only corruggttality of training in cases where
they cannot be replaced with better estimates.

An example of this training process can be seen in Figudré\s the vehicle explores more
of the environment, the greater sample of training datanallib to more accurately interpret
the locale-specific data sources. Notice how the shadowthertree at the top right is initially
estimated incorrectly as a very high-cost area (Fidui® but as the robot explores more of
the environment, it begins to recognize its error and lowgeestimate (Figur&7d).

As the algorithm acquires more training data, its predécperformance improves, allow-
ing it to revise previously made traversal cost estimatdse dlgorithm specifies a degree of
confidence for each prediction based on the similarity ofetkemple to past training data (as
indicated by the variance estimate), so predictions in wvthe algorithm lacks confidence can
be ignored in favor of an alternative source of predictiona default value. Notice how in
Figurel7b the algorithm is able to identify its estimates for the $reethe environment as ar-
eas of low confidence (shown in blue) until the robot first emters the tree below its starting
position and is able to refine estimates for similar areas.

5.3.3 Applications of Trained Algorithm

This algorithm can be used in a variety of ways to aid in unnearground vehicle navigation,
both in real-time on-board a robot and offline once it has kliegned. In the case of online
terrain traversal cost prediction, the algorithm can beluseeriodically update traversal cost
estimates within a region around the robot where features haen computed so that a real-
time path planning algorithm such as D* can revise the velsiglobal path to account for the
changes. As shown in the following section, the use of tlgerdhm to extend the robot’s field
of view results in significantly shorter and more intelligpaths.

When using overhead data, one can make traversal cost jjpedifdr a large area without
ever having to traverse or acquire training examples frahdhea beforehand since the predic-
tive state of the algorithm can be captured at any time by dogov3 at that moment. Instead,
as long as identical features are computed for the two acgescan simply drive through a
representative area for a short period of time in order ia tree algorithm to make predictions
in a much larger area. We will also show that a priori traviecsat maps produced by this
technique can be more accurate than even those producedh&odatrained techniques that
utilize superior data sources.

It is important when using overhead data that the data beedigvith the estimated po-
sition of the robot. Even slight mis-registration can siigaintly hinder the performance of
algorithms such as ours that are sensitive to such errorsad¥antage of using an online
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(c) (d)

Figure 17: Training progress of online learning algoritheing overhead color imagery data for traversal of
environment shown in (a) is shown in (b) - (d). Dimensionstadvgn areas aré50 m x 150 m. Accumulated
ground truth traversal costs computed by the robot’s omebparception system and vehicle path (shown in
red) are overlaid on estimated traversal costs generateldebglgorithm. Lower costs appear as darker colors
and predictions that the algorithm lacked confidence in (duasufficient representative training examples) are
shown in blue.
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Bayesian linear regression model is the ability to detectamcect such misalignments with
relative ease.

When predicting a new traversal cast the model creates a predictive distributipfz)
with a meary, and a variancerf). Evaluating the predictive distribution at the traversastc
¢; of a training example gives the probability of having seeat thaversal cost given its corre-
sponding feature vector. We can use the probability of tpseen all of our data¢,, . . ., ¢,),
to detect map misalignments between overhead data sourdesstimated vehicle positions
by searching through a space of potential alignments footieethat maximizes the probability
of the data.

Sincep(cy, . . . ¢,) can be computed via the chain rule as the product of the pineslidis-
tributions evaluated at evefy used for training, the log data probability is the cumulkatum
of —logo, — (1’;%)2 for every predictive distribution. After all examples hadween received,
we compute the %verage log data probability over all trgrixamples and use this to compare
against other alignments. As shown in the following sectmrrecting such misalignment
produces traversal cost maps with better defined obstdwéstore accurately reflect the true
environment.

Note that for the results in the following section, we chdse hyper-parameter for noise
variances? with ML-Il and chose an isotropic Gaussian with high variarfier the prior ons
based on observations from previous robot travergdls [

This approach allows increased versatility of many UGVs lignang them to take ad-
vantage of data sources that are often ignored while impgoperformance and removing the
necessity of human involvement and parameter engineering.

5.4 Work To Date

When dealing with overhead data, our algorithm will be refdrro as MOLL (Map On-Line
Learning$ and when dealing with far range sensor data, our algoriththbaireferred to
as FROLL (Far-Range On-Line Learning). All imagery data wathgred from satellite on
average several months prior to traversal and all elevatda was gathered by surveying from
helicopter. Both MOLL and FROLL were run onla8 GHz processor witl2 GB of memaory.
Because of the large amount of aerial data potentially requiy MOLL, we implemented a
paging system so that only currently relevant areas of @agthilata are kept in memory.

5.4.1 Field Test Results

The algorithm was tested with both overhead data and fayeraensor data in real-time on-
board our unmanned ground vehicle to measure its impact wigateon performance. The
test environments contained a large variety of vegetatianpus-sized dirt roads (often lead-
ing through narrow passages in dense vegetation), hills,déiches. The vehicle traversed
series of courses defined by series of waypoints by usingitmnbn-board perception system

3This algorithm at times has also been referred to as OOLL if@a& On-Line Learning)
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Table 1: Statistics for Course Traversals With and Withbat®nline Learning Algorithm

Without Algorithm | With MOLL | With FROLL
Total Traversal Time (sec) 1370 1001 898
Total Distance Traveled (m) 1816 1682 1575
Average Speed (m/s) 1.33 1.68 1.75
Number of Interventions 1 0 0

for navigation. It then traversed the same courses with g df MOLL, first with 40 cm
resolution overhead imagery and elevation data to supplethe on-board perception system
with traversal cost updates computed withifbam radius once every seconds and then with
FROLL used to interpret and make predictions from far-rasegygsor data everysecond. The
algorithm was initialized for each course with no prior tiag (see Figure$8and19for sam-
ple results). Notice how in FigurE8the MOLL path shows how the robot learned to avoid the
dense area of trees after its initial encounter with the ene@ediately chose to follow the road
to the goal. The FROLL path shows how the robot chose a sidtr to the baseline system
but was able to give up on dead ends quicker and was able td #nlarge detour at the end
of the course due to its extended perception range.

As shown in Tablel, our algorithm allowed the vehicle to complete the coursgagu
MOLL in 27% less time while traversing% less distance and with FROLL B1% less time
while traversingl 3% less distance. Additionally, while we were forced to matuiaitervene
during the tests with only the perception system in ordeotoact the vehicle’s heading when
it became trapped in heavy vegetation and could not escajpe@mn, no manual interventions
were necessary when using our algorithm.

While it appears from the shown statistics that FROLL ovenredulted in more effective
paths than MOLL, we found that with MOLL, the vehicle chosedtive further distances
on more preferable terrain in order to avoid difficult or dersgeas that presented a larger
possibility of damage to the sensors or the need for humametion. Such an instance an
be seen in Figuréa.

Figure19% shows a situation where MOLL can be most useful. Since gagbrse began
with an untrained algorithm, the MOLL course was given anitamital waypoint at the right
of the image in order to give it an opportunity to train on a Brsample of the environment.
As seen in Figurd 9d, this small amount of training allowed it to identify the Waf trees that
heavily hindered the progress of the vehicle in the traweusing only the perception system
or FROLL.

In general, we found that both techniques not only improedjuality of the paths chosen
by the vehicle but also allowed higher speed navigation byeiasing the time the vehicle had
to react to upcoming obstacles and identifying safer tersach as roads. The demonstrated
quantitative impact of these algorithms, however, canootigately capture their potential im-
pact on overall performance. Rather, it is important to usiderd the types of situations that
a UGV may encounter for which these algorithms will be mostdbieial. If obstacles in an
environment are fairly sparse or largely known prior to gation, extending the range of the
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Figure 18: Comparison of paths executed by our robot for slmyurse when using only on-board perception (in
solid red), and with MOLL (in dashed blue) and FROLL (in ddtieyan) used in real-time on-board the robot.
Course started at the top right and ended at the bottom left.

perception system will not significantly improve performametrics. On the other hand, if the
environment is full of dense obstacles, hazards and c@lads-with less visible routes towards
the goal then the degree of benefit when using such approaahdse arbitrarily large.

