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Chapter 1: Introduction

In future exploration missions astronauts will wowkth robots to accomplish

ambitious scientific and engineering tasks (Fond Biourbakhsh 2005). Planetary
surface rovers must be capable of autonomous nawigand manipulation, and they
also must appropriately interact with their humampanions. A variety of mission

scenarios will involve navigation to a set of looas where tasks such as site
inspection, sampling, or construction must be cetgal. Cost and efficiency factors
may favor specialist rovers that team to accomg@ifinoad range of tasks. With such
a team, rovers must be assigned tasks based orcipaibilities as well as expected

traversal cost between worksites.

Rather than directing activities from a remote ooingtation, astronauts will move in
the same environment as their robot companionsh Batronaut will be assigned an
initial set of tasks to accomplish, some of whicaynbe completed alone and others
will require the assistance of one or more rovdR®vers may support astronauts by
providing tools, storing samples, or relaying serdata to a mission control station.
Any rover tasked with directly supporting an astrenactivity will follow the lead of
the astronaut, understanding their high-level rdb&it requiring real-time
characterization of astronaut motions to effectiveperate at the same worksite.
Even for missions in which rovers and astronautrate at distinct worksites, rovers

may be constrained to execute only nearby taskbatothey can quickly reach the
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astronaut to provide support when requested. Roway be equipped with life
support supplies as well as tools and sensors,idgingvimproved safety for the

astronauts as well as increased operational effigie

Activity planning and execution for a rover teans haeviously been investigated
with systems such as CLEaR (Closed-Loop Executimh Recovery) (Estlin et al
2005a/b). CLEaR relies on the ASPEN planner, whicdorporates an iterative
repair algorithm to facilitate dynamic responsehisTsystem has been successfully
demonstrated but has not yet been extended torredmut direct collaboration with
humans. Other researchers (e.g., (Fong ThorpeBand 2003)) have specifically
focused on the interaction between humans and spbaot primarily with the humans
as “supervisors” or “reasoning experts” rather tlan‘mobile agents” operating in

the same environment as the rovers.

This research focuses on activity planning and @tk@c for a collaborative
astronaut-robot team. Figure 1 illustrates a misgiowhich multiple tasks must be

completed by a team of two astronauts and threersov



/\Elocationl T Iocat|on2 Eja L %
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1

1
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Figure 1.1: Astronaut-Rover Team Task Execution.

Figure 1.1 flags represent tasks to be performeszheth location (e.g., dark gray for
rock sampling, striped for construction, light gfey image capture). The rovers are
also marked with squares representing tools theyusa to accomplish specific tasks
(e.q., a grasp/scoop end effector to retrieve & sample). As illustratedover2 is
capable of performing construction and image captasks but cannot execute the
rock extraction task shown hkicationl . Astronauts are presumed to always be

capable of undertaking a task, but in certain céasls completion by an astronaut

requires the assistance of a rover.

Provided all marked worksite targets are accuratepped and task completion
requirements are known in advance, the task alw@@lanning problem is

straightforward, and task schedules can be optinizsed on traversal distances and
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task execution capability and cost constraintsweleer, extraterrestrial worksites are
likely not well-mapped, at least initially, and staplans cannot capitalize on the
acute sensing and real-time decision-making caiiabibf astronaut team members.
In reality, as an SEVA (surface extra-vehicularinaigf) mission progresses,
astronauts can be expected to frequently alter“dieéault” plan to explore new
targets of opportunity or to adapt when unanti@dagituations arise. The rovers, of
course, can also plan for contingencies and se#ochopportunities, but such

behaviors would likely be quite limited in scop@shmore predictable.

Astronaut safety is of paramount importance in SHVA activities. Drawing
analogy to the “buddy system” used by hikers aneémi the Figure 1.1 scenario calls
for each astronaut to be accompanied by a rovémiied not directly participate in
the astronaut’s task, but that must not stray &rtthom the astronaut than some
maximum distance. Unless assistance is requested@aoperative task is scheduled,
the “buddy” rover is free to complete its own tasksd periodically verifies the
astronaut is safe through sensors (e.g., visuadjirect communication. In Figure
1.1, roverl is the “buddy” that must remain within the safetggion of
astronautl . This rover cannot reaclkocationl to accomplish the rock
sampling task, saover3 must be assigned instead ajverl . Should the
astronaut require assistanaeyverl can quickly provide life support or other

backup equipment without extended traversal.



Robust fully-cooperative mission planning and execurequire substantial research
in areas ranging from dynamic, multi-agent taskaition to cooperative human-
robot motion planning. The key contribution of thissearch is the design and
implementation of an architecture that is abledmpute optimal plans for a team of
astronauts and rovers, while dealing with contimyegvents in a safe and real - time

manner.

1.2 Research Objectives

With the overall goal of managing in real-time arteof rovers and astronauts, the
research in this thesis may be classified withiedlcategories:

1 - Implementation of a centralized planning tdol plan, schedule, and coordinate

task-level actions for each robotic and human agerhe field. The implemented
forward search algorithm prioritizes astronaut sand enables design-to-time [5]
adjustment to trade off planner execution time settedule optimality.

2 - Design of a multi-agent coordination executivalistribute actions to exploration
team members and to retrieve information from eagént, including sensor data
feedback along with astronaut feedback and inteatigplan deviations. This
coordination executive also must identify situasiam which plans/schedules must be
modified. Both planner and executive must reactai-time to unexpected events to
maintain system safety, an overriding goal previpigentified in architectures such
as CIRCA [6].

3 — Design and implementation on a real rouer test the planning/coordination

architecture with the less-predictable performanfca deployed hardware system. To

achieve this objective, a six-wheel rover was caeseéd and onboard avionics were
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assembled and programmed, including an inertiahagidn-based navigation system
capable of obstacle avoidance, environment mappgagh planning, and dead

reckoning vehicle actuation.

1.3 Outline

This thesis describes the design, implementatiod, tasting of the aforementioned
planning and coordination architecture for teamasifonauts and rovers. Chapter 2
reviews related work in areas ranging from mobdkeat navigation to human-robot
interaction (HRI) and task planning/scheduling alfpons. Chapter 3 focuses on the
details of our centralized planning tool, followbg Chapter 4 that describes multi-
agent simulation results obtained to characteribe ferformance of this
planner/scheduler. Chapter 5 describes the rovemtaaie while Chapter 6 focuses on
the onboard navigation and control algorithms aneirt performance. Chapter 7
presents a suite of experiments that demonstratelaaracterize the performance of
the planning/coordination architecture given a grai simulated rovers plus the
“real” rover and an astronaut-in-the-loop. Chap&rconcludes the thesis and

identifies directions for future work.



Chapter 2: Previous Work

This thesis has three main objectives that sparnda vange of research areas. The
main contribution is the implementation of our desto-time planner; consequently
Section 2.1 describes action planning techniquéss Tesearch also requires the
design and implementation of an onboard rover rag system which covers areas
such as machine vision, mapping, obstacle deteeti@hpath planning. Successful
techniques as well systems are presented in Se2thn Section 2.3 introduces the
field of Human Robot Interaction, overviewing waakd continued challenges from

the literature.

2.1 Task Planning and Scheduling

Action or decision planning requires finding a sétactions that transforms the
world from an initial state to a desired goal st@tetates. Due to the large number of
possible states, this problem is usually NP-haeduiring time exponential in the
number of actions and features to compute a solubi@vertheless, algorithms have
been implemented to reduce the search space thrsvenworst and average-case
execution times. This section will introduce exigtplanning/search techniques, with

more detail available in [7].

2.1.1 Classical Planning



Classical planning techniques deal with restricttade transition problem which are
defined as being deterministic (each action resnlesunique new state), static (if no
actions is applied the world remains the sameikefifthe system has a finite number
of states), and fully observable (the state ofwioeld is fully accessible). Classical
planning is also referred as STRIPS planning, asSI(iRIPS planner was one of the

earliest attempt to solve restricted-state tramsisiystems [8].

Perhaps the most fundamental planning techniqugsoreforward searchwhere
states are expanded until the desired state isdfofiorward search includes
algorithms like A-star, best-first-search, breafitst-search, and uniform cost search.
Backward searchs the inverse of forward search: the searchssfaom the goal
state and tries to regress to the initial statee mousSTRIPSalgorithm [8] is a
reduced version of backward search that identifiesatisfying solution relatively
efficiently but that may not always find an exigtisolution due to an incomplete

search strategy (i.e., as with the famed Sussmamaly).

Partial Order Planning (POP) was introduced sooeretfter, maintaining
computational efficiency similar to STRIPS but einapsolution to problems such as
the Sussman Anomaly through least-commitment acbosering. The planner
UCPOP [9] was perhaps the most common POP plamaeisastill frequently used in
the classroom and beyond. Plan-space planningssgbaequent evolution of the
original POP algorithm. In 8SP procedurdPlan Space Planning procedure), the

initial plan is composed of two actiorss and ay which set up the problem. The



procedure refines this initial plan by solving opgrals (Actions with preconditions

that are not supported by another action) and thi(eanflicts between two actions).

2.1.2 Modern Search Techniques

Because classical planning techniques do not scdégge problems, new techniques
were devised more recently. With strategies suclsiagple Temporal Logic and
Hierarchical Task Network, the main advancement wees implementation of
domain expertise in the planner. It enables the assuch techniques to implement
domain-specific rules in order to control and caaist the search enabling faster

computation.

Recent planning-graph techniqueslevelop a solution through a procedure that
bridges state space planning and plan space panhlre solution is specified in the
form of a sequence of action sets:

P ={{a1,a2 a3},{a4,a5},{a6}.{a7,a8}}
With this representation, actiord ,a2anda3, in this example, can be executed in
parallel or in any order, but must execute bettanda5 which must execute before
a6, etc. Graphplan techniques were first introduced in [10] and aenegally

considered among the greatest achievements inltpAning community.

The development of control rules in Simple Tempdw@gic (STL) has significantly
improved the performance of traditional forwardrsbaalgorithms. STL is a logical
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formalism that enables the search algorithm to @mimdes during the search. STL
was first introduced by [11]; this implementati@mrains among the most efficient.

A practical planning technique applicable to a tdeeset of complex problems
utilizes the Hierarchical Task Network (HTN). Theput of an HTN planning
problem includes a set of methods that can be deagedomain dependent “recipes”.
The planning process consists of recursively deasing non-primitive tasks until

primitive tasks are reached. More details can beadan [7].

2.1.3 Scheduling

As planning is the problem of finding a valid sdt actions to achieve a goal,
scheduling focuses on time and resource allocatoynthis set of actions. As
described in [7], historically, these two problehae been treated separately; the set
of actions to perform was already known in mosthe scheduling problems (for
instance organizing jobs in a factory), while plexgnproblems did not pay attention
to resource allocation. Separating the two problencertainly too restrictive but can
help speeding up the search for a solution. Sciregialn be seen as an optimization
problem where different criteria are minimized degieg on the application. Here is

a non exhaustive list of some of the cost criteriaimized by schedulers:
Makespan = maximum ending time of the schedule.
The total number of late actions.

The peak resource usage.
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The total quantity of resources allocated (weight@dormly or

diversely with multiple resources).
A very well studied scheduling problem is machimbexiuling where several jobs
must be accomplished on several machines. This &éPjroblem is generally not
solvable but approximation techniques have beenleim@nted to scale large
problems (see [12] for a survey of those methodReference [25] presents an
integrated approach to planning and schedulings Tiethod is based on chronicles
which is the set of timelines for every state Malea of the problem. The
planning/scheduling procedure is based on thremt©pen goals; more details can be

found in [7].

In 1999 the successful test of tRemote Agerdrchitecture on the Deep Space One
(DS-1) Mission ([13] and [14]) proved the feasityiliof a robust planning/
scheduling tool. This system was able to commartdnamously a spacecraft in
order to meet exploration goals and system safgjyirements during a deep space

mission. TheRemote Agens composed of 3 modules:

A Planner/Scheduler computes detailed temporal plans of
activities that must be executed in order to aqa@n mission

goals.
Smart Executivegxecute the activities computed by the planner.

Mode Identification and RecoveryMonitors the state of the

spacecraft; identifies failures and tries to carteem.
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The Planner/Schedulecomponent is based on Harative Refinement Seardearch
engine. Every open goal, threat, or uninstantigesdporal subgoal is repaired
incrementally using a known method until the pkconsistent. It can be viewed as a
best first search in the repair method space. Aketpair methods is applicable in
each node, and when one of them leads to an irstensiplan the search engine
backtracks and tries another repair method.

Since March 2003, the EO-1 Autonomous Scienced&afieriment [15] has been
tested and used on the Earth Orbiting 1 sateliterder to maximize data scientific

data collection. This system includes:

Onboard Science Algorithms which allow the spacecraft to
autonomously detect interesting science eventsséd tadgorithms
are based on machine learning techniques.
Execution Software which enables event-driven processing and
low-level autonomy.
The Continuous Activity Scheduling Planning Executiand
Replanning (CASPER)[16]
The CASPER planner is based on an iterative regpgarithm that detects threats in a
plan and searches for methods to repair them. paeesraft succeeds in improving
the science return data by directing the sateititeegions of interest and selecting

only interesting data to download to earth.

2.1.4 Planning under uncertainty
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Classical planning assumes that every action pesiacunique state but there are
numerous real-world situations where this is na ttase. When dealing with
hardware, failures or off-nominal events can octuplying that several states can be
reached with non-negligible probability when ex@ogitan action. This class of
problem is called planning under uncertainty. TwoluBons approaches are

commonly used to address such problems:

Avoid the complexity, by detecting the unexpectadtes and
computing a new plan starting from this new stdthis is a
reasonable solution if unexpected states occur suthiciently low

probability and if planning time is not important.

Plan using Markov Decision Process (MDP) or Modék€king

approaches. These planners build solutions thatleaall the

possible states that can be reached.
Planning based on Markov decision processes raggeege planning problem as an
optimization problem where the goal is to find #etion policy that has the highest
utility function. Several “output” states are defthfor every action, and probabilities
are associated with each of these child states. MB#® policy is a function from
(reachable) state space to the space of plannaxhsicEor each reachable state, the
policy indicates which action to perform. The plangnhalgorithm searches for the
policy that has the highest overall utility, a ftioa of both the value of being in each

state and the likelihood of actually reaching ttate.
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Planning based on Model Checking is used when wobgility of the different
outcomes are available. Those planning algorithes dMdodel Checking algorithms,

more details are provided in [7].

2.1.5 Multi Agent Planning

Multi - agent planning has received significanteation since many systems are
composed of individual entities (agents) that abée @0 plan and perform tasks
autonomously and communicate their intentions amolwkedge with other agents.
The goal of multi-agent planners is the global azément of a common goal (set).
Several techniques have been implemented, thechegte of which depends highly
on the specific agent properties and objectivesvo Thain approaches have been

developed:

Centralized plannerseach agent receives orders from a central
entity and feeds back status and state informaf8jn This
architecture enables a global view of the entirgteay and allows
effective coordination through common knowledge. wdoer
centralized systems are only possible when all dgents can
communicate with the centralized systems; this o¢ the case
when communication is restricted to close neighbdie major
drawback of a centralized architecture is alsofaéleethat failure in
the centralized system implies failure of the enthystem; this
safety issue can be critical. However, this issare be mitigated if
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the centralized system has redundancies or is protected than
the other agents. Both would be the case for aaleaed “mission
control” or “base station” managing a group of @&amy rover and

astronaut agents.

Distributed systems are more difficult to robusthgsign and
maintain since no global view of the world is aghie to any
agent. Decentralized architectures are still atgrhallenge since
very limited (or no) communication is available. efhmain
advantage is that the achievement of the global doas not
depend on a unique entity ensuring great safetyutir
redundancy. In [17] the authors use a Market-oe@niechnique to
allocate resources to multiple agents. Based an ¢herent status
each agent sends a bid or creates an auction throagtral

authority which decide on the resource allocation.