5.4.2 Field Test Data Post-Processing Results

MOLL was also used to produce a priori traversal cost mapsafanulti-kilometer course
over a large area of complex terrain with heavy vegetatiahedevation obstacles defined by
a series of GPS waypoints (see Fig@®. The algorithm was trained for aboatminutes
using two types of overhead imagery data by driving the ety remote control at about
5 meters per second through the training course outlined &ydtd box in Figur0a. The
trained algorithm was then used off-line to generate a tsafecost map and plan an initial
path through the much larger course. Closeups of generatesr$al cost maps and resulting
planned paths are shown. For comparison, we also inclugectulting path from a traversal
cost map generated by a supervised learning algorithm witham-picked examples from the
actual course and features generated from both overheagptignand high-density elevation
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(d)

Figure 19: Comparison of paths executed for shown situsitidmen using only on-board perception (in solid red)
and with MOLL (in dashed blue) and FROLL (in dotted cyan) dreven in (a) and (d). In (a) the course started
at the bottom and ended at the top and in (d) the course startbd top right and ended at the left. Predictions
of terrain traversal costs for the environment by our athari at the times the vehicle chose to avoid the large
obstacles in front of it are shown for MOLL in (b) and (e) and F&ROLL in (c) and (f). Traversal costs are color-
scaled for improved visibility. Blue and red corresponddwést and highest traversal cost areas, respectively,
with roads appearing in black. In (a) the MOLL path chose awdtf slightly further on road in order to avoid the
more difficult passage to the left while the FROLL path wasabldetect the opening to the left much sooner
than the baseline path. In (b) MOLL helped the vehicle avb&ldrea of dense trees by executing a path that is
43% shorter in73% less time.

32



Table 2: Types of Overhead Data Used by Overhead Online bep(MOLL) and Hand-Trained Algorithms
Used To Produce Prior Cost Maps

Algorithm Data Used Resolution
MOLL (color) Color imagery 0.35m
MOLL (B & W) | Terraserver B& Wimagery 1.0m
Human-Supervised Color imagery 0.35m
Elevation <0.2m

data (see Tabl2 for a description of data sourcedy].

We evaluated the performance of MOLL against the humandchtechnique by accumu-
lating all the traversal costs generated by the vehicleXp@ard perception system during a
traversal of the course shown in Figu28 and comparing those costs to the estimates from
each of the generated prior cost maps. The average absalateretraversal cost (on a log
scale as described earlier) for each method is shown in &@Lias a function of training
time. This result shows that MOLL is competitive with respiecthe human-trained algorithm
using only imagery data after only a short period of trainifitpwever, it should be pointed
out that maintaining a tight correspondence from travarssis assigned by the human-trained
algorithm to those assigned by the perception system wésullifto strictly enforce. This
highlights another advantage of the online learning apgrasver a human-trained approach:
by relieving the need for manual manipulations of traversat assignment strategies, the
entire system is more adaptable to changes in both the envéot and the perception system.

During post-analysis of this test, we discovered that therlovad imagery data and the
estimated position of the vehicle were in fact misalignedabput1.5 m. While this result
shows that our algorithm is robust to such map misalignmiig, article also demonstrates
how our algorithm can be used to detect such errors in alighmeorder to achieve optimal
performance.

Performance of FROLL was similarly evaluated by comparia@stimates to all computed
perception costs during a course as a function of trainimg.ti Only estimates that had not
been used for training yet were included in this calculagmas not to use the training set for
testing). The results can be seen in FigRPe Notice how after only three minutes of training
the algorithm has mostly converged to its final predictivdgenance.

5.4.3 Offline Map Alignment

We applied our map alignment technique to a manually misatigog of perception data and
overhead imagery features. A brute force search acrosstalhpal map alignments i35 m
increments in the four cardinal directions detected a ngsaient of3.85 m west andt.9 m
north. Such a search is too computationally expensive toeb®imed in real-time but was
completed in about an hour through offline processing. Coeatpptobabilities of observed
perception data and the corresponding improvement inrgaleost estimates can be seen in
Figure23. As expected, correcting the misalignment improved thendi&fh of obstacles in
the traversal cost maps and resulted in a stronger corrdepoa with the actual environment,
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Figure 20: Circular course with the GPS waypoints for whigdriari paths were planned is shown in (a). MOLL
was trained during a short traversal of the training coutgkned in the red box. Shown area2800 m x 750 m.

A priori paths generated by a human-trained algorithmdsed), MOLL using color imagery data (dashed cyan),
and MOLL using black and white imagery data (dotted blue)stu@vn in (b). Traversal cost maps produced by
MOLL for the closeup area in (c) using overhead color imagergt black and white imagery are shown in (d)
and (e) respectively. See Talldor description of data sources. Traversal costs are caaled for improved
visibility where blue and red correspond to lowest and higlr@aversal cost areas respectively.
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Figure 21: Average absolute error between log scale traveosts computed by the robot’s on-board perception
system over the course of a multi-kilometer traverse oatarand traversal cost estimates computed using three
techniques: human-trained supervised learning algoritkimg high resolution imagery and elevation data (solid
red) and MOLL using only color imagery (dashed cyan) andli&atd white imagery (dotted blue) as a function
of training time by driving in a similar environment. See T&aB for a description of data sources. The erratic
performance for the first few minutes of training are due ®ltrge effects of new training examples when so
little previous data was available. In the case of MOLL withdk and white imagery, the initial sample of terrain
happened to correspond well to the rest of the course. MOaihitrg takes longer with color imagery due to a

greater number and variety of features.
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Figure 22: Average absolute error between log scale traveosts computed by the robot’s on-board perception

system and traversal cost estimates generated by FROLLusstioh of training time.
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correctly showing that the traveled path is clearly on trero

5.4.4 Feature Selection

We applied our feature selection imagery to a se3bbverhead imagery and elevation data
based features. While these features were all relevant terthieonment, we assumed that
many of them were redundant and therefore selectetitheost important from the set. Figure

24 depicts the accuracy of cost predictions as a function ofitrg time using this reduced set

of features compared to the original set. As expected, thalsnset of selected features

resulted in a decreased training time.

6 Anytime Online Novelty Detection

Safe traversal of UGVs can be facilitated by effective ntyvaétection capabilities. Two com-
mon limitations of novelty detection systems are partidyleelevant to the mobile robotics
domain. Autonomous systems often need to learn from th@emances and continually ad-
just their models of what is normal and what is novel. For egiamif human feedback were
to confirm that a certain type of environment selected aslns\actually safe to handle with
the existing autonomy system or demonstrate to the systerrtiper way to handle the sit-
uation (as in 46]), the model no longer needs to identify such inputs as navist novelty
detection approaches, however, build a model of the noretaifexamples a priori in batch in
order to detect novel examples in the future but are unahlpdate that model online without
retraining.

Furthermore, existing novelty detection techniques sedished performance when using
high-dimensional feature spaces, particularly when s@atufes are less relevant, redundant,
or noisy. These qualities are particularly common in feggurom many UGV perception
systems due to the variety of sensors and uncertainty aboutiese features relate to novelty.
For example, the relevance of camera-based features seoloasand texture of an area of the
environment to novelty (or similarity metrics in genera)difficult to understand as subsets
of the features could contain redundant information or betimarrelevant. It is therefore
important for novelty detection techniques to be resilterguch feature properties.

We present an online approach that addresses these comaimarps with novelty detec-
tion techniques. We approach the problem of novelty detecs one of online density esti-
mation where seen examples generate an influence of faityiliafeature space. When prior
class information is available, we show how using Multipls®@iminant Analysis (MDA) for
generating a reduced dimensional subspace to operatdar tan other common techniques
such as Principal Components Analysis (PCA) can make the tyosdetection system more
robust to issues associated with high-dimensional featpaees45]. In effect, this creates
a lower dimensional subspace that truly captwbat makes things noveRAdditionally, our
algorithm can be framed as a variant of the NORMA algorithmpaline kernelized SVM
optimized through stochastic gradient descent, and thershares its favorable qualitie&].
Along with its anytime properties, this allows our algontho better deal with the real-time
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Log-Probability of the Data

North to South 100 10

Figure 23: Example of how misalignment between overheaa siatirces and estimated vehicle position can be
detected using our algorithm. Computed log probabilityhaf perception system sensor data encountered over a
12.6 m x 12.6 m search space of alignment shifts is shown in (a). MOLL costligtion for area shown in (b)
before alignment correction and after correcting detenteghlignment o8.85 m west andl.9 m north) appear

in (c) and (d) respectively (best alignment is assumed tdaewhich produces the highest probability of seen
perception data). Darker colors in the images correspotalnter traversal costs. The robot’s path is shown in
red.

37



Average Absolute Error (traversal cost)

.......

Figure 24: Average absolute error between log scale traveosts computed by unmanned ground vehicle’s
on-board perception system over the course of a multi-leemtraversal of terrain and traversal cost estimates
computed before and after feature selection: results ofgusie full set of33 features from both imagery and

elevation data (dotted blue) and a subsetdfeatures selected using the feature selection algoritbfit(green)
are shown.

demands of online tasks.

While this work was targeted toward mobile robotics appiaa, the approaches here are
more generally applicable to any domain which can benetfih fooline novelty detection.

6.1 Related Work

Novelty detection techniques (also referred to as anomabutier detection) have been ap-
plied to a wide range of domains such as detecting structamdts [48], abnormal jet engine
operation #9], computer system intrusion detectids0], and identifying masses in mammo-
grams p1]. In the robotics domain some have incorporated noveltga®in systems within
inspection robotsg2, 53].

Novelty detection is often treated as a one-class classificaroblem. In training the
system sees a variety of “normal” examples (and correspgrféatures) and later the system
tries to identify input that does not fit into the trained mbitheorder to separate novel from
non-novel examples. Instances of abnormalities or nowghons are often rare during the

training phase so a traditional classifier approach caneaided to identify novelty in most
cases.

Most novelty detection approaches fall into one of seveaéégories. Statistical or den-
sity estimation techniques model the “normal” class in otdadentify whether a test sample
comes from the same distribution or not. Such approachdésdedarzen window density
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estimators, nearest neighbor-based estimators, and i@ausixture models45]. These tech-
niques often use a lower-dimensional representation ofi#it@ generated through techniques
such as PCA.

Other approaches attempt to distinguish the class of inetaim the training set from all
other possible instances in the feature space.olgopf et al. b4] show how an SVM can
be used for specifically this purpose. A hyper-plane is caottd to separate the data points
from the origin in feature space by the maximum margin. Or@iegtion of this technique
was document classificatiobq]. A noticeable drawback of this approach is that it makes an
inherent assumption that the origin is a suitable prior i@ movel class. This limitation was
addressed bybg] by attracting the decision boundary toward the center etta distribution
rather than repelling it from the origin. A similar approaehcloses the data in a sphere of
minimal radius, using kernel functions to deal with non-etal distributed datab[7]. These
techniques all require solutions to linear or quadratigpams with slack variables to handle
outliers.

Another class of techniques attempts to detect novelty hypressing the representation of
the data and measuring reconstruction error of the inpwe. KBy idea here is that instances of
the original data distribution are expected to be reconstdiaccurately while novel instances
are not. A simple threshold can then be used to detect noaetgbes. The simplest method of
this type uses a subset of the eigenvectors generated by P@&awstruct the input. An obvi-
ous limitation here is that PCA will perform poorly if the dasanon-linear. This limitation was
addressed by using a kernel PCA based novelty detes8hr Benefits of more sophisticated
auto-encoders, neural networks that attempt to recongstrer inputs through narrow hidden
layers, have been studied as wél].

Online novelty detection has received significantly lessraion than its offline counterpart.
Since it is often important to be able to adjust the model otk considered novel in real-
time, many of the above techniques are not suitable for enlge as they require significant
batch training prior to operation. While Neto et ab2] replaced the use of PCA for novelty
detection with an implementation of iterative PCA, perfonoa was still largely influenced
by the initial data set used for training. Marsland propoaasghique approach that models
the phenomenon of habituation where the brain learns toréggrepeated stimuli53]. This
is accomplished through a clustering network called a GrovelRequired (GWR) network.
This network keeps track of firing patters of nodes and alltvesinsertion of new nodes to
allow online adaptation.

Markou and Singh have written a pair of extensive surveglagidetailing many additional
novelty detection applications and techniqueg p1].

The performance of the above-mentioned novelty detecipncaches, however, quickly
deteriorates as the number of less relevant or noisy featyosvs. The disproportionately high
variance of many of these features make it difficult for mahthese algorithms to capture an
adequate model of the training data and their effects guiokfin to dominate more relevant
features in making predictions. Our algorithm addressisctincial limitation in cases where
class information is available within the training set wetstill being suitable for online use.
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6.2 Approach
6.2.1 Formalization

The goal of novelty detection can be stated as follows: gaeraining setD = {x}; y €
X wherex; = {z},..., 2%}, learn a functionf : X — {novel,not-novel}. In the online
scenario, each time steprovides an exampte; and a predictiory;(x;) is made.

We perform online novelty detection using the online dgnsgitimation technique shown
in Algorithm 2 [62]. All possible functionsf are elements of a&eproducing kernel Hilbert
spaceH [63]. All f € H are therefore linear combinations of kernel functions:

ft(Xt) = Zaik’(xuxt) 2

We make the assumption that proximity in feature space ectlyr related to similarity.
Observed examples deemed as novel are therefore remensetdthve an influence of fa-
miliarity on future examples through the kernel functigfx;, x;). A novelty threshold;y, and
a learning ratey, are initially selected. For each examplg the algorithm accumulates the
influence of all previously seen novel examples (B)elf this sum exceeds then the example
is identified as novel and is remembered for future noveledmtion (line7). Non-novel ex-
amples do not need to be stored as they have no impact on fuuedty computations (even
though a coefficient of is assigned in lin® for clarity, these examples do not need to be
stored). We suggest simply using the Gaussian kernel witipgropriate variance?:

2
x5l

k(xi,x;) =e 2 (3)

Algorithm 2 Online novelty detection algorithm

given: A sequence of features = (x;);..r; a novelty threshold; a learning rate
outputs: A sequence of hypothesés- (fi(x1), fao(x2),...)
initialize: t «— 1
loop
fi(xe) — Do) cik(xi,%0)
if fi(x;) <~y then
Qp < 1)
else
ap — 0
end if
t—t+1
. end loop

=

el
N B o
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6.2.2 Improved Dimensionality Reduction

Especially if the number of features is large, it may first leeassary to project the high-
dimensional inpuk; into a lower-dimensional subspace more suitable for npwddtection
using distance metrics. The most common choice for this gnidmensionality reduction
(and novelty detection) techniques is PCA. PCA finds a linearsfiormation that minimizes
the reconstruction error in a least-squares sense. If ®ibkthe features are redundant, noisy
or are dominated disproportionally by a subset of the tnagjisiet, however, applying techniques
such as PCA, or any unsupervised dimensionality reductiomnigque for that matter, may
yield disappointing results as precisely the most reledaettions for differentiation may be
discarded in order to reduce reconstruction error of a kelesant portion of the feature space.

Rather than optimizing for reconstruction errdrscriminant analysiseeks transforma-
tions that are efficient for discriminating between diff@relasses within the data. Multiple
Discriminant Analysis, a generalization of Fischer's Analiscriminant for more than two
classes, computes the linear transformation that maxsrilze separation between the class
means while keeping the class distributions themselvegpaotnmaking it useful for classifi-
cation tasks45].