In [18] the multi-agent system is modeled using akdv Decision
processes method. This system is composed of& stdtes, a set
of actions, the probability distribution of the oame of an action
and the probability distribution of the agent obsdion of a state.
Each agent chooses an action that maximizes ayufilnction.
[18] proposes to include knowledge of other agent(she agent

definition to improve the overall performance.

2.2 Mobile Robot Navigation
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Robot navigation has been studied extensively Whallenges remain unsolved,
particularly in extraterrestrial environments tha¢ unmapped, laden with obstacles,
and that do not have GPS coverage. Additionallybesded resources on small
autonomous robots are limited requiring simplificat of even existing
computationally-complex mapping and navigation atgms. To introduce the
technologies adapted for the rover system desigmedl deployed in this work,
relevant machine vision techniques used for mapgping obstacle detection are
introduced, followed by a more detailed charactimn of the mapping and
localization problems. The last section presents pknning algorithms of relevance
to any autonomous mobile agent with focus on pkayetsurface rover

implementations.

2.2.1 Machine Vision

Cameras, monocular or more commonly a stereo pawve now become to the
standard for obstacle detection. Machine visioansactive field of research with a
wide variety of applications ranging from inertiavigation to surveillance and
relative navigation applications such as docking Bormation/station-keeping. The
choice of vision algorithm is highly dependent twe £nvironment, categorized at a
high-level as:

indoor

unstructured outdoor (e.g., Mars field)

structured outdoor (e.g., on-road navigation)
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As described in [19] one of the great successesduigation in outdoor structured
environments is NAVLAB [20] project and its variousscarnations. This vision
system processes each image based on color andetéxiormation and classify cells
as eitheroad or not road A neural network [21] is then used to determime ¢orrect
steering angle based on aggregate cell classditati NAVLAB has been

demonstrated capable of driving a car at 55 mieshpur on a structured highway.

For unstructured outdoor navigation, the primarglieimge is obstacle detection and
terrain characterization (i.e., traversability)an unknown environment. As previous
knowledge of the terrain is often not availableyeral techniques must be developed.
With stereo vision, typical techniques match cqroggling pixels in the two camera

images, then the distance can be computed by:

da=1"B o1

pixel

whered = distance from the cameraz focal length,B=distance between cameras,
and Dixel = difference between the 2 pixels. This equatissumes undistorted image

data and that the cameras have the same orientation

For high-speed mobile robot navigation, researchaxe focused on improving the
efficiency of the classical stereo algorithm rattiean enhancing the fundamental
algorithms used to select corresponding pointsferi@ace [22] describes a successful
implementation where a pair of cameras is usedtoptite a Digital Elevation Map
of the terrain. In tests, the rover was able tecigely estimate its future

configuration while navigating rough terrain.
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For indoor navigation, vision algorithms were mginised to detect and track
distinctive features for self localization (see t8®tT 2.2.2). Features are unique
groups of pixels typically detected by processingrayscale image with one of the

following:

Edge detection{23] the edge of walls of or distinct objects are
usually good features (especially corners whereers¢vedges

intersect)

Difference of Gaussiarf@4] By applying two gaussian
convolutions to the image (with two standard dewerad) and by

subtracting them, distinctive areas of the imagehaghlighted.

Laplacian of Gaussiaf25] By applying a Laplacian of Gaussian

kernel to the image, distinctive areas of the imagehighlighted.

2.2.2 Localization and Mapping

The mapping problem is highly correlated with treedlization problem [26].
Mapping requires spatial knowledge of a physicaliremment, thus each new token
in an image must be situated relative to the carr@bot position. Error in
localization results in mapping error. Utilizingetlsame image data to discern both
mapping and localization information is known asASL (Simultaneous Localization

and Mapping).

Historically mapping has been divided into metma &opological approaches. The

metric approach consists of storing the geometropgxties of the world while the
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topological approach stores the world with itemij€ots/features) and connections
between them. One of the most famous metric maplseisoccupancy grid [27] in
which the world is represented by fine-grained grabntaining the probability of
occupation likelihood. A topological substitute wassigned in [28], using sets of

polyhedra to represent the geometry of the world.

As described in [26], several factors complicatepuag and localization processes:

Measurement error is cumulative.  Acquisition of lple
measurements and use of filters can improve Iaedé stimates

but cannot cancel global mapping/localization esror

Depending on the map structure, the dimensionafithe problem
can vary greatly. For instance, mapping geografdeiatures
requires tens to hundreds of elements, but mappindetailed

surface of an outdoor environment requires milliohsalues.

The correspondence problem requires identifyingqumiitem(s)
from different images. The complexity of the cependence
problem can again grow exponentially with the numdoed visual

characteristics of the items to be identified.

Additional complexity arises when an environmentymamically
changing. Localization in this case will be timepdndent

requiring additional map storage and image prongsssources.
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Mobile Robot SLAM

One of the most popular estimation algorithms asthpd mobile robot localization

and mapping is the Extended Kalman Filter (EKF)patde of use in static and

dynamic environments. EKF-based systems typiaathploy maps with landmark

features. Algorithm speed is a function of numbilfaadmarks to be tracked. This
technique has been successfully applied in [29]revhi®e position of a single camera
as well as a set of features was accurately cordpntesal-time. To avoid drift error

over an image sequence, the camera must alwayguieaa sufficient set of features
from earlier images to maintain consistency inneates despite dead reckoning
errors. The main advantage of the EKF is its capaaibe implemented in real-time,

but real-time performance is only possible withnaad number of landmarks. In

typical outdoor environments, a robot must keepktraf numerous features (e.g.,
stored as a digital elevation map or occupancy) gei@ating a high-dimensional map

structure inappropriate for an EKF to manage ih-tieze.

Another popular SLAM technique is based on the Etgi®n Minimization
algorithm (EM) developed by [30]. This algorithmshaeen proven most efficient for
the correspondence problem. It tries to find tlesintikely map by performing a hill
climbing search over the space of all maps. Thiscegss cannot be done
incrementally for each new sensor reading, howeweaking this algorithm

inapplicable in real-time situations.
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Mapping Algorithms

Algorithms that map but do not localize rover piositrequire the position of the
rover at each map update, which makes the probiemler but does not solve it.
Indeed, map error will highly depend on cumulatilead reckoning error. The most
popular mapping algorithm is the grid occupancyatgm introduced in [27]. This
algorithm can generate a map with noisy or incotepliata and has been widely used
for sonar sensors or laser range finders as thelrgbilistic noise signatures are well-
known. With this algorithm, each time a new measumet is made, the cells are

updated with the following formula which is derivi]dm Bayes’ rule:

p(mx,y |Zt’st) — p(mx,y |ZI’SI) , 1- p(mx,y), p(mx,y |Zt_1,st_1)

B 2.2
1- p(mxly lzt’st) 1- p(mx,y |Zt,St) p(mx,y) 1- p(mx,y |Zt_l,5t_l) 2

where z' = {z3, 2, z...., 3 represents the sensor measurements at tirdes.. n,

s ={s;, & S...., §, represents the pose estimations at titaés... n, p(mx’y | z‘,s‘)

is the probability that cellx(y) contains an obstacle at tintegiven z' and s',
p(m,, 1z.s) is the probability that cellx(y) is occupied based on a single sensor
measurement at timetaken when the robot is at poggalso called inverse sensor
model), p(mX’y) is the prior probability for cell x(y), and p(mx’y|zt'1,st'l):

probability that there is an obstacle in cally( at timet-1. Note that if there is no

previous knowledge thep(mX’Y) is set to 0.5 and this term has no effect on bwwva

equation. Other similar algorithms have been degig such as that in [26].

Generally, these stochastic techniques are defieet Bayes’ rule.
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2.2.4 Path Planning

For a robot to navigate safely, a trajectory meastdmputed and followed that avoids
obstacles while meeting kinematic and dynamic camds. Path planning has been
extensively studied and adapted to a variety of alorspecific conditions.

Environments can be mapped or unknown, static arachyc, safe or unsafe
(requiring real-time response), open or laden wabistacles. The kinematic and
dynamic properties of the robot that will followetipath also play an important role in
the path planning process, particularly for a ndohomic system with limited

actuator authority.

The majority of deployed mobile robot navigatiorstgyns are based on search graphs
[31]. Let a configuration be defined as a uniqué &epositions/angles for each
degree of freedom of the robot, but not includiregivhtive information (speeds).
Since the goal is to find a feasible path betweaea tonfigurations, the discrete
search solution is to search the space of intermedeachable configurations until a
feasible or optimal solution is identified. Searatgorithms employed by graph-based
path planners includdorward search and its derivatesbackward-search bi-

directional searchgraph-searchA-staror best-first-search

The most distinctive feature between various pdémner implementations is the
manner in which new configurations are generatdie €onfiguration generation

process depends on the type of robot (rover, méatigny aircraft, spacecratft) , the
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map structure, and knowledge of the environment rtgo€uncertain,
complete/incomplete, static/dynamic). New configiorss can be randomly
generated like in [32] where a planner has beerlemented for a vehicle pulling a

trailer, or maps can be decomposed in connectoalig as shown in [31].

As described in [33], when the map structure i®logical, aVoronoi diagramcan
also be used to generate viable configuration sempseVisibility mapscan also be
used, in which case algorithms with polynomial cterfty can be used to determine
a correct pathPotential fieldshave been frequently used, assigning a repulsiree f
to every obstacle while an attractive force is gigsil to the goal position. By
summing the forces and moving in the negative gradiirection, the robot is above
to locally avoid obstacles while driving to the gdanfortunatelypotential fields can

lead to local minima and the robot can become stuck

When the map is grid based, each cell has assdaast that depends on its position
relative to the goal and the probability that thisran obstacle. The search algorithm
looks for the goal using forward search technigaed selects cells with the best
score. Depending on the complexity of the environinaad the detail of the map, this

method can be computationally expensive.

2.3 Human Robot Interaction
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Human Robot Interaction (HRI) is receiving increhsattention due to recent
progress in artificial intelligence, computer segji speech simulation, and better
interaction models. Historically, Human Computeteraction (HCI) was the focus
of attention, concentrating on the development ewdluation of algorithms and
interfaces that promote efficient and intuitive eirgiction between human and
computer. The expansion to HRI requires additidoalis on physical attributes and
actions of both human and robotic agents as theyenadout and interact within a
potentially common environment. Human Robot Inteéoam can be separated into

two categories, although there is some overlap:

Task-Oriented Interactiof84]: These HRI systems take advantage

of unique robot and human skills and mix thesdsskal effectively
execute tasks. Optimality with respect to cost tdityivalue(s) is
the primary performance evaluation criterion, arabots are
clearly considered more as a collaborative partagner than a
social agent. Communication in such systems islfighgineered
and task oriented. The human usually needs to karmteraction
protocol for the team to properly interact. Thigegry includes
all form of teleoperation where the human drives thbot and
receive feedback from it. As we will see later, tHRI scheme
presented in this thesis is primarily classifiedtask-oriented but

also shares some aspects with the second category.

Robot as Social Partngsee Section 2.3.1). This category of HRI

researches strategies to promote “natural” intemadietween with
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a human collaborator/partner. Research in natlaabuage
processing and understanding as well as gestuesibas
communication all fall within this category. Besauof the
complexity in achieving the breadth possible dutgnan-human
interaction, most of the research in this cateduwag focused on
limited social behavior. Therefore those socialotsbare for now
restricted to roles of task assistant that requesgdicit directives,

immobile companions (e.g., Kismet [35]), or petg (ethe Aibo).

2.3.1 Challenges in Human Robot Interaction

As described in [36], all task-oriented robotic teyss must possess a certain set of

capabilities:

Cognition (path planning, decision making, taskipiag)
Perception (environment sensing)
Action (mobility and/or manipulation)

Human Robot Interaction (data communication, feellksplay)

Robots that interact with human(s) have additiaslign requirements:

Human perception The robot must be aware of human behavior
and intent potentially affecting the robot’s acscend interactions.
This design issue is critical for correct task exem. Fields
ranging from teleoperation to video surveillancesénaeveloped

techniques to perceive human behavior and commataisians
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communicate through a variety of perceptual media, all of
which are effectively interpreted by today’s rolotsystems.
Nonetheless, to aptly communicate with their human
companion(s), the robot must be aware of humamtite without
a dedicated interface that increases workload f@ human
astronaut. Speech and gesture recognition researchee
improving the ability of robots to communicate witlumans in
their “native languages”. For instance in [4], @®hers have
implemented a visual gesture-based driving systequipped with
a pair of camera, the robot is able to identify aanbody parts and
track them so as to determine the desired speedoaedtation
commands. In [27], the system is able to fit a B2Bporal motion
model of a human to generate synchronized sequeicesman
poses and positions. In [38], the identificationsteyn has
demonstrated the ability to recognize human beha@me or
multiple person) from video surveillance, enablidgtection of

urban violence.

Natural human-robot interaction:A social robot must act socially
in order to interact properly with the human. Seleesearchers
have focused their work on the appropriate behabar the robot
must have in order to approach the human. Theikwnamges from
human-aware trajectory computation to the implewugmm of

social convention and norms. In [49], the path piag algorithm
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takes into consideration the position and poseheftiuman and
computes a trajectory that respects social rules.ifstance, the
robot will not approach the human from behind anggsed him.
Instead the robot will favor a trajectory, perhapdboptimal with
respect to traversal distance, that makes the roisdile to the

human as soon as possible.

Readable Social Cuedor natural communication with a human a
robot must indicate its internal state as well ammunicate its
intention in a transparent manner. Research hasséac on
expression of emotion through facial expressiorgybgesturing,
and vocalization. In [35], the platform Kismet iistroduced.
Kismet is a robot head equipped with fifteen adtstapable of
conveying intentionality through facial expressidine robot has a
“motivation” system composed of:
drives which are basic needs stimulated by objects
or fatigue (generated over time). For instance
Kismet can be configured to be attracted by bright
colored objects.
Emotions which depends on its affective state,
computed by summing contributions from the drive
system as well as the behaviors.
This system has proven to successfully interadt wihuman in an

infant-like manner.
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Real-time performance:In order to properly interact with a
human, the robot must perceive human intentionkenpdausible
decisions, and show its intention in real-time. iBes appearing
decidedly “non-human”, extended delay would addentainty and

misunderstanding to the interaction.

The following section describes some of the reseancdifferent topic related to
human-robot interaction. There is no complete esysthat solves all the design
issues we discussed. Instead, researchers angeergjihave worked in specialized

systems deployed with specific interaction protecol

2.3.2 Teleoperation

In hazardous or inaccessible environments suchpases robotic systems will be
controlled from a remote station rather than insel@roximity. Teleoperation is a
form of interaction between a human and a robat hlaa received a lot of attention

from the research community. As described in [#8]major challenges are:

Time Delays.The usual time delay for an Earth-orbiting space
robotic application would be approximately 6 secnthis delay
forces the users to adopt the “move and wait” sgpgtthat usually

slow the procedure and causes instability.

Limited data throughput.Spacecraft can communicate through a

very limited set of ground assets. Feedback isetbes restricted
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implying greater difficulty in communicating detadl information

at high bandwidth.
Researchers have mainly worked on providing bé&enback and information to the
user despite the time delays. For instance, in, [d@ystem was designed to provide
better and faster teleoperation through model-b&sedperation and haptic feedback
and was demonstrated on a peg-in-hole task withtar@® delay. In [41] a predictive
display has been implemented in order to improwee tdleoperation of underwater
free-flying vehicle under time delays. Recent agsk [34] has also focused on
classifying manipulator trajectories in order tdetmine the type of task the user is
trying to perform. This is a step toward superwsoontrol in which the user can

effectively specify commands through motions rathan keystrokes.