We argue that when prior class information for the trainiegis available, using MDA
to construct a lower dimensional subspace using labelesdetanot only optimizes for known
class separability but likely leads to separability betwkeown classes and novel classes. In
cases described earlier that result in poor performancenwkang PCA, MDA will largely
ignore features that do not aid in class discriminationteiad focusing on the obviously dif-
ferentiating features. The key observation here is thaélpdetection is about encountering
new classes, so by using discriminating ability as the médbr constructing a subspace, one
can capture the combinations of features that make knovasetanovelith respect to each
otherand likely generalize to previously unseen environmentsffiect capturingvhat makes
things novel

6.2.3 Framing as Instance of NORMA

The NORMA algorithm is a stochastic gradient descent algorithat allows the use of kernel
estimators for online learning task47]. As with our algorithm, f is expressed as a linear
combination of kernels?). NORMA uses a piecewise differentiable convex loss fumctio
such that at each stépve add a new kernel centeredatwith the coefficient:

Qp = _nl/(xtv Ye, [t) 4)

Our algorithm can easily be framed as an online SVM instaf®QRMA using a hinge
loss function as follows:

Yy = )
Uty ye, fr) = maz(0,y: — fi(xt)) (6)

41



Taking the derivative of), we get:

0 otherwise

l/(Xtvytvft) = { - ft(Xt) N (7

As before, the gradient of our loss is non-zero only when tteuaulated contributions
from stored examples are less than the novelty threshpkignifying that the example is
novel. From 4) and (/) we then get:

ap = { n if ft<Xt) <7 (8)

0 otherwise

This is equivalent to the update steps in lieand 9 of Algorithm 2, showing that our
algorithm can be framed as a specific instance of the NORMAriihgo.

NORMA produces a variety of useful bounds on the expected @tiwe loss 7]. For
novelty detection this directly relates to the number ofneghes that are expected to be flagged
as novel. This means we are competitive with respect to thiefbe H in terms of representing
our sample distribution with the fewest number of exampl€Bis is to our advantage both
from a computational perspective, since memory and priedicosts scale with the number of
remembered examples, as well as performance since we wanhitmize false positives that
may be costly to handle.

6.2.4 Query Optimization

Without further measures, the potential number of basistfans stored by Algorithn2 could
grow without bound. NORMA deals with this issue by decayirlgakfficientsa; and drop-
ping terms when their coefficients fall below some threshdhiis is unsuitable for our appli-
cation since we do not want to repeatedly flag similar examatenovel. Instead, we propose
a modified anytime version of our algorithm that ensuresiefficand bounded computation
(see Algorithm3).

This algorithm takes advantage of the fact that familiactytribution to new queries is
often dominated by only a few examples. First, we can easily gome efficiency by only
processing stored examples until we have reached the pdkedshold (line7). The key per-
formance improvement, however, comes from the sequenamiagtion in linel7. For each
prediction, the stored example that breaks the noveltystialely, or the new novel example
itself, is moved to the front of the list as it is more likelyitapact future queri¢s This is a
slight variation of the traditional problem of dynamicaliyaintaining a linear list for search
gueries for which the move-to-front approach was proveretodnstant-competitive, meaning
no algorithm can beat this approach by more than a constetot f&4]. As well as allowing us
to bound the number of stored examples (L this gives our algorithm an anytime property
by enabling it to as quickly as possible classify as much efaghvironment as possible as not

4Another variant is to move stored exampleymaz (1 i k(x¢, x;) to the front of the list.
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Algorithm 3 Online novelty detection algorithm with query optimizatio

1: given: A sequence of featureS = (x;);_7; a novelty thresholdy; a learning rate; a
maximum example storage capacity

2: outputs: A sequence of hypothesés- (fi(x1), fo(x2),...)
3: initialize: t — 1;;n « 0
4: loop
5. 1+ 1
6 fi(xi) <0
7. while fi(x;) < yandi <ndo
8: Jo(xe) — fi(xe) + ask(x, %)
9: 1— 141
10:  end while
11:  if fi(x4) < ythen
12: Opy1 <N
13: Xn+1 < Xy
14: n+—n-+1
15: i<—1—1 [liwas incremented one extra time
16:  end if
17:  optimize sequenceMove («;, x;) to front
18: if n > N then
19: Delete(a;, X;)isn
20: n+« N
21 endif
22: t—t+1
23: end loop

At line 17, if f;(x;) = not-nove] i indexes the example that broke the novelty threshold. Otherwise,
indexesx;.
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Figure 25: Examples of hand labeled class categories (boati/ grass, rocks, tree trunk, tree branches, etc.)

novel. When this algorithm is unable to run to completion dugérhe constraints, it will fail
intelligently by generating false positives but never ptitdly dangerous false negatives.

6.3 Application to Mobile Robotics

A natural application of this algorithm is to online novettgtection for a mobile robot. To
perform novelty detection on the Crusher UGV we used subgdteanitial raw features as
well as the intermediate classification and density feattoeeach voxel as shown in Figuse

Due to the voxelization approach of the perception systesoudised in Sectio#.2.1, we
are forced to deal with a relatively high-dimensional featspace49 features) as well as with
the associated issues described earlier.

6.3.1 Dimensionality Reduction for High-Dimensional Data

We address this problem by using MDA with an extensive lfp@rhand-labeled examples
across many environments and conditions to compute a lowarngional subspace more suit-
able for density estimation as described in the previoussecOf the available classes, four
were used to construct a three-dimensional subspace:didadicks, bushes and barrels (see
Figure25). A fifth class of examples corresponding to various nomrddanan-made objects
was withheld to verify the suitability of this subspace (5egure26).

Figure27 shows the projection of all five classes onto the first thresesshaectors computed
by PCA and LDA using the first four clas$e§ he LDA projections clearly show better sepa-
ration between the new set of man-made examples and thealrfgur classes. As expected,
the most overlap occurs with the barrel class as barrel® stanmon properties with other
man-made objects such as smooth surfaces, colors, ete Bawould desire these new ex-
amples to be identified as novel relative to the rest of thesels, this separation implies that

SAll features were initially rescaled to zero-mean, unitiaace.
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Figure 26: Sample hand labeled examples in the 'other madehwass used for validation of dimensionality
reduction effectiveness. This category excluded ins&n€éarrels which were used as a separate class.

road/dirt

¢ rocks

* bushes
barrel

¢ other man-made

Figure 27: All data points projected onto the subspace difiyethe first three basis vectors computed by PCA
(left) and LDA (right). Only the first four classes were usedtbnstruct the subspaces (‘other man-made’ class
was withheld as a test class). The LDA-based projectiorrlglsaows significantly more separation between the
new man-made class and the known classes, implying a mdaebkusubspace for novelty detection.
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Figure 28: After initialization with no prior novelty modelarious small vegetation was detected as novel (iden-
tified in red).

that this is a more suitable subspace for use as a similagtyierwithin a novelty detection
system.

Because our algorithm is efficient for online use, the noveltdel can start uninitialized
or can be seeded with a sampling of examples used duringngeso that it can identify areas
that are novel and potentially unsafe to handle with theenimperception system.

6.4 Work To Date

Our novelty detection algorithm (with query optimization@s tested in real-time on logged
data to evaluate its online novelty detection performaibe. test environment traversed by the
robot consisted of combinations of road, grass and dirtgel@ariety of vegetation, a series of
small barrels, several ditches, large heavily-slopedspferocks and a long chain-link fence.

We projected all examples into the three-dimensional sutesgenerated by MDA as de-
scribed in the previous section from the first four hand-latbelasses (not using the non-barrel
man-made objects class). To best exhibit the online nodeltction abilities of our algorithm,
the model was initialized to contain no prior examples. Asehvironment was explored, per-
ception system features were averaged infocm? grid locations for use as online batches
of examples. Those that were identified as novel relativéaéocurrent model (composed of
everything previously identified as novel) were incorpeddnto the model as described earlier.