2.3.3 Human-Robot Collaboration

Hybrid teams of rovers and humans are difficultrtanage with human or synthetic
intelligence. Researchers in [42] designed anitecture where astronauts manage a
potentially large team of rovers. However, the vioakl required to manage the
rovers reduces the astronaut’s productivity in otlasks, whether in close physical
proximity (EVA, extra-vehicular activity) or at aemote worksite (e.g., a base
station). Because of management overhead, thigt@cture can be adapted to a wide
range of tasks/goals and can span a spectrum oéllmt sliding autonomy levels
(from “pure” teleoperation to full autonomy) [43This system is able to prioritize
unexpected requests from the agents so as to nzmiidlie time in which rovers wait
for instructions or repair. Initial tests show prging results but the project is still

ongoing.
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Research in [44] focuses on in situ collaboratiebween astronauts and rovers. A
scenario has been demonstrated with two roversafi® Gromit) and two humans:
one astronaut traversing with the rovers and orewmember in a habCom
overseeing the scene and controlling the roverg. d3tronaut explicitly asks for a
specific rover to take a picture of the astronanbhiing at the rock, then the astronaut
orders to the other rover to investigate this rbekore the end of the EVA. Even if
the test was successful, the previous scenariaresbjgubstantial human oversight
because a rover operator intervened every timeguais were requested for the K9
rover. Nevertheless this test has demonstratedtititeof scenarios and interactions

NASA is planning for future missions.

-30 -



Chapter 3: Planning For Astronaut - Rover Teams

Before designing a planning algorithm, the goaésktattributes, and challenges
specific to human-robot team planning must be wstded. This chapter begins by
identifying what we believe are realistic scenafmsfuture planetary exploration by
a team of astronauts and rovers. Next, the plgnanchitecture is outlined with
specific algorithms defined for the centralized nbeglanner and coordination
executive responsible for distributing tasks andadamong planner and mobile

(human and robotic) exploration agents.

3.1 Astronaut-Rover Team Mission Scenarios and Chal lenges

The initial goal of the team is to accomplish a agleéxploration tasks potentially at
different locations. Each agent (rover or astron&as a limited set of competences
that constrains the individual agent’s abilities that enables the aggregate team to
perform a wide range of tasks. For example, evetgpoaaut is able to pick up a rock
but only “geologist” astronauts are able to idgntithich rocks are of scientific
interest. Typical rovers would have a suite of sensand more sample storage
capacity than an astronaut but would be more Ignitetheir ability to select targets

(e.g., rocks) of interest and rapidly collect daisie samples.
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Multiple competences can be required to perforrmevsimple task. For instance, a
rock sampling task might require not only a gedogp identify and pick up the rock,

but also a rover to store the sample and retuto ithe base. For the task to be
executed the planning tool must decide which agentst perform the task and when

they will execute the task together.

Scenarios ranging from sampling to habitat conssnamay require a specific task
ordering (precedence). For example, before coligch rock sample in an unknown
area, it would be advantageous to first take a higbolution picture of the
surroundings, select site(s) of interest, then mmga astronaut/rover teams with

appropriate competences to explore sites of irtteres

Although rovers may encounter unexpected envirotaheonditions and improbable
internal states, a robust robotic system will fallthe specified plan to the best of its
abilities. The very creativity and adaptabilityathmake an astronaut a valuable
explorer challenge a hybrid robot-astronaut planmdthough trained astronauts will
do their best to accomplish assigned tasks, theynarch more likely to deviate from
a planned task schedule. Additionally, astronatéty must be a top priority, even at
the expense of goal achievement. Future rovers amtcbnauts will likely carry
backup life support equipment for emergency sitregti(e.g., astronaut running out of
oxygen or unable to move due to injury). As tearanager, the planner and
coordination executive should therefore be abldetect the emergency situation and

to respond to it in a quick and appropriate manner.
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Another scenario where astronauts might behave pesotedly is opportunistic
exploration, situations in which they choose to id& from the current plan to
explore a site/perform a task they perceive asdmighiority. Since astronauts are
indisputably the superior “creative” intellect giveurrent technology, the planner
must support such deviations. Because the astrah@oses not to accomplish the
original planned task set, the plan is no longdidvaBoth emergency and voluntary
plan deviations require rapid detection and replagiplan repair capabilities,
primarily for safety in the former case and fori@éncy, especially given cooperative

tasks, in the latter case.

Unexpected cooperation is yet another scenariocihdd arise. An astronaut could
require assistance from a rover to complete a t@sk, rover could lose a capability
(e.q., broken sensor) and require assistance froastonaut or rover to continue its
task or return to base. As an intuitive example gaologist” astronaut may
opportunistically encounter a rock outcropping daftgmtial interest but requires
specific sensors or tools only possessed by a r@anmate to analyze, extract, or
stow the geological sample. Although such situetimust be dealt with expediently
to prevent inefficiency for the team and frustratifor the astronaut(s), safety is
always the priority since no rescuing agent willused to provide such assistance to

the astronaut.
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Due to power and life support limitations as wellthe inherent dangers with EVA,
maximizing exploration productivity is a top prityei In planning terms, given a set
of tasks to accomplish, it is important to identfiyd successfully execute a plan that
maximizes the number of goal-oriented tasks whilaintaining safety and
minimizing overall execution time. Given traversadjuirements, this problem can be
related to the Multi Traveling Salesman Problem][B&t has significantly more
constraints. In our situation the salesmen areatiotved to go everywhere, and
“cities” are ordered, which makes traditional hetics impossible to apply. Even if
capability constraints reduce the search spacertitdem of finding the optimal task
allocation remains NP-hard, implying exponentiahdi to compute the solution.
Obviously, for large-scale, long-duration missioegponential computational time

renders full plan/schedule optimization an unréali®quirement.

Reliable and efficient contingency response ismapartant challenge to address as
well. Unexpected events that occur during EVA wdnerally require a quick and
appropriate response. The challenge is then toigeay planning tool that is able to
compute, within a time constraint, a valid planttiakes into consideration the
specifics of the “unexpected” emergency situatidime coordination executive must
also be guaranteed to detect at least safetyalrgimergencies and to efficiently relay

updated response plans to the team.

Acting as a mission control or base station, ountredized planner must be able to

plan actions that coordinate activities among ahrbers of the astronaut-rover team.
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Planning parallel activities can also require extoamputation and dedicated data
structures, especially when multiple agents muspecatively execute one or more

tasks.

3.2 Description of the Architecture

Analogous to a mission control or base station cting and monitoring a
human/robot EVA team, a centralized planning anéceion system has been
implemented, as illustrated in Figure 3.1. Thenpk directs the activities of each
mobile “agent” based on its goals and feedback ftbm agents (e.g., locations,
available energy, capabilities). The planner aé&sponds to directives issued by the
astronaut team members. Such directives range framed help” to “I'm doing
another task” to “Tell a rover to execute a new’t¢s.g., defined by the astronaut).
With the centralized planning structure, commundicatbetween astronauts and
rovers is limited to data associated with the aqd@hment of common tasks, with

all other messages relayed through the planningigioan system.

Our application is composed of three interactinghponents: a team planner, a
coordination executive, and the mobile agents degulan the field. The role of each
module is outlined below followed in Section 3.3 &ydetailed description of the

implemented algorithms.
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Figure 3.1: Centralized planning and coordinatiba multi-agent human-astronaut

team.

3.2.1 Team Planner

The centralized planning module takes the currate ©f the world and computes a
plan, a scheduled set of high-level tasks or actiomsafl mobile agents so that the
maximum number of high-priority tasks can be acclishpd by the team in a
minimum amount of time. The implemented designittet algorithm can be
configured to react quickly and possibly suboptignar to consume the additional

time needed for plan optimization.
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3.2.2 Coordination Executive

The execution module controls the flow of informatibetween the central planner
and the distributed set of rovers and astronaugpatthing actions in real-time in

accordance with the nominal policy and any dynaupdates. The execution agent
also gathers and processes available state infmmfbm the rovers/astronauts to
enable detection of off-nominal events. The exgeuis responsible for managing
the reaction to off-nominal occurrences, eitherdajusting the policy (e.g., task
execution timings) or by notifying the planner tlatnew/modified plan must be
created. For instance, when an astronaut reqbiegs the execution module will

receive the information, detect the event, notify tovers, and call for the planner to

compute an emergency plan as quickly as possible.

3.2.3 Mobile Agents

Each rover and astronaut is either a physical raahitity or is simulated by a unique
process that communicates with the execution mouitle the same protocol as a
real agent would utilize. Rovers are assumed teerstand high-level directives (task
descriptions) and either to correctly execute themreturn an annotated error
message indicating the task was not successfulbpnaglished. The software is
configured such that the simple simulated agentsbeareplaced with “real” robotic
and astronaut agents. More details regarding theilemagent simulation software

and the rover constructed as part of this reseaiithe provided in Chapters 4 and 7.
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3.3 Mission Task Planner

The mission planner computes a valid plan for #msamt of rovers and astronauts.
Below, we specify a world model for astronaut-roegploration, then we focus on

the planning techniques that were implemented édlkendesign-to-time planning .

3.3.1 World Model

Based on anticipated planetary surface missioset af state features and operators
are defined to characterize the task-level goafents, and associated resource
requirements/availability. Three state variablpety were defined and uniquely

indexed {): tasks fask), rovers (over), and astronautagtronauy).

Each tasktésk) is defined by the attributes listed below in TaBl1l. Locations are
discrete instantiated symbols defined>bgndy coordinates (e.glpcl is situated at
(45.2 , 17.2)). The tasks represent goals that the rovers anghastts must complete,
after whichdone is set totrue. Tasks are defined as a certéype implying a
required set of competences needed for the tadle taccomplished. Preconditions
(previous actions) are also provided for situatimnahich execution of a certain task
requires the agent to have already executed anstteof tasks. In the current
implementation, each task has a constant (appra@)nemergy cost, representing the
level of effort (resource expenditure) expecteddoomplish this task. For the rover,
this cost would represent power and fuel requiveli)e for the astronaut, it would
represent physical exertion level and associateghjex use. Constant expected

duration (execution time) values are also speciioecdach task.
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Table 3.1: Task State Parameters

Attribute Value
location pointer to a location objet,y)
type {ROCK_SAMPLING, IMAGE_CAPTURE,

WATER_ANALYSIS, DRILLING, ...}

required {STORAGE, MANIPULATOR,
competences ROCK_RECOGNITION, ... }

previous actions| Task precedence: list of poirttetasks that must
be completed prior to executing this task

done {true or false}

energy 1A , expected amount of energy required to
accomplish the task.

duration 1A , expected time needed for the task to be
executed.
required_approva1l {true or false}

Attributes for the rover state variables are listedlable 3.2. Similar to the task
state variable, each rover has (@ny) location and a set of competences. For the
planning problems presented in this research, soasx presumed to be fully able to
navigate between task locations and to typicallpibecessful with the tasks they are
equipped to handle. Rovers can also help an astranaan emergency (e.g., by
providing oxygen or power when the astronaut rums)lor when the astronaut
requires a specific tool onboard the rover. Bleusvariable indicates the current
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state of the rover, including nominal and excemlmituations. IDLE indicates the
rover is waiting for its next task, while NOMINALhews the rover is following its

planned set of traversal and task execution actiDiSABLE is set when the rover is
unable to continue its operations, and BUDDY/RES®UE set when the rover is
supporting an astronaut. Rovers have a limiteduwsrinof onboard energy, a value

diminished by each traversal and task execution.

Table 3.2: Rover State Parameters

Attribute Value
location pointer to a location
set of {STORAGE, MANIPULATOR,

competences | ROCK_RECOGNITION, WATER_SENSOR...}

status { IDLE or
NOMINAL or
DISABLE or
BUDDY/RESCUER }
energy TA , current level of energy

Astronauts are capable of accomplishing many of game tasks the rovers can
complete, thus they are included as “mobile ageasources within the planner.
However, they also may elect not to execute thar@d activities assigned to them.

One of the reasons to have humans in the field isapitalize on their superior
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sensing and reasoning abilities. While astronatdstrained to accept instructions,
they also will not prefer to be strictly “pawns” afcomputerized planning agent. In
practice, the astronaut might decide to selecfffardint task based on his preference
or observations. In this work, we assume the aatrbwill inform the planner of

such deviations.

Table 3.3 lists the attributes of the astronautestariable. As with the rover, the
status variable indicates the current activity executistate, including a
BUDDY/RESCUER status set when an astronaut istasgianother “lead” astronaut
with a task or during an emergency. The astromstate is augmented with two
unique flags:need-helpndsupported The first (eed-helpis set when assistance is
requested, prompting the planner to redirect a rrqee other astronaut) as an
assistant. The seconslupportedl is set to true” once the assistance arrives. In an
emergency, for example, any rover or astronauttthatife support equipment can be
tasked as an assistant. For non-emergency taskitexgca rover can be requested to

provide a specific tool through the same protocol.
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Table 3.3: Astronaut State Parameters.

Attribute Value
location pointer to a location
set of {STORAGE, MANIPULATOR,
competences | ROCK_RECOGNITION, WATER_SENSOR...}
status { IDLE or
NOMINAL or
DISABLE or
BUDDY/RESCUER }
need_help {true / false}
supported {true / false}
energy TA , current level of energy

Rovers and astronauts can perform four differetibas that change world state:

Navigate between 2 locations (e.g., rover3 travefsam locl to
loc2).
Goto (rover3, locl, loc2)
Perform a task (e.g., astronaut2 executes task3)
Execute (astronaut2, task3)
Rescue an astronaut (e.g., rover5 rescues ast&)naut
Rescue (rover5, astronaut2)
Cooperatively perform a task (e.g., roverl and oastnt2

cooperatively execute task4)

Cooperate({roverl,astronaut2}, task4)

-43 -



In order for actions to be applicable a coheresitdi preconditions must be true in
the current state. Those preconditions not onlyug intuitive statements such as
“task and rover must be at the same location baforer can execute the task”, but
also some safety checks in order to ensure therise@i the astronaut and the
consistency of the plan. For instance, a rover ihaurrently rescuing the astronaut

will never be assigned a “perform”, a “goto”, otcmoperate” action.

3.3.2 Planning Techniques

For this work, we implemented a recursive, timetoalled best first search algorithm
to plan the set of actions. Below, we first deserthe best first search algorithm,
followed by a description of its application to quoblem. Next, we explain how we
modified this algorithm to obtain a time/optimaltgnfigurable planning tool via a

branching factor control strategy.

Best First Search

Best first search is typically implemented as avind search. When problems can be
represented in a set of states (the state spamsjarid search techniques can be
applied to find a solution which contains a setction that starts at the initial state
and transform the world into a desired state. Eaode in the search graph
corresponds to a state of the world, each arc sporeds to an action applied to the
state, and a plan corresponds to a set of actipatentially with precedence
constraints. Forward search algorithms typicallintain two lists: aopen-listthat

contains all the nodes in the graph that have ldeemed reachable from the initial
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(root) node but have not been expanded, andckbsed-listthat contains all the

expanded nodes. Every node in the search grapitaires 3 values:
g(n) = the cost of getting to the node from the inigtdte;

h(n) = the estimate, according to the heuristic funcid the cost

of getting to the goal from the current node.

f(n) = g(n) + h(n) This is the estimate of total path cost when
traversing to the goal along the path through node
The primary difference between the different forsdvaearch techniques is the manner

in which new nodes are inserted in the open list:
Breadth first searchchild nodes are put at the end of the queue
Depth first searchchild nodes are put at the front of the queue
Uniform cost searchthe queue is sorted in increaso@) order.
Greedy searchthe queue is sorted in increasim) order.
A* search the queue is sorted in increasfu) order.

Best first Search Child nodes are grouped at the front of the queu
but inserted in increasirfgn) order.
Figure 3.2 illustrates an example search tree alitfyopen and closed lists created

with the best first search algorithm.
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step 1:
backtracking point| (g g @ open - list={1}
9 10 closed - list={0}
X 1
step 2:
@ @@ open - list={4 3 2}
6 7 closed - list={1}
|
step 3:

open - list={567 32}
closed - list={14}

{

step 4:
open - list={67 3 2}
closed - list={1 4 5}

v
step 5: step 6:
open-list={910732} |—-» open-list={9107 32}
closed - list={145 6} closed - list={1456 9}

Figure 3.2: Best First Search lllustration

Best first search is usually chosen when a coheselntion must be found quickly.
Unlike A*, it is not guaranteed to find an optinslution, but it typically identifies a

solution more quickly due to its bias to explorarsé tree depth rather than breadth.