The vehicle’s initial environment consisted of fairly optenrain with some light scattered
vegetation scattered on both sides. As expected, instafcegsh vegetation were detected as
novel the first few times they were seen (see Fi¢i8e

The vehicle then encountered areas of much denser, largetat®n. Initially, a majority
of such vegetation was identified as novel with respect teipus inputs (see Figurg9). As
the vehicle continued navigating through similar vegetatthe model adapted and no longer
identified such stimuli as novel (see Figl8®. Figure31 demonstrates this learning process
through a series of overhead images of this initial envirentnidentifying all future locations
that are novel with respect to tlmurrent model. Output is shown at three points in time:
near the beginning of navigation, just before initial enteus with dense vegetation and after

46



sensing a small amount of dense vegetation. It is clearigleifow the system adapts quickly,
causing future similar instances to no longer be flagged @slno

Proceeding through the environment, the vehicle then ertecsia series of plastic barrels
(see Figure32). As desired, the first several appear as novel with respehgtlarge variety of
vegetation previously seen while later barrels are no Iongeel due to their strong similarity
to the initially seen barrels. Similarly, a long stretch aftein-link fence is identified as novel
late in the course (see Figu#e Again, the initial portions of the fence triggered the alby
detection algorithm while later portions were no longereiaue to the algorithm’s adaptation.
Additional examples of novel instances identified durirayérsal appear in Figuis.

Overall, the novelty detection algorithm was able to idgrdil major unique objects (veg-
etation, barrels, fence, etc.) with a relatively small antcaf false positives due to effective
adaptation to the environment. When PCA was used to createdha€ subspace, the lack of
separability between classes resulted in either unadadgpteny false positives or false nega-
tives, depending on parameter choices. As with any alguarithe success of this approach is
heavily dependent on the quality of features.

Computation time comparisons between the two algorithmsisrcourse highlight the ef-
fectiveness of query optimization (see Fig8#&. While the average computation time required
per novelty query using Algorithra grows with the number of stored examples, AlgoritBm
experiences temporary spikes in computation time as nogakare encountered but query op-
timization allows the algorithm to quickly adapt its ordegiof examples in order to maintain
a bounded computation throughout navigation and allowcgife anytime novelty prediction.

6.5 Proposed Work
6.5.1 Novelty Detection

To date, our results in online novelty detection have beedlitatively compelling but we
have not derived any quantitative metrics of our algorithperformance. Such a result would
consist of ROC analysis that would describe the expecteletodf between false-positives and
false-negatives for our approach dependent on the novekgliold as well as justifying the
choice of MDA over PCA for dimensionality reduction. A sigodint difficulty in measuring
performances for such an online application is that we dohawe a straightforward way to
label training data and test performance. Rather than arctofij@ply being novel or non-
novel, there is a temporal component to online novelty detet¢hat complicates the metric
and is often subject to interpretation. Furthermore, ngu#tection is performed on a cell-by-
cell basis so predictions will need to be clustered for bggpiurposes for each independent area
in the environment. If necessary for more robust perforrmane will also explore non-linear
dimensionality reduction alternatives to MDA.

An additional challenge we hope to address is the presensevefal hand-picked param-
eters in this system, specifically the kernel bandwidth che@vel example and the threshold
for novelty. We propose to further leverage the availapitift hand-labeled classes during
training to identify parameters that generalize well to raa.
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Figure 29: Initial encounter with larger and denser vedatatesults in a significant amount of detected novelty
(identified in red).
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Figure 30: Similar vegetation as that shown in FigRgsencountered a short time later. Notice how almost all
vegetation is no longer novel due to similarity to previotisigli.
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Figure 31: Novelty of all future perception input using @mnt novelty model on vegetation-heavy terrain shown
in Figures28, 29 and30 at three points throughout traversal. Robot’s past anddytath is shown in light and
dark green respectively and novelty of terrain is indicdiga gradient from yellow (moderately novelty) to red
(high novelty). Robot is initialized without a prior novglinodel.

Furthermore, we will need to provide rigorous theoretiagguanents as to why our online
anytime approach has good regret properties while minirgitie amount of time necessary to
call something novel. This will require analysis and formuesitification for the various query
optimization variants discussed previously.

Since to this point we have been working in real-time on lagdata, our next step will
be to implement this approach onboard the E-gator platfdifa.propose to conduct a series
of experiments under various conditions to demonstrateapabilities of this approach and
the potential benefit of human involvement in such situatio®ur primary metric will be
the apparent improvement to vehicle safety measured by helvdetected novel locations
correlate to vehicle struggles or human interventions. Vésymme that in such situations, a
human operator queried for help due to the detected levebeélty could have averted the
poor performance or required intervention.

A variety of categories of objects will be used to rigoroutdgt the performance of the
novelty detection system. The most obvious include a wanétman-made objects such as
vehicles, buildings and barriers such as fences. Uniquetaggn that the vehicle may struggle
with will also be explored. Of particular interest are oltgethat are of unique appearance but
can be potentially navigated through by the vehicle. Exasplf such objects include soft
or malleable materials such as foam, paper / cardboardtahbfaobjects, or situations that
occlude sensing abilities such as smoke.

Two modes of operation will both be explored. In the first, sigestem will begin with no
prior knowledge, causing everything to appear initiallyeldas described in the initial results
of Section6.4). The goal here is to observe the instances and order oftslifeat are identified
as novel and to ensure that future instance of those objecksnger appear novel. This is
intended to test the online capabilities of the novelty dibda system.

The second mode of operation is one where the novelty detesyistem is initially seeded
with a representative sample of normal terrain (road, gnasks and common vegetation).
Here the goal is to identify situations that are novel witbpect to this training set, resulting
in a simulated human query. We would track the percentagesbfcises identified as novel
(as well as false positives), as well as the number of humanventions averted compared to
a system without novelty detection.
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Figure 32: Series of barrels encountered later in the codrse initial barrels are detected as novel (red shade)
even after significant exposure to a large variety of vegetdtop and left). Later barrels are no longer identified
as novel due to online training.
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Figure 33: Additional examples of novel instances iderdifileiring later traversal (red shade): first encounter

with a ditch (left) and a large, heavily-sloped pile of ro¢kight).
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Figure 34: Average computation in milliseconds per noveliery on3.2 GHz CPU for Algorithm2 (dashed
red line) and Algorithm3 (solid blue line) over the previous seconds throughout navigation. Computational
complexity of Algorithm3 remains bounded due to the order optimization step (life These timings do not
include feature computation and projection costs as theydantical under both algorithms.
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While it's difficult to speculate about the potential perf@amce of such a system, we will
consider it successful if we can eliminate at least half eftthman interventions on this partic-
ular platform by identifying a majority of novel situatiotisat are hazardous to vehicle progress
with relatively few false positives.

6.5.2 Change Detection

Change detectios a problem we believe is closely related to novelty detectiWhereas
in the case of novelty detection we try to identify stimulattare novel with respect to all
previously encountered stimuli, in the case of change tleteave are interested in detecting
when a significant change has occurred in a previously tsaddocation.

Such a technique is especially useful for repetitive ndiogatasks such as supply routes
and patrolling where such changes can pose navigatioral oislocations of interest that a
human should be aware of. In urban or work environments,ddu&bility would serve as a
safety system to reliably detect humans. For example, a hgittang in the path of the robot
may appear identical to a bush or a boulder as seen by a percepstem from a traversability
standpoint. The goal of a change detection system is spabyfio be able to discriminate
between such cases.