Adaptation to Planning for Astronaut - Rover Exploration Teams
One of the challenges defined above was plannitigrecthat execute in parallel (by
the different team members). A plan is typicallyish of ordered actions with no

indication of whether they can be executed in pelrak not. In order to deal with
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this issue we added two variables to each actitant andendtime. Start time is the
time when the action becomes applicable and engl isrwhen the task is expected to
end, deviation from which is dynamically fed baadak the executor upon task

completion.

Each time a new action is added to the plan, tkeipus set of planned actions is

evaluated to find the appropriate start time. Tlagetwo cases:

Agent dependencyfFor each agent that will be executing this
action, this function finds the time at which p@wsly-scheduled
actions will be completed. The latest end time rowl
collaborating agents determines the start timehef riew action.
For instance, before performing a sampling task agent must
complete thegoto action that brought the agent to the location of
the task.

Task dependencyAs defined previously tasks can be ordered to
satisfy precedence constraints. For instance, sgpporock
sample at location 2 must be completed beforeveater

test at location 5. Each time anExecuteor cooperate
action is added to the plan, this function will oegt the time the
execution of the previous tasks (if any) ended aradke sure the

new action starts at or after this last task cotiguieime.
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Because this work does not yet model other quastguch as power or fuel, time is
the sole measure of cost. The cost funcgifn) is set to the largest end time over all
mobile agent timelines for the set of actions frnitial state to nod@. As described
above, the expected time required for task exesuisotabulated for “sampling”
actions and is a function of traversal distance exylected speed of the agent for
“goto” tasks. The heuristic functidmn) is not implemented in this work, therefore

f(n) = g(n)for our planning problems.

Design-to-Time Planner Implementation

Our planning problem is distinct from the classicamulation where the objective is
to reach a goal state. Rather than arriving a¢sareld state the intent is to complete
the maximum number of tasks in @ minimum amouriineé® Indeed if it is possible

to accomplish the entire set of tasks then our gtakment can be simplified to the
state where all the tasks are done. Unfortunatelyany situations not all the tasks
can be completed, particularly with total time @reryy constraints. Another case
where it might be unfeasible to accomplish somkst&swhen no agent possesses the

required competences.

Since limited time can be spent doing EVA, planimpgtity is a major concern,
suggesting offline optimization will be highly uséfto plan exploration activities.

However, since optimal planning may require sulisthfexponential) time, a more

! Currently all tasks are presumed equally usefalthe future, tasks could be assigned prioritjityti

values such that the planner maximizes total tashpdetion value rather than simply number of tasks.
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timely (real-time) search tool must also be avddator use when needed. Our
anytime implementation spawns different instanckdest first search and stores
results in a partial plan format. When a time limsitreached, the search process is
interrupted and the best partial plan is returngee procedure calls two different
functions: general_searchi{see Figure 3.3)a recursive function that performs the
search and stores all partial plans, getl best_plana function that finds the best
partial plan stored. The “best” plan achieves theatgpst number of task within a
minimum amount of time. For instance, a plan aqashing 20 tasks will always be
preferred over one accomplishing 19 tasks. If tieng succeed in executing the

same number of tasks then the plan ending the sbwiébe chosen by the planner.
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general_search (list of nodes : openList, list@des : closedListist of node

. partialPlans )

{

if (is_goal_reacheable from(top_node) = = true) {
add top_node to partialPlans;

}

top_node = random_selection(openList);
if (current_time > time_limit) {
add top_node to partialPlans;
return NULL;
}
children = expand (top_node);
if (children = = NULL) add top_node to partialPlans
else{
add children to openList ; //based on the f(Myea
}

returngeneral seich(openList, closedLis partialPlans’

Figure 3.3: General Search Algorithm for the AnygiRlanner.

To find different plans in each best first seansstantiation, we randomly select the
node to expand rather than select the next onéancost-ordered open list. This
strategy is effective despite the loss of cost mndebecause all our tasks have equal
value in our current implementation, and best-fisgtarch priorities high-depth
solutions due to its design. The graph shown bdlogtrates this modified best first
search algorithm. This method is analogous to dpétion techniques that elect to

explore different regions of the input space toidvocal minima.
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Figure 3.4: Modified Best First Search Algorithm

Branching Control Strategy

The planningime_limitvalue also enables the planner to be tuned apptelyr prior

to execution, effecting a design-to-time stratelgnafching factor control) in concert
with the anytime algorithm described above. Manggiomputation time is a critical
issue, particularly when the plan must be adapte@al-time. Controlling the width
of the search graph also enables control of optiyngkrsus planning time. The
selection among candidate actions for each nodeade with the distance-based

traversal cost function. For instance, when thendnang factor is two, only the two
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best (closest) applicable tasks for that agent mallselected. This timeliness feature
compromises optimality; however, since fewer pagilans are explored during the
search the computation of the plan is much fadtkrs trade off is inevitable and
considered acceptable for our application givendheious need to rapidly replan,

particularly when an astronaut requests emergessigtance.

The setup of the branching factor is tightly codpte the time allowed to compute
the plan. If a long period of time is allocated fbe calculation of the plan then it is
more advantageous to have a large branching fastoen developing a rescue plan,
a small branching factor is better able to limie thearch space with our closest-

distance heuristic.

The planning process can be interrupted for twasara. First, the time limit may
have been reached so that the planner must retualich plan immediately. The
second case is when all possible nodes have bgamaad. This could happen if the
branching factor is too small or if the search spaas actually been searched
exhaustively, yielding an optimal solution. Eatymination with reduced branching
factor is not desirable because that time couldehlbeen used to explore more
possible solutions. Although not implemented iis twork, this situation could be
mitigated by employing an iterative deepening atpar that quickly provided a
solution with a low branching factor but then restd with progressively higher

branching factors as time permits.
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3.3 Coordination Executive

Once the centralized planner develops or update®am activity plan, the
Coordination Executivenust communicate this plan to the mobile agenisngn and
robotic) and supervise/monitor its execution thtoag. Coordination Executive

design goals were the following:

Transmit action commands to each agentSince the planner
output is a single list of actions, the coordinatexecutive must

dispatch each action to the right agent at the tigte.

Real-time monitoring: Task execution must be monitored to
facilitate timely task dispatch and to enable cowated activity
synchronization among agents given uncertaintgsk tompletion
times. Unexpected events such as emergency caks$ afso be
recognized within a certain amount of time to eastwrrect and

timely response.

Appropriate Decision Making for Unexpected Events:Once
recognized, unexpected events must be handled m@gely
either through pre-planned contingency responseartime plan
updates. Once an appropriate response is preparedst be sent

to the team in a coordinated and timely manner.
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Update Update
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Command |--_-__ Command
Thread. Thread.

Fig 3.5: Coordination Executive.

The Coordination Executives a multi-threaded program as shown in Figure 3.be
Command threadeparates itself into as many sub-threads as #reragents in the
field. Each of these threads sends the appropdatemand based on the list of
actions computed by the planner. Each new comnmasdnt only when the action is
applicable, in other words the command is only sémgn the preconditions required
for action execution are all true. When an unexgrbetvent is detected related threads
can be stopped via a flag in the agent definiteee (explanation in Section 3.3.1 ).
When a new plan is found the set of command tlsrea€ created again, taking into

account the new set of actions.

Table 3.4 summarizes the role of each Coordinakxecutive thread including
frequency and shared data. THenitoring threadperiodically checks the status of
every agent and reports nominal task executiomstacluding completion times as

well as detecting unexpected events that comprothsegent’s ability to complete
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the task or require assistance by one or more a@tents. This thread alerts every
other thread when an anomaly occurs and a newrgads to be computed. In the

current version thiMonitoring threadchecks for:

Agent task execution speed (rat€urrently, this thread monitors
task execution rate but does not halt activitieprompt replanning
when significant deviation from expected is notdd.the current
implementation, this thread monitors instantanespsed of the
agents, thereby generating false alerts with a m@ar that may
frequently stop and recompute new paths in clultere
environments. Execution time must be supervised, iluuture
implementations a more complex check procedureeéled (e.g.,
speed averaged over a time window or normalizeddproximate
percentage of the traversal completed relative ipeeted

completion percentage).

Agent statusThis thread identifies execution events basedgemta
feedback data. First the thread checks for assisteaquests, such
as a call for emergency help or a lower-prioritguest for a tool or
competence currently unavailable at the agent'ksit. Finally it

checks for cancellation of a call for assistance,example when
an astronaut no longer requires the requestedaioobmpetence.
This thread is used to detect unexpected evendsies not find an
appropriate response to them but alerts the systatra new plan

must be computed.
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The Planner / Display threadis in charge of first computing a new plan usihg t
planning tool described earlier and then of disjplgyexecution information at the
screen. In this software implementation illustdaie Figure 3.5, the Planner is an
“agent” the Coordination Executive can invoke asdesl. Upon startup, the
Executive first calls the Planner with the spedfset of tasks to accomplish. Once
the planner returns the initial plan/schedule, Executor begins directing all mobile
agents in accordance with this plan, calling thenRér again as required to prepare
contingency responses. In this implementation,plaener never directs or invokes
the Coordination Executive except through the E#eels interpretation of the

planned task schedules.

The update Agent threads are the communication threads that wiltléscribed in
more detail below (see Section 4.1.3). They coltiata from the mobile agents using
socket communications, and update the Executiveiewledge of agent state

(position, orientation, energy, etc).
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Table 3.4: Coordination Executive Thread SpectHitie

Thread Shared Variables Frequency
Monitoring Thread All Agent States 10 Hz
Agenti Thread Agent State 30 Hz

Planner / Display All Agent States 10 Hz

Thread

Plan (set of actions)

Command Thread

All Agent States

Plan (set of actions)

Not Applicable

(aperiodic)

Agenti Command
Thread

Agent i State

Actions involving
agent

Not Applicable

(aperiodic)
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Chapter 4. Multi - Agent Simulation

This chapter presents the astronaut-rover simulagavironment designed and
implemented to support this research, as well asulstion-only results that

demonstrate and validate the planner and execdéseribed in Chapter 3.

4.1 Software Implementation

Simulation results were a necessary first stegdbdnd prove that the architecture as
well as the algorithms we had designed were intergcorrectly with the agents.

The centralized planner/executive architecture emgeived and coded such that it
functions the same either in simulation or in fé&al-experiments. Consequently the
central planner, which contains the planning anecaton tool (i.e Figure 3.1), is a
single process that connects with the mobile agentg via TCP/IP socket. This
multi-process organization promotes interchangagtof hardware and simulation-
based mobile agents. Below we first detail howabents were simulated followed
by an overview of the communication protocol betwélge mobile agents and the

central planner/executor.

4.1.1 Rover Navigation Simulation
Each rover is simulated with a single process caegmf four different threads:

Navigation This thread simulates the rover navigating betwee

waypoints.

Execute This thread simulates the execution of a task.
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Process Messagd his thread analyses the message received from
the central planner. For example, when a messagtinong a
gotoaction is received, this thread processes thafggmbwaypoint

information and makes it available for tNavigatethread.

Send UpdatesThis thread sends updates of the rover internal
parameters. It enables the central planner to @eawf the status
of agent position, remaining energy, velocity, etc.

More thread implementation details are provideaWwel

Navigation

The movement of the rover is simulated using agittdine between waypoints. In

order to simulate the roughness of the terrain,sfpeed of the rover is randomly
perturbed. At randomly-selected times during adrse, the value of the rover speed
is changed using a Gaussian distribution centerednd the expected speed. The

user can specify the standard deviation in ordsmulate a wide range of behaviors.

Task Execution

Like the planner, the rover has a database contnitihe expected energy and
duration of each task it has the competences ttonper In order to simulate the

execution of the task, the time and energy requerdm for task execution are
randomly generated using a Gaussian distributiateced around the expected value.
Energy consumption is based on the time requireatéomplish the task. If the task

execution is longer (or shorter) than expected tthenenergy consumed to execute
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this task will also be larger (or smaller). Theateln between energy consumption
and execution time is presumed linear. For ingahthe astronaut takes 20% more
time to execute the task its energy consumption bl 20% greater during task

accomplishment.

The task execution result is also randomly gendrdteorder to simulate execution
failure a random number is generated. If it isaggethan a user-defined threshold, an

error indicating task execution failure is returnedhe central planner.

Process Message

This thread processes the raw data received fre@mctiordination executive. The
communication protocol (see Section 4.1.3) betwagents and the central planner
has been implemented. The aim of this messagedthseto translate the message
received from the central planner into pieces dadhat the rest of the process can
understand. Currently, the coordination execut&e send three types of commands
to the roverGoto actions with the desired locatioBxecutewith the type of the task

andStopwith no additional information.

Send Updates

Since one of the requirements of our system wastawanagement in real time, it
was mandatory for each rover in the field to sepdates at regular time intervals.
This update protocol requires the rover to sendrinétion about its position (X , y

and heading angle), speed, and level of energy.is Tliread retrieves status
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information, computes the appropriate message dicpito the protocol described
below, and sends it to the coordination executivéable 4.1 summarizes the
properties of each thread.

Table 4.1 Rover Thread Summary.

Thread Variables Frequency

Navigation position ; speed ; energy ; 20 Hz
goal_position ; status

Perform task_type ; task_energy ; 20 Hz
task_duration ; status

Process Message status ; goal_position ; 30 Hz
task_type
Send Updates position ; speed ; energy 30 Hz

4.1.2 Astronaut Simulation

The implementation of the astronaut simulation psscis similar to the rover
simulator. Threads are again created for navigati@msk execution, message
processing, and data transmission. The primary auatation for the astronaut was
simulation and communication of astronaut-spec{finexpected) events. As a
consequence the set of data transmitted to thedicw@tion executive is augmented

with the following:

require_help: a command that allows the astronaut to request

assistance for task completion or an emergency.
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type_of help:emergency or type of competence that the astronaut

requires.

disable:indicates whether or not the astronaut is follaytine plan
or is leaving it to pursue a goal of its own. Th@mmand would
be significantly expanded with a real astronaut¢ceithe astronaut
(unlike the simulator) would typically share thdura of their plan
deviation with the coordination executive (missiwontrol) so all
would understand their decision and the rationalarid it.

An additional thread was implemented to trigger xjpeeted behavior from the

astronaut. This thread randomly determines the ismell as the type of unexpected

situation that arises

4.1.3 Communication between Agents and the Coordina tion

Executive

The coordination executive and the agents areesipgicesses that communicate via
TCP/IP. The Coordination Executive manages allroomications, with a link to the
central planner and to each mobile agent. Eachess runs a server and a client.

Figure 4.1 illustrates the communication structure.
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v v Monitoring,
Agent 1 Agent 2 Agent n Planner/Display
communication communication communication Comma_nd Threag
threac threac threac (see Figure 3.5)
serve client serve client serve client

X~/ X~/ X~/ el

serve client serve client serve client

= S

Figure 4.1: Socket Communication Architecture.

Each message is composed of two strings:
a header that contains information about the data

the data itself

As illustrated in Figure 4.2, the header is a 1@bstring. The first 6 specify the
number of data bytes to follow, th& Byte is a space character; tHeahd 9" bytes
indicates the type of message, while the remaibirtg is an “end of line” character.
Tables 4.2 and 4.3 summarize the message typesi@adassociated with those
messages. Table 4.2 details messages sent fro@otirdination Executivéo each

agent. The first action iSotoin which the central planner indicates the firadtion
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to reach. The second message isEecute Taskvhich contains the type as well as
the identification number of the specific task teeeute (see Table 3.1 for task
examples). Finally the last message S®p where theCoordination Executive
indicates the agent should stop executing its atit@sk. Since th&®escueaction is
currently similar to &oto action in its execution (agent reaching a dediedtion),

a GoTo action is actually sent to the rescuer agent

Table 4.3 details messages sent from each agetitet@entral planner. The first
message is used to transmit regular agent statetegod Position, orientation, speed,
and energy state information are all sent to ther@oation Executive. Agents can
also send task execution status as well as seaedbdck. Currently only data from
the rover's camera can be transmitted, but morestygf messages can be easily

implemented once the capabilities exist on the jghaysover platform(s).