Itis also important that this approach be able to deal witharfect localization with errors
of up to several meters as is common in many domains. Likeltyostetection, this problem
requires an efficient representation for large quantitfiggseoception data. However, we will
need to explore alternative data representations thatsdeaa@identify location-specific devi-
ations while being robust to position uncertainty. If we sidier the continuum between the
use of location-independent features on one extreme alyddehtion-dependent features on
the other, novelty detection lies at the first extreme whilarge detection lies closer to the
other extreme (see FiguB5). The exact position on this spectrum is determined by posit
uncertainty during operation. We plan to develop algorghand data structures that allow us
to operate anywhere on this continuum in order to be able timqme both novelty detection
and change detection using the same general approach.

Experiments to validate change detection capabilitiesoeiisist of baseline navigation of
a courses followed subsequent navigation of the same witea variety of changes that are
to be detected by the system. The system will need to deteetisins such as movements or
additions of obstacles, replacements of some objects witites other ones and, most impor-
tantly, the presence of humans on the course that were regmrpreviously, even if they take
the place of similarly-sized obstacles. A successful destration of change detection will be
able to identify such situations even if the perceptionaystloes not find any differentiation.

We will measure the system’s performance while varying isigitg parameters through a
rigorous ROC analysis over a variety of courses. We hope sbleeto identify almost all situ-
ations of new objects appearing where they were not preséotdb The key achievement will
be to identify humans in scenes, especially when the paorepystem would not otherwise
distinguish between them and previously seen obstacles.
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Figure 35: Novelty detection and change detection bothiregun efficient representation of previously seen per-
ception features and lie on a continuum between fully lecaindependent features and fully location-dependent
features. Novelty detection does not take into accountdhations of any features while change detection is
largely location dependent but must be able to account fataraie positioning errors.

7 Online Candidate Selection

As we argued previously, many UGVs possess competent auipegstems that are capable
of dealing with a wide variety of situations. These systemes reot perfect, however, and
their performance degrades as characteristics of theiramaent begin to diverge from the
environments used throughout training. In some domairsstiterefore reasonable to assume
that a human operator may be available for short periodsna to provide remote supervision
or tele-operation. The responsibility of deciding how anldew to use this remote operator
assistance to improve performance and mitigate risk liés thie autonomy system.

The final portion of this thesis is devoted to a candidatecsiele system that observes the
performance of the autonomous vehicle in particular sbuatand compares that performance
to remote human-control in similar situations. When the eleheéncounters such situations in
the future, it will be able to make a decision about which ¢daid will perform better.

Itis important for such a system to be well-suited for onliise. Not only is it unpredictable
in advance how well the autonomy system will perform in nasiglations, but human oper-
ator performance can also vary depending on factors suchrasaidth limitations, operator
handicaps such as limited skill or familiarity with the irfeece, fatigue and weather conditions.
To address such a scenario, we present a reinforcemeninigdrased approach that learns to
trade-off between multiple candidates while minimizing fyotential penalties incurred when
choosing the wrong system in each situation.
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One way to take advantage of such a system is to combine dirthitenan availability with
the online novelty detection capabilities of Sect@®nSince it is impossible to predict what a
UGV may encounter, the key to success is for the UGV to segkltefbreit experiences a
major failure. The human can then either inform the robot itha safe to proceed or handle
the novel situation himself, significantly reducing missiisk. Once the significant mission
risk posed by novel situations is mitigated, the candidatection system could be utilized to
further optimize the systems navigational performanceuth selective human control. We
call such a two-pronged approach thssisted-Autonomy FrameworkVhile we explore the
novelty detection and candidate selection problems inatdgly in this thesis, we do not plan
to implement or evaluate the effectiveness of a combinedoagp.

7.1 Related Work

As robotic systems continue to play a larger role in our d@se there has been increased
attention on how to optimize the interactions between hugvaad robots. This field is often
referred to as Human-Robot Interaction, or HRI.

Many researchers have investigated approaches for hetexogs human-robot teams. In
such a scenario, humans and robots act as independent Hgentsust cooperate on a given
task. Such techniques have been explored in domains sutie &$reasure Hunt” scenario
[65, 66], robot soccer7], forest fire monitoring $8], border patrol §9] and search and rescue
assistancer[0, 71, 72, 73|.

We deal instead with the scenario where a human can cordritnited attention to im-
prove a robotic system’s performance but is not himself dependent agent in the scenario.
In this case, a robotic system operates somewhere on th&speoetween full autonomy,
where there is no human involvement, and full tele-openatichere the human is in complete
control at all times. Scenarios where the degree and metifdusnan interactions with robots
within a system can be varied dynamically in order to opterperformance are often referred
to as ones o$liding autonomyr adjustable autonomyWhile most mobile robot systems tend
to lie on one of the two extremes of this spectrum, effecgibalancing autonomy with limited
human involvement can lead to significant improvements fietgaefficiency and overall cost.

The extreme of full tele-operation is already common in m@®ks such as remote bomb
disposal or reconnaissance4], operation in hazardous environmen#5,[ 76] and robotic
surgery [f7]. On the other extreme, full autonomy has been heavily stgdin the research
community but often is unable to transition into real-waajgoplications due to high reliability
requirements and cost constraints. We argue that the waytitaiaing the value and impact of
robotic systems is to find a compromise on this spectrum thiainises cost and development
time with autonomous abilities, allowing these systemsddiblded years before otherwise
possible.

In some scenarios where the human is the primary operamiutonomy system is in-
tended to aid by request or when it detects a dangerousisitudhis is especially common in
various driving assistance systems that are graduallyrbegpavailable in high-end vehicles.
These include systems that detect drowsin@8k provide parking assistanc&q], automate
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cruise control §0], and provide situation aware brake assistance for coflisivoidance§l].
Similar techniques have also been applied to trains, bussgs-trucks, many forms of public
transit B2], and aiding flight and air traffic contro8p].

Similar approaches have been applied to surgery to decseiageon fatigue and improve
performance. Through the use of force feedback and visistesys, researchers are developing
a hybrid control scheme to perform basic subtasks in rotassisted laparoscopic surgedy.
Such systems can automate repetitive tasks such as thengesuction process, a simple yet
tiring procedure that often limits durations of surgicab@edures.

Much of the success in space exploration has been largelyadrebotic technologies.
The immense cost of rovers that are to operate on Mars or tloe mMakes it imperative that
their safety is protected. While the space program has raatlyr been conservative in in-
troducing autonomous capabilities to robotic systems, NASd the research community are
gradually beginning to explore the potential benefits oftih autonomous operation. While
tele-operation is possible in most cases, the distancesnmveh commands must travel make
the associated time delays troublesome. Commands sentritothrewould experience up to a
2.5 second delay while tele-operation of a rover on the surfadéass can experience delays
of up to45 minutes.

A safeguarded tele-operation approach sharing contrdiefdver using a command fu-
sion strategy was proposed for time-delayed remote drii@®) In benign situations, users
remotely drive the rover, while in hazardous situationsateguarding system running on-
board the rover overwrites user commands to ensure velatdtysand deal with the user’s
inability to evade obstacles effectively due to the timeagiel

Specifying series of waypoints at once can partially ad&ithis issue but would be still
hindered by the operator’s limited field of view at any givesirp in time. In an effort to in-
crease performance through autonomy, NASA began utiliaanggational autonomy at times
on its Mars Exploration Rovers, Spirit and Opportunity. InYWEO05, NASA integrated a ver-
sion of the Field D* algorithm into the navigation softwarktle rovers, enabling local and
global planning 13, 86]. Such approaches have the potential to improve prodtctivinile
significantly reducing supervision requirements and parsbcosts. Others are exploring the
roles of adjustable autonomy in future space missions tovdtumans to closely interact with
robotic systems at whatever level of control is most appad@{87].

The formulation for most of the situations described ab®/edmetimes referred to as
user-based autonomwdjustable autonomy is driven by the need to support userad8s].
We instead deal with scenarios within thgent-based autononfigrmulation where autonomy
is the default mode of operation and an agent explicitly srasabout whether and when to
transfer decision-making control to a human. Since infging the human often has high
costs, complexity falls on defining an acceptatidasfer-of-controktrategy.