0/0{0]|3[2]7]""|0]3|\Wn

— ~— —/ —
e 4
size of the data type of
that follows message

Figure 4.2: Message Header Structure.
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Table 4.2: Message Types from Coordination ExeeutivMobile Agents

=

per

message ID # meaning data
0 Goto action X, ycoordinqtt_es of the goza
position
1 Execute action task type ; task ID num
3 Stop Y1

Table 4.3: Message Types from Mobile Agents to Goation Executive

message ID #

meaning

data

er
US

0 System Update X, y coordinates ; heading
Information angle ; speed ; energy +
{disable ; require_help ;
help_type}*
1 Task completion task type ; task ID numl
; task success/failure stat
4 Image Image Data (pixels)
5* Astronaut Yes or No 10 vyes
answer )
OU no

* additional information sent when the agent isaatronaut
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4.2 Simulation Results

A suite of simulations were run to evaluate thefqrerance of our planner/executor
system when managing a group of simulated mobientsg A simple case to
illustrate the different outputs of the simulatisnpresented first, followed by more
complex examples that evaluate planner scalabilitye tradeoff between timely
response and optimality will be analyzed followeg la demonstration of

planner/executor behavior when faced with unexpgeetents.

In the following examples the expected speeds efaifents were set to 3 m.and
the expected times of task execution vary from Z seconds depending on the task
type Qrilling, Rock Samplingetc...). While not physically realistic, these numsbe
were chosen to shorten execution time. Since ubigoa had to wait for the real-time
simulation to collect data (energy consumptionk tasecution time, etc...), realistic
speeds would have been inappropriate. Neverthedéissbetween task execution and
traversal time were respected. During executiorgnagspeeds were randomly
generated using a Gaussian distribution centere8 wns' and a standard deviation
setto 0.75 m:& In Chapter 7, where a real rover and astronauinaolved, realistic
speeds based on field experience were modeled nwitthe planner’s domain

knowledge.
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4.2.1 Base Cases

4.2.1.1 Scenario 1

Consider the following scenario:

6 tasks ( 1 drilling, 2 image acquisition with apyal from the
astronaut, 1 chemical test (check for water), 1genacquisition

without approval, 1 rock sampling)
10 locations

4 agents (1 astronaut and 3 rovers).
Table 4.3 describes the competences of each agesived in the test, while Table
4.4 describes the possible tasks to be accompligirexte competences were chosen
with realistic knowledge of the capacities of thebatic and human agents.
Rock_Recognitiors a shared competence between human and robotsrsimerous

machine learning algorithms are able to identifyioa of interest.[15]

Table 4.4 Agent competences for the first scenario

Agent Competences

Astronaut (ID = 0) { GRABBING ;
ROCK_RECOGNITION}

Rover (ID = 1) {TAKING_PICTURE , STORAGE ,
WATER_ANALYSIS}

Rover (ID = 2) {DRILLING, STORAGE,
ROCK_RECOGNITION}
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Rover (ID = 3) {DRILLING , TAKING_PICTURE ,
WATER_ANALYSIS}

Table 4.5: Task definitions.

Task Competences Required
TAKE_PICTURE {TAKING_PICTURE}
TAKE_PICTURE_APPROVAL {TAKING_PICTURE}

ROCK_SAMPLING {ROCK_RECOGNITION,

GRABBING, STORAGE}

WATER_TEST {ROCK_RECOGNITION,
WATER_ANALYSIS}

DRILL_ROCK {DRILLING}

Each simulation was randomly initialized. The udefines how many locations and
tasks are desired, and the software randomly gesel@cation X,y coordinates) and

tasks (type and location).
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Figure 4.3: Base Case Scenario.

| Navigation between waypo |

Cooperative Tasl#s

a0 /\
| [ \* 1

\ ]\/Et‘ime 7

rl ‘

tume
wait time

A hY

] r time 4

. | [ ] I"LT N

~ 7
tune

- - task execution (see Figure 4.3 for th
corresponding type)

A1

Figure 4.4: Base Case Scenario — Planned scheddilexpected energy consumption
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Figure 4.3 shows an overhead snapshot of a typlaal The locations of tasks and
agents are indicated, and the computed plan (nwgaactions) is spatially
represented by traversal lines. Figure 4.4 shdwestemporal representation of the
plan with tasks inserted along a timeline basetheir expected execution times. For
this example, the planner’s time limit was set@s&conds during which 2684 partial
plans were stored using a branching factor of 4 planner successfully finds a plan
that accomplishes every task. This test as welhlagollowing cases were all
completed on a Dell Laptop with a 1Ghz Pentium &pssor and 512 Mb of RAM,;
the operating system was the Fedora Core 3 Linstxilolition. Figure 4.5 shows the
execution of the plan by the simulated agents. Wesee that the execution times are
slightly different that the ones expected; thigli® to the fact that in simulation task

duration is randomly generated with a Gaussianecedton the expected value.

-70 -



Expected The action of taking a picture took more time Execution Time

Schedule that expected in this case. (during simulatiPn)
| [ [
e .
E y tume /i
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[ EQEPY . } \ :
~ 7
N\ tume

i o

) 7
tumne

i

Navigation time is higher than expected dug-fo
a lower speed of rover 3 at that time.

Figure 4.5: Planned and actual execution time#h#®base case plan.

Figure 4.6 shows the energy consumption. The gceevee is the expected energy
consumption based on the task and agent definitioime red curve is the simulated
energy consumption received by the central plamoleing the simulation. We can
see that the simulated energy curve utilizatiorfedslightly from their expected
values; again the explanation derives from the flaat each action execution (time
and energy consumption) is simulated using a Gansdistribution centered on
expected values. The standard deviation governsrhaeh the simulation data will

vary from the expected values.
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Figure 4.6: Expected and simulated energy cons@mpti

4.2.1.2 Scenario 2

This second scenario is very simple but illustrates importance of the branching
factor setting as well as the behavior of the pdarin a simple situation. Two robotic
agents are involved in the scenario and they até bapable of independently
performing the 3drilling tasks to be performed at 3 different locations.oTw
branching factors were tested. First the brancaatpr was set to 1 which implies
that the planner will only perform a classic besttfsearch without looking at other

possible plans. During a second test the brandaicipr was changed to 2 enlarging

-72 -



the search space and allowing the analysis of gilzers. As shown in Figure 4.7,

two of the three tasks are close to the two rowdr¢e the remaining one is far away.

Levels of energy

,

<---

Plan with branching factor =|1 ! Plan with branching factor =|2

Note: For display convenience, tasks are not digpdbexactly at the location but are slightly offs#tce|
several tasks (of different types) can be situatdtie same location each of them had to be visible

Figure 4.7: Plan computed with different branchiactor

This example illustrates the planner search proc@gish a branching factor of 1, the
planner selects the locations that are closestrdicgpto the heuristic described in
Section 3.3.2. Accordingly the two rovers are genthe 2 closest tasks while the
remaining task is scheduled at the next level argti@ed by the closest rover given
their positions after the first task for each hasrbcompleted. We can clearly see that
this is not the best option possible; indeed thst pkan is the one that takes advantage
of the fact that 2 of the 3 tasks are very clos® @an be executed by the same agent.
This optimized solution is found when the branchiagtor is set to 2, enabling the
search algorithm to find the alternate solutiort 8ends one of the agents directly to

the most distant task. Figure 4.8 shows the sdasdiomputed for both branching
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factors; it is clear that the branching factor ofeRables a much better solution,

minimizing total execution time

Plan found with Branching Factor bf

0 | i i
! | : >
Q 8.5¢€ ! ' time (s)
i i |
i . A\
0 |

29.¢ tume /(51
1
1

Time Difference: 8.621s

Plan found with Branching Factor &f

1 |<—>I
| | 1
| | 1
0 !
—
1 1
0 20.2¢ ! time (s)
i ! |
rl 1 1
| 1
1 1 N
1 1 B /
0 18.71! ! tume (s)
: :
Drilling Task Navigation

Figure 4.8 a): Schedule computed for two diffetanainching factor.
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Figure 4.8 b): Expected and simulated energy copsomfor two different

branching factor.
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4.2.2 Expanded Scenario

In the first test, the search-space was relatigatyple since only 10 tasks had to be
allocated among 4 agents. The purpose of thielesgale test is to evaluate and
validate planner behavior when the search-spacenbex sufficiently large to
necessitate truncation for real-time planning. sTégenario has the same agents and
task types as the example 4.2.1.1 but with 100st&slbe completed. In fact, due to
energy constraints not all tasks can be accomplishevertheless the goal is to
execute a maximum number of tasks. Because ofirtheedd amount of energy only

26 tasks were executed.

Figure 4.9 illustrates the planned traversal as#t schedule for each agent after 30

seconds of computation.
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Figure 4.9: 100-task scenario: Partial plan aigdale after 30 planning seconds.

4.2.3 Time vs Optimality

One of the main goals in our planning implementati@as to trade off planning time
constraints with solution optimality. By settingetplanningtime_limit value and the

branching factor to high values, more plans will oglored thereby identifying a
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more optimal solution. To examine the trade off wesn optimality and
computational time we set up an example of interateccomplexity with 24 tasks.
Not all of these tasks could be executed due toggneonstraints, but depending on
the ordering of the task execution, plans with 4&® accomplished tasks could be
found. Figure 4.10 shows the results obtained fiferént computation times. Each
point in the graph is an average of 5 experiment$ the standard deviation was
taken into account when fitting the curve. Theeirse of the standard deviation was

used to computes weights in the error term as showhe following equation:

n 2

error = s—lz(yI - £(x)) (4.1)

wherey; is the value of théth experimental pointi(x) is the fitted value of th&h

experimental points; is the standard deviation of tha experimental point.

21
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!
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Figure 4.10: Optimality vs Computation Time. foporanching factor of 4.

In order to compare the results of the differentsrwf the planner for the same
problem we created a post-process plan scoringimcThis function is designed as
a quantitative measure of plan quality, first raxgkplans in order of number of tasks
completed and secondarily ranking by execution tiareplan sets that complete the
same number of tasks:

(execution time)
upper_bound- lower__bound

scord plan) =#_of _tasks+

(4.2)

where upper_bound = the maximum amount of timeetkecution ofi tasks could
require and lower_bound = the minimum amount ofetithe execution of tasks
could require.
As an example, suppose that after running the plaseveral times we find that the
execution of 19 tasks ranges from 120 to 200 sextmeh a plan that accomplish 19
tasks in 130 seconds will have a score of:

score=19+m)=19.875 (4.3)

80

This grading system ensures that a plan with atgreamber of tasks will always
have a larger score. It also enables us to makeliffexence between 2 plans that
have a same number of task but different executime. Again, note that this
function was only used to compare different sohgialentified by the planner, not to
guide the search process itself.
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Figure 4.10 shows the tradeoff between optimalitgt aomputation time for this 24-
task example. As expected, solution quality impsovdath planning time.  For
instance, 10 seconds are required to plan for 20rec The graph approaches an
asymptote of (apparently) 21 tasks which clearlgidgates the maximum score
possible with a branching factor of 4 is not therfpct” score of 24. This suboptimal

situation exists for two reasons:

Not all nodes are exhaustively searched in the hgrapth
branching factor 4, so the asymptote is not readweth with the

higher time limits graphed in Figure 4.9.

The search graph is limited to a branching factbrdo which
prunes the majority of the full exhaustive searplace over all
combinations of task orderings and agent assigrsnent
Although in this problem 20 out of 24 tasks ardat#ly accomplished even with
modest branching factor and execution time, ittilk the case that branching factor
value has a great influence on plan quality. Rer24-task scenario, planner statistics
were collected with branching factors of 2, 4, &néigure 4.11 only shows the curve

fits computed from experimental results for branghfiactors of 2, 4, and 6.

- 80 -



21

20.5¢
20+
o 19.5¢
é
® 19t ——curve fit-BF = 2
curve fit-BF =4
18.5]; —curve fit-BF =6
18
175 1 1 1 1 1 1
0 10 20 30 40 50 60 70
time (s)

Figure 4.10: Influence of branching factor (B.Fn)man quality.

The figure above shows two interesting dependermligdan quality on branching
factor. As expected, we observe that when thedbiag factor is larger, better
solutions can be found. A branching factor of élgs much better solutions than
branching factor 2 solutions and marginally betseftutions than possible with
branching factor 4 with the same execution timest@amnts. The second observed
property is observed by focusing on the beginnihthe graph where planning time
is significantly restricted. In this case, smathmching factors enable better planning
results, illustrating that our distance-based rstigrused to define the reduced search-
space is useful. With larger branching factor, gtems explored are more likely to be
exploring costly nodes from a distance perspectexesn though more nodes are
eventually explored with sufficient time (therebitimately yielding an equal or

higher-quality solution). Since the search is fedito a few plans due to the time
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constraint, the solution will be very random. Or ttontrary when the branching
factor is small then even if a few plans are exgdathey will all be using node close
to the heuristic. As the results are better with ldtter solution, we can conclude that

this strategy is efficient and helps the searcleesgfly in emergency situation.

In conclusion, a search tree with large breadtluseful only if we have time to
explore it; otherwise it can lead to very randorfusons. When computational time
is limited pruning the search space with our héigrismproves the obtained solution,
although branching factor should be increased taps local minima with more
time. If the branching factor is too small thenus@n will clearly be less optimal as

they could be.

4.2.4 Unexpected Events

In addition to temporal constraints, an importaapability of the planning system is
to deal with unexpected events resulting from em@cies, opportunities, or simply
poorly modeled task execution timings or effects. this work, focus is placed on
emergency response, which is the most criticalasitn to handle during rover-
astronaut exploration activities. Consider the mymecy situation where the
astronaut calls for help. Although more generapgdfics of the emergency would
be required to ensure appropriate response, imthiik the response to such an event
is to redirect an agent with life support equipmienthe astronaut, with preference to
redirect the closest rover (the first-level resgoraitomatically selected by the

planner given branching factor of 1). The previguscenario with 24 tasks and 4
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mobile agents (three rovers, one astronaut) wégedi All mobile agents possessed
life support equipment. The planner was alloweddQ@he original plan computation
and 0.5 seconds to plan the emergency response3Ukivalue was chosen based on
Figure 4.10 in which we can see that a settinglo$&onds with a branching factor
of 4 gives good results while not being overly lorgdditionally tests in Figure 4.10
were made with the same number of tasks and agenesquirement to make the
comparison possible. The 0.5 second response tiawe anbitrarily chosen by the
author but could be dynamically adjusted dependimg the level of urgency
associated with the particularly emergency that &@sen. At a random time the
[simulated] astronaut calls for help. Figure 4.ll@sirates the different events and
actions that occur during plan execution, includihg emergency response. Figure

4.13 shows the energy consumption during plan dim@tu
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Figure 4.13: Energy consumption during contingemsponse for emergency

assistance.

In the next scenario, we demonstrate the case ichwie astronaut decides to
deviate from the plan (e.g., to opportunisticallyplere a scientific target). The
computation of a new plan is mandatory, since #gramg tasks previously allocated
to the astronaut will no longer be completed. Avmdan is therefore required in real-
time to reallocate the tasks among the remainirmmtenembers. Figure 4.14
illustrates such response. The setup of this exams@imilar to the previous one; the
“leave plan” message from the astronaut is randogelyerated during execution.

Figure 4.13 does not show the initial plan inifladbmputed but only the execution of
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it as well as the second plan computed. The rectatipn of the plan was
constrained to 10s, not as restricted as the timi¢ lor emergency response but still
sufficiently small to minimize idle time or time ept pursuing other tasks that will be

interrupted once the executor initiates a shithe®new plan.
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Figure 4.14: Contingency response when the asttdeaves the plan - the remaining

rovers accomplish 17 tasks out of 24.
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Chapter 5. Rover System Design

This chapter describes the rover that was constiygrogrammed, and integrated as
a mobile agent for this research. A descriptiothefrover’s mechanical, sensor, and

computer/software systems is provided below.

5.1 Mechanical Systems 2

The rover is based on a six-wheel rocker bogieesusipn system first developed and
implemented at the Jet Propulsion Lab for the Max®r Sojourner. The sides and
the rear part of the body are connected to thpension system with pivots which
enable the chassis to stay at half the angle bettveetwo sides, improving stability.
The wheels are evenly spaced, separated by appatedjrtwice their diameter. This
enables the rover to traverse obstacles of appairiynl1.5 times the wheel diameter.

Figures 5.2 — 5.6 illustrate the primary mechanscddsystems of the rover.

2 As a second-generation rover in the Space Systaimsthe rover frame and mechanisms (except the
pan-tilt unit) were designed and machined by Veddachso, a mechanical engineering undergraduate
in the University of Maryland’s Space Systems Labhe author of this thesis received the rover
components but was fully responsible for assembly st of the “basic” mechanical rover system

under remote control. This thesis serves as thedmtumentation to-date of the rover hardware.
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Figure 5.1b: Rover suspension and steering de@Rgar view)

We can see from the above figures that the roveomsposed of a chassis (used to

support the onboard electronics, batteries, eta)aasuspension system composed of
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two symetrical assemblies (one for each side).Hassis is linked to the suspension
system via three pivot joints that are sufficiemstabilize it. Each suspension system
is composed of two parts: one bar linkage holdivgftont and center wheel and one
“V” component linking the front assembly to the skis and the rear wheel. Most
parts were fabricated with a Computer Numericallgnt@olled (CNC) milling

machine due to their complex shapes.

Figure 5.2: Assembled view of the rover.
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Figure 5.3: Rocker Bogie suspension system andisgegystem details.

Figure 5.4: Camera Pair mounted on a pan tilt unit.
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Figure 5.5a) Details of the pan - tilt unit. (pict

Rover Fram

Figure 5.5b) Details of the pan - tilt unit. (graph

As illustrated in Figure 5.5, the pan-tilt unit ithsee principal components:
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Primary (pan) servo holderThis “U shape” aluminum part is

linked to the rover frame and is used to hold the gervo.

Secondary (tilt) servo holdeGimilar to the first holder, this part
that holds the tilt servo has a “U shape” and tachied to the

rotational axis of the pan servo.

Camera holder (mount)This part is attached to the tilt servo and
holds the pair of camera.
The pan tilt unit was machined using the manualimgilmachine since part shapes

are quite simple.

Parts inside the
wheels: servo, ser
holder, bearing.

Figure 5.6: Mechanical parts inside each wheel.

5.2 Sensors and Servos
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Autonomous navigation without GPS was a baselinggderequirement for our
rover. This requires the rover to sense its pwsitand orientation (heading for
traversing a near-flat surface) and to accuratedynroand its servos to follow
specified traversal directives. Below, we firssdebe the servo interface, followed
by a description of modifications to the COTS (coenaml off-the-shelf) servos to
enable extraction of an encoder signal for deadtor@og navigation. Next the
Microstrain Inertial Measurement Unit (IMU) and e camera pair will be

described.

5.2.1 Servo - Serial Interface

Based on previous experience, the rover was deasigniee driven by 12 COTS Hitec
HS-645MG high-torque servos traditionally used loplhyists. The main advantage
of such servos is their low cost and availabilMyhen driven by a servo control board
(PONTECH SV203 Servo Motor Controller), messagesipgsbetween computer and
servos is handled via a traditional RS/232 sewahmunication protocol. Figure 5.7
illustrates the connection between the differemveae and shows an example of a
data sent through the serial port.

In the rover a total of 12 servos were used totegrsthe vehicle by changing the
orientation of the 4 corner wheels (4 servos),dr) and tilt the stereo camera pair (2
servos), and c) drive the vehicle (servos were tipogd inside each wheel as
described above) (6 servos). Two servo contrbiderrds were necessary as each can
handle a maximum of 8 servos.

Originally the COTS servos were not capable of ioomus rotation but are designed

with hard stops to reach discrete positions withimange of approximately 180
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degrees. In order to use servo for wheel rotatien following modifications were
required:
Disconnect the potentiometer from the rotation .axis

Cut the security block (hard stop) to allow fultaton.

| Serial Communicatic |

< >
‘BD1SV5M155”

)

Example of data sent from the computer to the
servo controller. The message commands board 1
to move servo 5 to position 155.

Figure 5.7 Connection between servos, control samad computer.

Despite their numerous advantages, servos arehaatéeal drive system especially
when modified for full rotation. First, when tesji the servos after the full rotation
modification we realized that only ten speeds warailable in each direction. The
control resolution is therefore very low, an adifananaged by the controller to be
described in the next chapter. Also, althoughas@@mmunication is very easy to
setup and use, it remains very slow. We are cuyreising the servo board at a rate
of 9600 baud which in practice limits the controbp to approximately 10Hz given

message dropout and other processing and datadi@rements.
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A third drawback, which we will see in the followgrsection, is the difficulty to built

high resolution encoders within these servos, givext no external encoders were
integrated both to reduce cost and fit all comptsmenithin the constraints of the
small rover wheel cavity. Based on experiencesithe recommendation of this
researcher that the encoder/servo system was thkestelink in the hardware —
upgrades will likely provide better navigation rkisu Accuracy deterioration in

control as well as in position determination idarge part from this choice of rover

actuation and encoder system.

5.2.2 Custom Encoders 3

In order to estimate the position of the rover, mdtry sensors are required to
measure wheel rotation speed. We used custom erscothnually embedded within
the COTS servos. The idea was to measure rotatioime first gear (the gear
connected to the motor of the servo) to get be#solution. The encoder system is
based on the P5587 photoreflector from Hamamatsus Teflector embeds an
infrared LED (for light emission) and a photolCr(faht reception) which includes a
photodiode, an amplifier, a Schmidt trigger circaid an output phototransistor. The
figure below shows a diagram taken from the P558&numal that details the output

voltage based on the surface that is in front efshnsor.

% The custom encoders described in this section wesigned and primarily constructed by Joseph

Easley, an undergraduate student in the Univeo$itaryland Space Systems Lab.
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OUTPUT VOLTAGE (V)

P5587 Photoreflect

B Position detection characteristic
(P5587)

(Typ. Ta=25 °C, Ir=10 mA, Vee=5 Y, Ri=12 kQ, d=3 mm)
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Figure 5.8: Position Detection with the photorefted5587 from Hamamatsu.

This photoreflector has to be integrated in a dgirthat the vendor provides. The next

step was to design a circuit card small enoughttmgide the encoder. Figure 5.9

shows the circuit for the photoreflector as welttas board design.

JP2
TOF O
P5887__ N % ﬁ
ie
7| R &
& O
o)
R2- @y © ;R;OE_ 5
47 G Of
1

Lround
\'
Signal

Circuit for the photoreflect0r|

| Circuit Board Design|

Figure 5.9 Circuit and circuit board for the phetitector (J. Easley).
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The circuit board is installed inside the servoding, enabling the photoreflector to

face the first gear. After many tries, the bestisoh was determined to be gluing a

piece of paper to the servo with the following desi (8

This enables us to have 3 periods (and therefa@uBts) per gear revolution. As the
gearing ratio is equal to 50, we could obtain 160nts per wheel revolution.

In order to determine the equivalent distance & oount we decided to make the
rover drive a known distance while counting theceler values. We performed this

test repeatedly and selected the average valu@6® Inm per encoder count.

5.2.3 Microstrain Inertial Measurement Unit

Although this work operates the rover only on neael surfaces, position
computation requires heading knowledge. Our smiutias to use the 3DM-GX1

Inertial Measurement Unit (IMU) manufactured by MistrairO, chosen due to its
ease of integration and availability from anothesjgct. This IMU combines three
angular rate gyros with three orthogonal DC acoetaters, three orthogonal
magnetometers, a multiplexer, 16 bit A/D convergr] embedded microcontroller.
It outputs full three-dimensional orientation amyalar velocity vectors in dynamic

and static environments. Figure 5.10 shows a madfithe 3DM-GXO IMU.
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Figure 5.10: Microstrai® 3DM-GX10 IMU.

The inside micro controller computes in real tirhe btrientation of the unit using a
filter algorithm that fuses the 9 sensor measurésneith an Extended Kalman Filter
(EKF). The IMU data is accessed via RS/232 semat pt 115 kilobits per second.

Available data includes:

Raw sensor information: (integer value where Oesgnts Ov and

65 535 represent 5 volts)
Sensor information: raw data scaled to physicaisuni
Stabilized sensor information: filtered data values

M: rotation matrix from the earth fixed coordinatgstem to the

IMU coordinate system.
stabM: Similar to M but with stabilized sensor infation.

Q: quaternion vector of the rotation from the edistbd coordinate

system to the IMU coordinate system.
stabQ: Similar to Q but with stabilized sensor ination.
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Euler: Euler angle of the rotation from the eaitted coordinate

system to the IMU coordinate system.
stabEuler: Similar to Euler but with stabilizechser information.

Temp: Temperature.

MicrostrairO provides a C API to interface with the IMU.

5.2.4 Cameras - FireWire Interface

Our target recognition and obstacle detection sysie based on stereo image
information. The Fire-i™ Digital Camera from Unilma was selected for three
reasons:

The Firewire connection is fast and extensiblénhmfuture to more

cameras.
This camera has decent optics but low cost.

This camera had been proven to work under the Lenwronment
we planned to use, thus integration overhead wagmal.
The figure below shows a picture of the Fire-i™ i Camera as well as its
specification. Linux image acquisition drivers wedownloaded from the web
(http://www.linux1394.0rg/) and integrated into tlopen source machine vision

library we used for stereo image processing (se&de6.1).
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sensor type SONY® Wfine* 4" CCD
Pixel shape square: 5.6 x 5.8
Optics f=4.65
Horizontal View 4
Angle
Vertical View 32
Angle
Resolution & 640 x 480 in RGB mode
speed 15 frames per sec
Power 0.4 watt (sleep mode)
0.9 watt transmitting

Figure 5.11: Fire-i™ Digital Camera Specification

5.3 Computer System

From the perspective of this research, the heathefrover is its computer system.
As would be expected in our overall architectutes tover acted as a standalone
“mobile agent” which required that all computatiaegjuired for task execution are
made onboard. Because algorithms required for éafeged obstacle detection and
path planning required an embedded processor vetierd computational abilities,
our computer stack was designed around the PC IL84tandard form factor. Below
we briefly describe the PC 104 plus architecturiéo¥eed by a description of the

different CPU and interface boards and their supgaftware.
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5.3.1 PC - 104 plus and the Rover CPU/Interface Boa rds

PC 104 plus is an embedded computer standard by @i&04 Consortium that
defines both a form factor and a computer bus. Baatiule has the same dimensions

and stack on other boards. The PC 104 plus boanthioes 2 buses: ISA and PCI.

The first board in the stack is the motherboardCBtJ board. We selected the Cool
RoadRunner D from LipperD due to a combination of speed, power, and cost

considerations.

Figure 5.12: CPU board - Cool RoadRunner Il

Shown in Figure 5.12, this board features:
933 MHz Processor
512 Mbyte of RAM

Graphic Card Savage4 AGP
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2 RS232 serial Port
2USB1.1

10/100 Ethernet connection
AC97 sound card

Phoenix BIOS

We added a 2 GB compact flash card for onboardatipgrsystem and file storage.

To retrieve information from the stereo camera parneeded a firewire interface in
the stack. The card we used is the Ampro MiniModiB94 . It provides two

400Mbps firewire ports and is illustrated in Fig&.é3.

i k‘--: #

= e e

SR Ly MR

Figure 5.13: MiniModule 1394 from Ampro - FireWire Adapter Board.

To measure wheel rotation, a counter board waseukéd collect data from the
custom encoders. Due to our previous experiendstiae company, we chose the
Diamond Systems Quartz-MM . This board provides 10 counters as well as digita

inputs and outputs. For our application we idealbg six counters, one per wheel
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encoder. In the data acquired for this thesisy three counters were used as three of
the six total wheel encoders were not functionimgpprly. Figure 5.14 shows a
picture of the board and lists its main featurehjlevFigure 5.15 shows the full

PC/104+ stack mounted on the rover.

# of counters 10 (16 bit wide)
Maximum input 7 Mhz
frequency
Low -0.5<< 0.8 volt
High 2.2 < <5 volt
Operating 0-60rC
Temperature
Power +5V £10%@290mA

Figure 5.14 Quartz-MM Counter Board from Diamond Systems

5.3.3 Operating System

The operating system we selected is the RedHatr&e@ore 3 distribution of
Linux, a newer distribution (as of its integratiathin the rover) that is free and for
which drivers are available for a substantial amairhardware. This distribution is
not a hard real-time operating system, but dudaw sontrol loops and the inherent
stability of the rover platform, hard real-time was a driving system requirement.
The operating system was installed with the minimsize configuration which

requires approximately 400Mb. Additional librariesluded:

gcc, g++: GNU C and C++ libraries
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Libraw1394: Firewire interface library

Tlib:  Machine vision library (see Section 6.1).

ard Stack

12 REV H NOV 85
AT ATAAN R A

3DM- GXL Inertial V. i

Measurerent Unit - P lossosas)

Figure 5.15: Illustration of sensor and computesteiyn mountings.
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Chapter 6: Rover Navigation and Control

Once the hardware was fully-functional, a substhmingineering effort was required
to implement even a minimal subset of the rover pet@nces (e.g., goto, take-
picture) required for planetary surface exploratiormhis chapter describes the
engineering behind the “goto” (navigation/contrtdksk in an environment without
GPS. Vision-based obstacle detection and mappigrithms were implemented
within the context of the open source TLIB machungon library. As described in
[46], TLIB was originally designed for Human-Robbtteraction research. We
utilize TLIB data structures and its functions twess, convert, and store images. We
first added a new firewire grabber for our cametiasn added our own image
processing functions for obstacle detection andpimgpas will be described below

(Sections 6.1-6.2).

As discussed in Chapter 5, our rover has limitetitaldo precisely actuate and
measure its actual motions. The remainder ofdhépter describes how we adapted
and tuned path planning (Section 6.3), localiza{®ection 6.4), and control (Section
6.5) algorithms to perform as well as possible givaur rover's performance
characteristics. We conclude with a summary ofaiimedded software threads that

together enable rover navigation in a lab or outewwironment.
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6.1 Obstacle Detection

Because the rover has no previous knowledge antsronment, it must be able to
detect and avoid obstacles while navigating. Maeghniques have been
implemented to detect obstacles, but no one hagepreeliable in every possible
condition (indoor, outdoor, structured or natunavieonment). Since navigation was
not the main topic of this research, the intent wabuild a detection system that
could handle structured and relatively open indmad outdoor environments. Color
is perhaps the simplest visual technique that eansed to identify objects/obstacles
with known and distinct chromatic characteristiésr our tests, the environment was
engineered with uniquely-colored objects that cdhdddetected either as obstacles or

waypoint targets.

The main complication when detecting objects withocis lighting. With dynamic
lighting conditions, perceived object color can @ dramatically, lowering the
robustness of simple algorithms such as colorriiiige  Our solution was to use a
machine learning algorithm trained with sample iemgaken in different lighting
conditions. We implemented a neural network toolidentify uniquely-colored

obstacles.

6.1.1 Neural Networks

Neural networks were inspired by biological obséores of the brain. In their

practical implementation neural networks are a smpathematical model of a

function F : X 3%® Y, where X is the input (measurement) vector of dinyension

- 106 -



and Y is the output (classification) vector alsoanfy dimension. Neural networks

offer several capabilities:
real-time computation of results.