The Trestle system, for example, consists of three diften@vots that must work together
to assemble a small structure from individual bea&® 90]. These robots can either function
autonomously or through tele-operation from a human. Tdinodecision trees and Markov
Decision Processes trained from prior performance datesytbtem was able to utilize the hu-
man intermittently to achieve a balance between human usewamall performance. However,
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in scenarios such as the one we address, prior performaiocaation is often unavailable and
the system must learn such models online. Furthermoresyisiem is able to request human
assistance to correct failure, a luxury that is not avagdatlmany situations.

For single-agent systems some have suggested relinqgisbitrol when there is an ex-
pectation of high benefif[l, 92] or the degree of uncertainty is highJ]. In scenarios where
a single human must supervise multiple robots, adjustalittnamy becomes a requirement.
Scerri et al. have extensively studied transfer-of-cdrst@ategies for large multi-agent teams
using Markov Decision Processe3]. Similar techniques have enabled NASA to replace a
full-time multi-person operating staff for supervisindgedéite behavior with automated systems
that signal for human help only when unexpected events ge&jir

Fong introduced the idea allaborative controlto allow the human and the robot to
engage in dialog to exchange information, ask questions oegolve differences, allowing
a single human to supervise multiple robots simultaneo[8y 97]. This is accomplished
through a set of approximately thirty defined queries erthltespecific situations. While this
improved robot performance in situations that matched teedefined system specifications,
the system would not extend well to novel situations due gaigid definition and lack of
online learning abilities.

Goodrich and Schultz have written an extensive surveylanic the field of Human-Robot
Interaction exploring many additional approaches andiegipbns P8g].

The key difference in our approach from the above-menti@mgutoaches is that we do not
constrain the system by any pre-determined rules or mo8eise it is not possible to prepare
for all possible circumstances a robot may encounter, thigyato learn online the capabilities
of each potential expert allows our systems to better adaptdre diverse and challenging
environments.

7.2 Approach
7.2.1 Contextual Multi-Armed Bandit Setting

The candidate selection problem involves choosing an ¢geli@ each encountered situation
from a set of candidate systems, in our case the autonongmsystd the human tele-operator,
whose performance we assume comes from some unknown diginblt is therefore intuitive
to frame this problem as an instance of the commonly studialfi-armed banditproblem
[99, 100, 101. Bandit problems are relevant to a wide range of domains siscétatistics,
economics and clinical trial decisionk(2 103 104.

In the k-armed bandit setting, at each time step the world chobdesses (or rewards),
l1,...,lx, and the player makes a choice of an arr& {1, k} without knowledge of the
hidden losses. The player then observers only thellossrresponding to the chosen arm.
Since the loss distributions are unknown, there is an iabigt conflict between minimizing
the immediate loss and gathering information that will befulsfor long-term performance.
This is often referred to as tlexploration-exploitation trade-oince we must choose between
exploringour unknown loss distributions amedploitingthe arm we currently believe to be best.
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We deal with a more suitable variation of this setting catleglcontextual banditsetting
where at each time stephe player also observes some contextual informatiomwhich can
be used to determine which arm to pulDp, 106. Since we can compute onboard perception
or overhead features for areas that we encounter, it ismahsofor us to take these features
into account when deciding on a candidate operator.

As is common with bandit problems, our goal is to minimizere¢gthe difference between
the performance of the algorithm and that of the optimal@atiym in hindsight:

R=3>"(—1) ©)

t=1

wherel; is the loss incurred at each round by the optimal strategy.

7.2.2 Exploration-Exploitation Trade-off

Finding the right balance between exploration and exgiotawhen dealing with a bandit
setting is one of the core problems in the field. For the stahduaulti-armed bandit problem,
some simple approaches include:

e-greedy strategy.The best known arm is selected for a proportion ¢ of the time and a
random arm is selected for a proportioflL07].

e-first strategy. A pure exploration phase is followed by a pure exploitatitiage. For
an experiment of lengtfi, the exploration phase where a random arm is chosen ocaupies
steps and the exploitation phase where the best arm is cbosapies the remaining — ¢)7’
steps.

e-decreasing strategySimilar to thee-greedy strategy, except that the value decreases
as the experiment progresses, resulting in higher exjporatrlier in the experiment and more
exploitative behavior later.

Approaches such as these are not well-suited our problere ey ignore the availabil-
ity of contextual information. We therefore choose to dedhwhe exploration-exploitation
trade-off through the use of confidence bounds. With a md@lis able to supply confidence
bounds, the widths of the confidence bounds reflect the wingrtof the algorithm’s knowl-
edge. By choosing the candidate with the highest upper cordgbound at each time step,
the algorithm elegantly trades off between exploration exgloitation. When uncertainty is
high, choosing that candidate will provide informationtttgll quickly reduce uncertainty in
that region of the model. As we gain knowledge about eachidated confidence bounds will
shrink and we will choose the candidate with the highest ebgueperformance. This approach
was well-justified for the bandits setting and shown to hamalkregret [L0§.
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7.2.3 Linear Optimization as Multi-Armed Bandits Problem

An algorithm that was very influential on our approach wasiedr optimization analog of the
k-armed bandits problem proposed by Dani et al. where rattzar finitely many arms, the
decision set is a compact subgetC R™ [109. At each step, the algorithm must choose a
decisionz; € D, and each choice results in a ldss- ¢;(x;) wherec, is assumed to be a fixed
linear function with some amount of additional noise.

Their algorithm utilizes upper confidence bounds by manitg an ellipsoidal region in
which the optimal decisiop is contained with high probability. Suppose decisions . ., z;
have been made, incurring corresponding logges.,[l; ;. Then their estimatg to the true
cost vecton: can be constructed by minimizing the square loss:

i = argmin L(v), whereL(v) = Z(UTxT —1,)? (10)

v Tt

A natural confidence region fqr is then the set of decisions for whichZ(v) exceeds
L(j1) by at most some amoupt

{vlL(v) = L) <= B} (11)

The confidence region at tinte B;, is defined to be the ellipsoid that contains the region
defined in (1). The decision at the next round is then the greedy optiog&cision:

7y = argmin min (v’ z) (12)
zeD vE By

We propose to utilize a variation of this approach as desdrib the following section.

7.2.4 Formalization

We are dealing with the following online candidate seletpooblem. At each time stepwe

get some contextual featuresfor our environment and must choose from oné eandidates

to operate the robot for that time stefhese features will be generated from either on-board or
overhead sources using similar methods to those descraskelre@nd will contain information
over a more broad area. For example, in the case of overhaaads, one way to achieve this
IS to convolve the feature values for the environment withaaugzian kernel in order to blur
the data, in effect introducing an influence from surrougdireas into each location. The goal
in such a setting is to minimize the amount of time spent dgadiith the situation at that time
step, measured by the period of time it takes the robot ta eantkexit a3 meter radius window
around that location.

8In the case of choosing between a human and the autonomyrsyste 2. We discuss this problem in the
more general case as it could also be applied to choosingebatmultiple autonomy systems, multiple human
operators, etc.
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After each selection, the algorithm observes the noisylfaeki: of only the chosen can-
didatei. We assume a simple linear model for edchs a function of the contextual features
Ty

E(Lj|i zy) = p', (13)

We assume the estimates have Gaussian noise and are tbalisfabuted:

li ~ Normal(l}, o?) (14)

Our problem differs from the linear optimization scenarfdani et al. described above
in that we do not choose, € D at each time step but rather receive a fixgdand must
choose among ourcandidates. We are therefore trackinigstances of the linear optimization
problem in parallel, one for each candidate. This makesaniidence region problem simpler
as we only have: alternatives to evaluate, the upper confidence estimate fdr each of
the & candidates, rather than all hypotheses contained in tips@lll B;. Bayesian Linear
Regression as described in SecttA. 1lis therefore an appropriate algorithm for maintaining
estimates for each’ and generating upper confidence-based predictions.