Ability to classify poorly-understood, complex, iatprecise data
Neural nets have been used in many applicationshane proved their robustness in
areas like pattern recognition, system monitoriagd adaptive control. The
fundamental neural network is composed of seveataleonnected single processing
units called perceptrons (Figure 6.1). The inputaoperceptron can either be the
input-vector of the neural network or the outpubtier perceptrons. It computes the
weighted sum over its input which is then used b\aetivation function to output a

single value.

Perceptron| y,

X2 o .
activation function

J

X3

Xa

X weighted sur

Figure 6.1: Description of a the perceptron

Perceptrons are connected to form a neural netwwhere each connection is
defined with a weight that multiplies the activatibevel being transmitted. An
important property of the neural network is thatvds proven that any continuous
function can be approximate to any accuracy by raethayer neural network

illustrated in Figure 6.2 [47].
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w;  weights

O perceptron

Input layer Hidden layer| | Output layer

Figure 6.2: A three-layer neural network.

In order to function properly, the neural netwodeds to be trained. Although other
alternative network structures and adaptation exjiat have been proposed, the
classical training process is the back-propagagigorithm (Figure 6.3) based on

gradient descent.
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initialize weights;

repeat y[i] = training output value

for each input vectoe in training set o[i] = computed output value

compute output vector;

for each nodein output layer do:

error]i] =%' (y[i]_ O[i ])2
D, = (y{i]- ofi]) ofi]" (t- o)
for each nodé in hidden layer do:

surr[h] = w, D

D, =sunjh]” a[h]" (- a[h])

for each weighty, in network do
if mis an output nodey,,+=/" D_, &
elsew,,+=h"D,_, &

until stopping criteria satisfied

Figure 6.3: Back propagation algorithm for a thiager neural network

6.1.2 Application to Obstacle Detection

Our application required processing images defae@40x480 pixel arrays with 8-
bit RGB (red-green-blue) color information for eguitiel. The goal is to divide the
image into a grid where each cell is assigned aahility indicating how likely it is

that this grid is occupied by an obstacle. Onehaf thain challenges in machine

learning algorithms is definition of the input feeg vector. The computation time as
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well as the performance of the algorithm greatlpeatels on this vector; therefore
domain expertise is needed to compute an efficrgnit array.
Inspired by pixel-level RGB intervals for objectgseentation, we define our feature

vector with six parameters:
Red channel average in the cell
Red channel standard deviation in the cell
Green channel standard deviation in the cell
Green channel standard deviation in the cell
Blue channel average in the cell

Blue channel standard deviation in the cell
The output vector is a single value between 0 grakfining the probability that the
cell contains an obstacle. (1 = 100% probability tell contains an obstacle, 0=0%
probability the cell contains an obstacle). A samicell decomposition method is

described in [20].

During the training process the image is dividetb ioells from which the feature
vector is computed. All cells are the same usecifipd size. The user indicates if the
cell corresponds to an obstacle or not. The nenealvork is then trained using

multiple cells from multiple images. Figure 6.4idtrates this training procedure.
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¥
vvvvvv

The user indicateg The training set is

which cells is an updated with the cel
‘# obstacle information of the
image.

'

no enoug
images

yes

training

weight updates

Figure 6.4: Color-based obstacle detection new&Vork training procedure

6.1.3 Results

When building the training set, 70% of the datased for training and the remaining
30% is used to validate the neural network. Th@lgin Figure 6.5 summarizes the

results and the tests performed on the neural mktused for indoor navigation.
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| 7 images used for training (70%) and testing (30pb)

s /%’ //f/f

&

Obstacle defined
by the user during
training

Results:

93.9 % of correct obstacle detection
\—>1.9% of the cells that were obstacles were detemdeftiee (dangerot
situation)
7.5 % of the free cells were detected as an oles{aok dangerous)

Visual results:

This example illustrates the limitation of colorsea obstacle
detection. This part which is not an obstacle hascblor and thg
texture of an obstacle, making the algorithm tbttarecognize
the obstacle.

1%

Figure 6.5: Performance of the neural network imnaoor lab environment.
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6.2 Mapping

In order to properly navigate, the rover must bk @b model the world and store
useful terrain information such as obstacle locatidOnce obstacles in an image are
so classified, the next step is to translate thfsrmation into a map so that the
navigation system of the rover can establish aecompath. Below, we describe the
map structure that was implemented to store teirdormation, and then we detail

the process of transferring image information i@ map structure.

6.2.1 Map Structure

We use a grid-based structure to build our maps Tihs the advantage of being easy
to manipulate and provides fast access to thenmton. We created a recursive
grid structure to facilitate memory allocation. ®vhnavigating pieces of the map are

dynamically allocated depending on rover location.

Recursive Grid Map Structure

Each grid contains an array of ﬁ
sub-grids, refining the map.

Only the last grid contains /
probability information. :>
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Figure 6.6: Recursive grid map structure

As we will see below, this map is used by the gd#imner to find a trajectory free of
obstacles. The planner represents the rover agmtiipdhe map, a strong assumption
that could lead to dangerous paths. To compenslagemap structure enlarges
obstacles by a certain number of cells. This “nrargi safety” prevents the path
planner from finding paths that are too close ® thstacles. Figure 6.6 illustrates

the map structure. The bottom-level grid contaimesdetailed map information:
Probability of Obstaclé [ 0, 1]

isObstacld {true ,false}. Indicates if the cell is part of abstacle
or not. Even if the probability is less than 0.Be tcell can be

identified as an obstacle because of the marggafafty

6.2.2 Projecting Camera Images on the Ground

This section describes the geometrical formulagl usedescribe the transformation
between image plane pixels and real spatial lonatan the ground. In order to find
the projection point of a pixel we need to find thguation of the line that goes
through the focal point of the camera and the ddsjrixel. The projection point on
the ground is defined by the intersection of timie land the plane z=0. We assume
the position of the focal point in the global framseknown (this point is attached to
the rover whose position and orientation is defiaedll times). The first step is then

to find the position of the pixel in the global (p)acoordinate frame. Figure 6.7
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shows the projection of an image from a side viEigure 6.8a shows a top view

while Figure 6.8b introduces the coordinate fransssd below.

image y coordinat

D

Figure 6.7: Side view of image projection to theugrd

G focal _ point

7

12‘ \th\ focal plane

/
Y

i

Xy
’
7’

G focal _ point

a) Top view of projection to the
ground b) Coordinate Frames

Figure 6.8: Image Projection.
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Define a frameC,__, o (see Figure 6.8) with the same orientation asgibbal

frame but centered at the focal point. Now defirfeame(C,__ plane(see Figure 6.8)

at the center of the focal plane with the orieotatof the camera. We wish to
compute the locatiorx(real , y_read) in the global frame of the projection of a point

in the image from the following input parameters:
focal lengthf (px)
position of the point in the imagé_pixel , y_pixel)
height of the camerdx(m)
tilt angle of the camera relative to the verticaka

Global pan angle of the camera about the vertiiat a

= pan angle of the camera + rover heading angle

position of the focal point in global coordinate& origin
y_origin)
Two consecutive rotations as well as a translati@napplied to transforr@=,
_ point

into . The first rotation is the “pan” rotation abouetld axis, while the
ocal_ plane

second is the “tilt” rotation about the intermedigtaxis.

“pan” rotation:

cods) -sin(s) 0
Rpan= - sin(s) cods) 0 (6.1)
0 0 1

“tilt” rotation:
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P )
cos —- a 0 sin ?- a
Ruiiie = 0 1 0 (6-2)
. P P
-sih —- a cos —- a
2 2

The coordinate at the center of the focal plang:in o is given by:
cos%- a ~cods)
P .
Pcente= COS 5 a ~sin(s) (6.3)
. P
-sin —-a
2

One last rotation is necessary if we want to kdepdriginal image coordinate (

along the width axis anglalong the height axis)

0 0 -1
Rimage = 1 O O (64)
0 1 0

Now that we have defined every transformations ipossible to find the equation of

GfocaL point

the line that goes trough the focal point and aowtpin the focal plane. imageT IS

the transformation matrix from can map any poirgressed in the image frame in the

G, _ frame.
‘ocal_ point

Gfon:al_ point P

Gf°°a'—p°im-|- — Rpan, I:iilt ’ I:image center (65)

e 0 00O 1

This transformation matrix is used to find the wttor of the line that goes through

the focal point and any desired pixel in the image.
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We then solve the projection of this point by cotpy the intersection of the line

with the plane at z = 0. The unit vector of thejection line is given by:

_—

u=

x_ pixel” sin(s)+y_image sin % a cods)+f” cos%- a ~ cods)
- x_pixel” cogs)+y_image sin % a “sin(s)+f” cos%- a *sin(s)

. , P , .. P ,
y_image cos = - a - f sin -4 cods)

(6.6)

Having the unit vector as well as a point that bgkto the projection line, we can

find its equation:

x=g,tk" U, a, = x_origin- .
y=a,*k’ U, with a, = y_origin- u, (6.7)
Z:a3+k, U. a3=h- U,

Next we findk so that z=0 and then computey, the coordinates in the global frame

of the projection of the point.

6.2.3 Obstacle Probability Map Management

Because the camera is viewing the ground at aicestagle, it is not possible to
distinguish the shape of the obstacle. As showrigare 6.9, two different obstacles

are perceived identically by the vision system.
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v

Figure 6.9: Uncertainty in obstacle shape due ¢geption.

In order to take this issue into account we modifiee probability of certain cells.
When several consecutive cells are found to beaolest their probability is lowered

to compensate for the uncertainty. The graph bdlastrates this modification:

Figure 6.10: Probability adjustment illustration.

In practice, new image data quite often must beetated with existing map data of
the same region. When the rover is traveling,ilittake several images of the area it

expects to traverse, and updates the map accoydingl
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The update formula we used is based on a low-plgss flt computes the probability

of the map cell using the new measurement as weheaprevious one:

P_cell =@-n) P_cell +() P_measuremet (6.8)

The variablen indicates how much we trust the new measured valiagive to the
existing map value. When is high (near 1) then the map will change withheaew
input value, while a map with low will evolve very slowly. This formula represents

a low pass filter wheren represents the trade off between delay and noise
elimination. We used this formula instead of thessical update formula described in
the introduction (derived from Bayes rule) sincallbws us more control over the
update process. As we will see later, the posibibtihe rover diverges over time due

to dead reckoning error therefore it is preferabl&avor new measurements.

6.2.4 Example

Since the rover uses two cameras the projectionnaapping process is repeated
twice by taking into account the different locatiohthe two cameras. Despite the
fact that we have two cameras, we are not perfayramy depth calculations. The
pair of cameras is used as a redundant system vimploves the accuracy to a
limited extent, but stereo vision processing is aotrently performed. The figure
below describes the process of mapping the two @nagken from the left and right

cameras.
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—>

left image Analysis Map Update
Real Position of the cups @

Map Update right image Analysis

Obstacles with the margin of safety applied

Figure 6.11: Mapping with two cameras and neuraagk trained to detect red

cups.

6.3 Path Planning

Once the robot has mapped its surroundings it imeistpable of computing a correct
path to reach the goal. A path planning algoritemequired for the rover to find a set

of waypoints that reach the goal while avoiding jpped) obstacles. Much like task
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planners, path planning algorithms typically ararsbk-based. We utilize an A*
algorithm as our path planner, with initial rovessgion and heading as the initial
state and destination location/waypoint as the gtzde. The shortest-distance (clear)
route from start to goal state with acceptableihgrcharacteristics is considered the
optimal solution, as will be defined more precisbblow. The only discrete action
possible ismovethat transfers the rover from one position to haowhile avoiding
obstacles and respecting the kinematic constraihtbe rover. To define the path
planning problem, we first define terminology. @asch node is a 2[Xx,y) position
coordinate. Nodes are arranged in a graph wheles l(edges) between nodes
represent direct traversal paths. As was disduss€hapter 2, A* requires a cost
functiong(n) and heuristic functioh(n). Each will be precisely defined for our path

planning problem below.

While A* is domain independent, the process of exinag the search graph requires
definition of valid edges/links and computation gfn) along each path. In our
algorithm, a point is considered reachable fromtlagopoint (thereby defining a
valid traversal graph edge) when no obstacles arected along the path that links
the two points. The process of generating new point the search graph is

decomposed into four steps:
Defining and expanding a window around the inisizte
Finding reachable new points (defining possibleogradges)
Checking if the path is free of obstacles (validgtyraph edges)

Computing cosg(n) and heuristiti(n) values
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The first step is to obtain map information arouhe point we want to expand (this
area is called the window of search). Once thip ®eaccomplished traversal points
are detected with the method illustrated belowiguFe 6.12. Each default cell in the
window is checked; if it is an obstacle then aadiéil neighboring cells are analyzed
to see if they can instead be added to the seaagih dsee the graphic below for cell
configuration). Each point is then tested to sethef path is free. This first test is a
straight line test -- a series of points are evaldialong the straight line between the

initial node and its child.

Traversal Point Identification |

Cell configurations for detecting reachable traskpmints:

o ey ki

Example of finding traversal points: M point to expand (initial state)
O @ O ] free space
@) O
.8_ [ | obstacles
@)
O S © traversal points due to obstacle
/
o O O  Default traversal points when no
“obstacle” blockage is found
S ———— the point is not reachable
! the point is reachable
O O

Figure 6.12: Description of the search for neweraal points.

Once a set of children are found to be “straigh€ireachable, a second test is
performed to see if the global path is correctthé rover does not stop at each
waypoint to turn, kinodynamic constraints dictateation of a curved path. The
smooth path we compute is a spline curve that ¢uesigh the waypoint sequence
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found by the path planner. Therefore the firstighialine test is not sufficient to
determine if the path between waypoints is freelidtacles or not. The Figure 6.13

graphic illustrates this issue.

| collision detected

Figure 6.13: lllustration of conflict with curvedghs.

In order to avoid this problem a second test iggoer on the curved path that the
rover would take by going through this new waypotcubic spline is found and a
series of intermediate point are tested in ordeddtermine if the path is free. The

cubic spline interpolation is described below.
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6.3.3 Cubic Spline Interpolation

A cubic spline is a segmented curve where evenabila of the spline is described by
a cubic function between each point. In our casénaee only 2 variablex(y), and

a cubic spline linkingh + 1 points will have the following form:

=0 (6.9)

whereP ., (t) is a door function [48]

i+l

The goal is then to find the correet;,b,,c,,d,,a;,b,,c,,d, for each segment.

yi?
With n+1 points ( segments) we ha‘ée)' 8 unknowns. A traditional choice is to
constrain the curve with the following set of edqoms$. First the spline must be
continuous therefore each start and end point@hthplines must correspond with

the corresponding waypoints:

S(i)=% US,(i+1)=x,("iT [o,n])

s, (i): X USy(i +1)= yi+1(" i [0, n]) 4n constraints (6.10)

Since it is usually convenient to make the intempoh as smooth as possible, we

require that the first and second derivatives hisgontinuous:

- 125 -



4(n-1) constraints (6.11)

Finally for the last 4 constraints two choices jpossible:

s, (0) =ous, (n-1) =0

“ ” :
s (O) :OUSy"(n- 1) “o (“natural”) (6.12)

or

s, (0)=f,(0)US, (n- 1) = f,(n+1)

“cl d” 6.13
5,(0)= £.(0)0S, (n- 1)= £ (n+) L “TPe) (6-13)

This is the traditional way of computing the splintéowever, we used a slightly
different set of constraints. Since the initialeotation of the spline is provided as
additional input, we have a different set of unknswand equations than the

traditional problem.