7.3 Proposed Work
7.3.1 Candidate Selection

We propose to validate this candidate selection algoritffime through two applications rel-
evant to mobile robot navigation.

First, we plan to demonstrate how this approach can be usathtage the previously
mentioned trade-off between human and autonomous coltitale we do not have the system
infrastructure to be able to trade-off online between tgeration and autonomous vehicle
control, we plan to simulate such an online scenario by uaipgir of logged traversals of
the same course by each candidate: a human tele-operatgr aigiigh-bandwidth camera
system and the autonomy system. All locations where the giatie human driver and the
autonomous driver are in sufficient proximity can be used taiaing point for the system.
As the algorithm chooses a candidate, the traversal timthéospecified candidate that will be
revealed to the algorithm.

We also plan to show how the same technique can be used to deaognarios where
limited high-resolution overhead data is available to &ié tobot in navigating through an
environment. The Digital Terrain Elevation Data (DTED)déwef an overhead elevation data
set specifies its density of coverage. DTED level 3 overhedd i$ available for a majority
of the world but is so sparse that in most cases it adds vély id the features that can be
generated from overhead imagery. Meanwhile, higher résoloverhead data can be used to
produce more accurate traversal cost estimates that theda@\se for better prior path com-
putation but often require expensive and time-consumimiglagirveying and a large amount
of bandwidth if remotely supplied to the vehicle. In sceoarwhere there is either limited
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time to gather that data or limited bandwidth for wirelesstmission of the data to the ve-
hicle during navigation, our algorithm can be extended lmaathe robot learn to identify the
situations where it will most benefit from high resolutiortalen order to allocate it to areas
that maximize its impact.

We plan to simulate such a scenario by utilizing a series dtitmaypoint logged runs
from a previous field test on the same courses using DTEDd&e#t and 5 overhead data.
The candidates for each waypoint in this case are the chéiderwity of overhead data for
an area bounding that path segment. The candidate selagistem therefore had the goal
of learning a mapping from the average of feature values ctaspfrom readily available
overhead imagery and DTED 3 data within the segment’s bagratdx to the average traversal
speed for the vehicle over that segment of the path usingeadidate type of data.

While DTED 5 data will almost always result in the best perfanoe, we plan to deal with
a scenario where high-density data is available for onlyragreage of all path segments. At
each step we plan to use a linear program to optimize theaditots of remaining data avail-
ability using the predicted performance on all remainingnsents from the learned models
for each candidate at that time. Selections at each stepwoeh be based on the initial step
of this locally computed optimal allocation. To avoid hayito do integer programming, we
would choose the candidate with the highest allocationeafitkt step.

We plan to measure the performances of our approach in eatttes¢ applications by
tracking the cumulative and average regret of our algorittompared to several simple ap-
proaches such as a random-candidate strategy.

7.3.2 Intelligent Uncertainty Resolution

An extension we would like to consider is an intelligent umaiaty-resolution technique to
minimize the potential number of human queries during retidg. With a functioning novelty
or change detection system, it is important to consider #meefit of resolving uncertainty,
presumably through a human query. For example, if a novedabljlocks a primary route
to the goal and the next best alternative has a much highértbes the potential benefit of
involving a human exceeds the cost (see Figge Similarly, a candidate selection system
choosing between autonomous and human control can avogtassary human involvement
in situations that can be relatively easily circumnavigatetonomously, allowing larger human
utilization at more critical situations. By considering thessible impact on the global path of
both possible extremes (trivially traversable and congbyetintraversable), we can choose to
avoid novel or potentially difficult situations that canmsggnificantly improve our metrics.

Such an approach provides several key advantages. As medfweviously, it enables us
to better utilize human attention during hybrid controlteyss such as the candidate selection
framework. Even without human involvement, a percepticstey can benefit from this tech-
nigue when dealing with uncertainty. If a component of thetam is not confident about it's
prediction (for example, when a classifier is uncertain amhether an area contains vegeta-
tion or solid obstacles), rather than predicting a traversst that represents blend of the two
possibilities, the system can choose to be conservativéa@etiuncertainty with high cost un-
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Figure 36: We plan to develop an uncertainty resolutionnégie that can distinguish between situations such as
those above. In the leftimage, resolving the uncertaintiatpinch point through a human query can potentially
save significant time and travel distance. In the right imalge outcome of a human query cannot significantly
effect the path.

less there is a potentially high benefit from querying a hufoahelp or attempting to navigate
through the location.

Possibly of higher impact, such an approach would achiegebtnefits of higher sen-
sitivity within novelty or change detection systems withawmacceptably high human time
commitments. Because only a minority of situations will héve potential to significantly
influence our relevant metrics, we can tolerate more falsgtipes without the potential of
heavily burdening a human supervisor.

We plan to demonstrate the functionality of this uncertanmesolution technique through
experiments in conjunction with the novelty detection egsidescribed previously. We will
design courses with a variety of novel situations and objastdescribed earlier with varying
impact on the optimal path. We plan to show that compared tasglime novelty detection
system we can achieve equivalent or better safety, time emtande metrics. We will show
that this can be achieved using fewer simulated human cuexien while running a more
sensitive novelty detection system.

8 Schedule

Table3 presents a summary of tasks proposed in this thesis, igegtibnes which have been
completed and proposing a date of completion for the rest.

As can be seen from this table, all perception system relatdide learning work has
already been completed and the major remaining work isaglt systems development and
integration onto the E-gator platform, tdeep memorgpproaches for novelty detection and
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Table 3: Schedule of proposed work

| Task | Date of Completion |
Perception-Related Online Learning(Sectionb)
Core algorithm development Done
Overhead Map Online Learning (MOLL) Done
Far-Range Online Learning (FROLL) Done
Extensions and testing onboard UPI vehicles Done
E-gator platform development(Section4.2.3 Summer 2009
Online Novelty-Detection(Section6)
Core algorithm development Done
Initial offline experiments Done
Explore other potentiadleep memorgpproaches Summer 2009
Novelty detection implementation onboard E-gator platfor Summer 2009
Change detection with positioning uncertainty Fall 2009
Continued experiments Fall 2009 / Spring 2010
Theoretical analysis and comparisons Spring 2010
Online Candidate Selection(Section?)
Core algorithm development Done
Operator selection experiments (on logged data) Spring 2009
Overhead data selection experiments (on logged data) Spring 2009
Uncertainty-resolution extension Fall 2009
Thesis Writing
Thesis proposal May 2009
Thesis writing and defense Spring / Summer 2010

change detection, and intelligent uncertainty resolution

Algorithm development and testing is planned to continueughout2009, concluding
with the thesis writing and defense2010.

9 Contributions

The contributions of this thesis will be a series of onlinelabilistic algorithms for enabling
mobile robots to operate more effectively and safely in mliar domains. We will argue
how online techniques are necessary for overcoming thediions of offline methods and
how such techniques are vital to extending the real-worjgiegtions and impact of mobile
robotics. We will also explore the idea deep memorythe ability to represent and utilize
large amounts of previously seen information, and how sechrtiques can be applied to
the problems of novelty and change detection. Furthermeeewill demonstrate through
both offline and online testing how combining the adaptiveiggenance of our algorithms
with the inherent mobility of a capable UGV can lead to moffecieint navigation of complex
environments. Finally, we will present theoretical justition for our approaches as well as
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a variety of extensions to our algorithms that will furthkeeir impact on the field of mobile
robotics.

The combination of these techniques will improve the effectess and range of the robot’s
perception system, dramatically reduce the number of omissnding errors by identifying po-
tentially hazardous unfamiliar situations, reliably de:tenexpected changes in previously tra-
versed environments and allow better utilization of thelatdity of limited human assistance.
Such capabilities will increase the reliability and rolmests of mobile robot systems and will
be a step towards enabling more UGVs to be fielded in realdnapplications.
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