As for the traditional spline computation, our splimust be continuous therefore

each start and end point of thesplines must correspond with the corresponding

waypoints
S,(i)=xUs,(i+1)=x.,("iT [o,n]) _
() 2 Us ( )_ ( i1 [O ]) 4n constraints (6.14)

Then we impose a tangent at each point includirgg dfart and end point. This

constrains the orientation of the rover at theeddht waypoints.
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Ty (i) _y ()=a,"il [tn-1 2(n- J)constrants
fix fix 2n constraints (6.15)
Ty 0) =a, Uﬂ(n +1)=a,, 2constrants

X ix

Finally for the last constraints we impose whatoated a coefficient of dilatation for
each end point of each segment, providing@@ditional constraints. The advantage of
our constraints is that each segment can be sahddddually and with significant

control over the spline properties. For each segrienfollowing equations must be

solved:

X

start__ point

O) = ystart_ point
0) = codangle, )" coeff_dilatation_1

x

wn
=)
N—
I

<

nw m

(6.16)
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(1) = codangle)” coeff_ dilatation_2
, (1) = sin(anglg )" coeff_dilatation_2

2

angley and angle correspond to%(i) and %(i +1) for each segment. The
X X

coefficient of dilatation controls the shape of theve; a large value will make the
curve take wider turns while smaller values willoguce sharper turns. In our
practical implementation we found that setting ¢befficient of dilatation to a value

proportional to the distance between the 2 poiatsegates reasonable curves.
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By taking into consideration the fact that (genlgjdlong segments tend to be less
populated with obstacles, the tangent of the catvihe different end pointsauigle
andangle) is computed from a weighted average of the twgnsnts’ orientation.

The Figure 6.14 graph details the process.

1 = orientation of the firs
segment

» = orientation of the
second segment

spline = tangent orientation
of the spline at a waypoir

d; = length of the first
segment

d, = length of the second
’ (dZal + dlaz) segment

—

1
a. . @ =—
spline
Jd? +d2

increasing coefficient of dilatation for the cirdlpoint

T TN

Figure 6.14: Details of the spline computation.
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6.3.4 Speed, Acceleration and Radius of Turn

Using a spline it is now straightforward to derihe speed, the acceleration, and the

radius of turn:

Speed:

v zﬂSX(t)_V =11sy(t) (6.17)
oon Tt
Acceleration:
A= A(Z +A\/2
> t?
Radius of turn:
_1-Vy AX
Ahormal_v VX ' Ay
(6.19)
V2
R=
Awormal

We have seen earlier that the rover’s trajectaresconstrained to be curves unless
the rover stops before turning. Due to the kinemedinstraints (steering), the rover
can only make turns with radius greater than 45&wen if the path planner
minimizes turns in its trajectory, it can detect boes not prevent turns with radius
less than 45cm. This is due to algorithmic constsai the path planning algorithms
can only be sure of the value of the turning radinly when the final path is found.

In the current implementation, the path plannersdnet provide warnings about
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dangerous turns since the rover is not able to taken into account, but such

capability would be straightforward to add in fugwvork.

6.3.5 Heuristic and Cost functions

We have seen earlier that A* requires computatibtheee valuesh(n), g(n)and
f(n)=g(n)+h(n). Indeed, our goal is to obtain a path that is lsbitrt and that has the
fewest (sharp) turns possible. Our cost functygn) that represents the cost of
traversing to nodae from the start state thus includes two terms toimize both the

distance and the navigation penalty (e.g., accymey to turning:

g(n) = Dist(path) +a " Turning_ Cos{ path) (6.20)
Turning_ Cos{( path):_;’ ( change of _heading (6.21)
Dist( path)

In this equation, is a weight that enables the user to tune thaenfte of the turning
term relative to the distance term. As is tradidilp the heuristich(n) value is
estimated by the distance between the node andydhk position, a guaranteed

admissible heuristic.

6.3.6 Examples

In order to test and improve the algorithm, initiests were performed in a highly
structured environment. We built this environmentdst difficult cases such as that

illustrated in Figure 6.16 and 6.17.
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Free region /

P(cell) <0 Obstacles unknown (considered free of obstagle
oo TTT T T e T 1 —
\ P means Probability P(cel) > 0.! P(cell) =0.5

Figure 6.15: Simulation environment used to testghth planning algorithm

As seen in Figure 15 above, this environment islligighallenging to navigate due to
narrow passages and a very hard to reach centiainte The Figure 16 illustration

shows a simple example where the path planner anplsth between two points. The
color with which the path is drawn indicates thstamtaneous radius of turn while the

green line indicates the search graph.
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Figure 6.16: Example trajectory computation.

Figure 16 illustrates the behavior of the path p&arnwhen changing the margin of
safety. The first graph is created with a margirsafiety of 4 cells§ 20 cm in this
case). The path planner finds a solution that goesigh the narrow passage. In the
second graph, this passage is no longer free dae tacrease in the margin of safety
(6 cellsU 30cm). In this case, the path planner was fotodihd another trajectory

to reach the goal.
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graph 1 - margin of safety = 4 cells graph 2 - rmacd safety = 6 cells

Figure 6.17: Influence of the margin of safety idattered environment.

6.4 Localization

In order to properly navigate rovers need to adelydocalize themselves in the
environment. As described earlier in Chapter 2aliaation is a difficult problem and
efficient relative positioning requires advancedoaithms. Our rover is equipped
with wheel odometry sensors (counters/encoders)aanphertial measurement unit.
In our indoor lab environment, the magnetometersnotbe used due to metallic
structure inside the building, therefore only amguhtes are available. For outdoor
experiments, the magnetometer is used, providinguah more precise heading
estimate. Since the rover is not equipped with GRSealistic condition for
extraterrestrial exploration), it is impossibleldsate the rover in an absolute manner
indoors or outdoors (i.e. relative to an inertiartb-centered coordinate system for
example). It would be possible to produce goodresies of the rover relative to its
environment (e.g., set of landmarks) but this reepuiadvanced SLAM algorithms

that are not the topic of this research. Therefgreen our goal to utilize
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straightforward localization techniques and givemr dmited sensor suite, rover
position will only be determine with classical odemy sensors and basic dead
reckoning algorithms that lead to increased ersotha rover navigates. Below we
describe heading computation in an indoor enviramtmand then we detail the

computation of rover position via dead reckoningwieading as input.

6.4.1 Heading Computation

As magnetometers do not work inside a building,dhentation of the rover must be
determined from angular rate measurements. Duritgoor experiments, we are
using the Microstrain IMU (with magnetometer) tareditly provide the heading

angle.

Indoors, the IMU heading estimate is incorrect (ttuenagnetometer corruption) but
it does provide angular rates from its internalagyr-or tests on a level lab floor, we
presume all angular motion is in yaw, an assumptioat simplifies attitude
computation without a significant loss of precisamlong as the rover remains nearly
upright. Because the rate data from the low-castddtrain IMU is noisy, we used a

first order filter in order to smooth the angulate:

glt+10)=n" g(t)+ {1~ 7)gmeasuremalt) (6.22)
To determine the heading of the rover, we appli®lage-Kutta integration scheme.
Since angular rate is not a function of actual hepdngle, Runge-Kutta integration
simplifies to integration that average over 3 measients:
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q =1

h. (6.23)
Gin =G +E (k1 +4k2 +k3)
with

k, = f(t) kZ:f(t+g) k, = f(t+h) (6.24)

The Figure 18 graph shows an example of headingpatation from angular raten (
= 0.8 for the low pass filter). Note that due iteunting configuration the positive

yaw axis of the rover is opposite from the IMU’ssfitve yaw axis.

Figure 6.18: IMU angular rate information and hegdiomputation.
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6.4.2 Position Computation

To compute the position of the rover we use couirtBarmation to estimate the
distance traveled between position updates. Xhendy coordinates are then
calculated from:
+1)+
x(t+1)=x(t)+d" cos —q(t 1; 9(t)

(6.25)

y{t+1)=yt)+d" sin M

whered = distance traveled between timendt+1. This position computation
algorithm is clearly not an optimal solution. A K&n filter would likely provide
better results given knowledge of rover dynamicsit bhis model provided
sufficiently accurate results to test our task piag system, our primary objective for
having a rover that can navigate in its environmBwaisition computation results and

examples can be found in Section 6.5.2.

6.5 Control

For the rover to follow a desired trajectory, it shiwcompute the proper inputs for
every motor based on a desired reference commathitsaactual state. To simplify

the problem we decouple our controller in two parts
speed control

position control
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The speed controller tries to maintain a desirecekirotation speed while the
position controller directs the rover toward therrent waypoint with steering

commands.

6.5.1 Position Controller

As described above, the path planner outputs atpathenables the rover to reach a
goal position while avoiding obstacles. The pathaidist of points, separated by
approximately 15 cm. Those points are generatel thi¢ spline procedure defined
above. The position controller takes as input tineent position of the rover and the
next waypoint it is supposed to attain. The outiduthe position controller is a radius

of turn that will then be translated into steeramgnmands.

In order to find the turning radius, the controlfés a circle between the two points
(current position and next waypoint) with the coasit that the circle is tangent to
the current orientation of the rover. The systeregqfations that needs to be solved in
order to determine the radius of turn is nonlin¢agyefore to find a solution within a
reasonable amount of time we implemented a bipartitechnique that searches
between turning radii of 0.45 and 4.00 m. The deasclimited to ten iterations,
which was found to be sufficient to obtain a gostineate of the radius. The graphic

below illustrate the search technique for the tins¢e iterations:
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_____________ A {7 Second search 1

O Position of the rover

74 Waypoint to reach

/ Rover heading

N ’ First search tr

Figure 6.19: Search for optimal radius of turn gsabipartition algorithm.

As there is no sensor that measures wheel steariglps, no additional feedback
control could be implemented to ensure the comnthmdeius of turn was correctly

executed.

6.5.2 Position Control Results

Although a feedback-based speed controller is @&egl position control is achieved
through open loop dead reckoning since the reatiposof the rover is unknown.
The Figure 6.20 graphs show three examples witferdifit reference trajectories.
Figure 6.20 a) illustrates an example where therdollowed a smooth trajectory.

Since there are no tight turns, the rover is nppsig and the heading computation is
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accurate resulting in a close match between comathmneference, estimated, and
real (actual) positions. This example demonstratgsposition control algorithm is

functioning properly.

Figure 6.20 b) shows a case where the rover istéueto perform large changes in

heading. We can clearly see that the estimatheobtientation become less accurate
as the rover changes its orientation. Slippagetdumght turns adds substantial error

in the position estimate, as indicated by the diifiee between estimated and real
positions. The position control algorithm, howe\usrfaithfully minimizing the error

between the commanded reference and the navigaggtem’s position estimate.
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Figure 6.20: Position estimation and control
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Figure 6.20 c) shows that kinematic constraintghaf rover can prevent it from
following a desired trajectory. As illustrated letgraph, the desired trajectory makes
a very tight turn; the rover tries to follow it biis minimum radius of turn is 45 cm
which is not sufficient to track the desired pditevertheless after one meter the
position control algorithm succeeds in placing tbger on the desired trajectory.
Again, however, we can observe that tight turns/gke slippage and errors in the
orientation estimation given our indoor test envim@nt where magnetometer data is
unavailable but “real” position can be easily meadu Note that, given similar
slippage properties, we expect better performantdoors where the magnetometer

is available.

6.5.2 Speed Controller

Each generated plan includes a speed schedule vieny evaypoint. Although

extensible in future work, this speed scheduleuisently a constant value (0.08 m.s
1) for waypoints that are situated in a free regamg 0 m.3 for waypoints that are in

unknown areas. This prevents the rover from tiamgrinto zones it has not yet
mapped. For the rover to traverse at the commasgedd, a speed controller was
implemented. While traversing, the rover can entaurough terrain, therefore more
power must be sent to the drive motors to comperssitdifferent terrain conditions

are encountered.

Because of the encoders embedded inside the wheelgjere able to implement a

closed loop speed controller. Recall that the rdnas the following characteristics:
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Due to the use of the RS/232 interface, the frequei the control
loop is practically limited to 10Hz. (7 bytes tonsmand each
servo, 10 servos to control, 9600 Baud speed, meapaint for the

CPU to devote resources to other tasks beyond Rp/23

Because we are using commercial servos to driverdiaer, the
resolution is limited to 10 values and in practicaplementation,
only 6 of these are applicable (to avoid damagedaservos).
To summarize, we have a very slow control loop withited servo resolution.
Therefore, the design of the controller was simplessed on practical observation of
the system rather than theoretical analysis. Ctlytespeed control is achieved with a
proportional controller. The first step is to rez@th encoder and filter it with a first

order low pass filter to eliminate noise:

V(t+1)=n" V(t)+[1- 7)V measuwenalt) Withn = 0.85 (6.27)

The Figure 6.16 graph shows an example of speedhagin using encoder
information. The red graph is the estimate of speasked on the average of three
encoder signal time histories. The green graph shbe output servo command and
is not expressed in m/s. The purpose of this giapto illustrate the problem of

estimating the speed € 0.85 for the low pass filter).
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Figure 6.21 Speed estimation and control illustgathe effect of limited encoder

resolution and servo control authority.

When implementing our speed controller, we addtatgroblem with noise. The
noise is mainly due to our poor counter resolu{ibs0 counts per wheel revolution);
we try to reduce it using a low pass filter butttkimd of filter introduces delays in

the speed determination which deteriorate the padace of the control algorithm.

The next step is to compute the speed error aedagipropriate servo command
based on the proportional control law:

Ve=Vdesired- V(t) 528
C+=K, Ve (6.28)
Note that we are adding the error term to the conumiecause this is a speed

controller (e.g., when we reach the desired spesdvant to keep sending the same
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command to the motor). This is different than positcontrol where actuation is

zeroed when the desired position is reached.

6.5.3 Results

Because of the very low power authority, the resate very bad and the behavior of
the rover is not optimal. Indeed when the desiggekd is setup to be in between 2
control levels, the control loop switches from tBevalues. The graph below

illustrates this issue.

Those are the only speed the rover is capable tlugdo
the very low control authority. The control algbrit
oscillates between those values in order to reaclverage
the desired velocity.

Figure 6.22: Control System Analysis.

When the desired speed is setup to be close tnheorresponding to a power level,

the control system oscillates a lot less. The fiy@llustrates this phenomenon; since
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the first desired speed corresponds exactly tarantand level of 4 the control system
finds this value and keeps it as the error is wengll. On the contrary the second and
third speed are right in between 2 command levetimgathe system to perform
numerous and huge oscillations.

A solution to this issue is to simulate a new comdé&evel by switching very fast
from the upper command level to the lower onehi$ tis perform at a very high
frequency then it looks like there is a new commekewel. In our case the frequency
control loop is limited to 10 Hz due to the slowigkecommunication making this

solution impossible to implement.
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6.7 Software Implementation

The navigation and control software described alvoa® implemented and tested on
our rover, with the goal of providing a test platfocapable of executing exploration
tasks as dictated by our task planner and coordima&xecutive. The program that
controls the rover is composed of 4 different tdeea
navigation detects obstacle, updates the map, and compates n
path plans as necessary (frequehcy?2 5] Hz depending on the
time required to compute the trajectory )
position (localization) computes the position of the rover by
reading and processing sensor information (frequeriz0 Hz)
goal managementn accordance with the specified plan and the
actual rover position, this thread determines tlet position that
the navigation/control system must reach (frequen2Q Hz)
control. This thread controls the steering servos ancedspm
every wheel so that the rover traverses to the mexypoint

(frequency = 10 Hz)

Table 6.1 summarizes the variables that are sharéite different threads.
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Table 6.1: Shared Variables for Rover Navigatiod @ontrol Threads

Variable Thread
Position (x, y, heading) Position (read + writepab
Management (read), Navigation (read),
Control (read)
Plan (list of waypoints) Navigation (read + writelpoal
Management (read)
Next Waypoint Goal Management (read + write),
Control (read)
Desired Speed Goal Management (read + write),
Control (read)
Speed Control (read + write)
Mode Navigation (read +write), Goal
Management (read + write), Control
(read)

6.6.1 Navigation Thread

The navigation thread enables the rover to acgkm@wvledge of its surrounding
environment as well as to make sure that it naggaafely. The first step is to
acquire the image from the left camera. Once thidoine the trained neural network
is used to detect obstacles. The map structuréhes updated to take into
consideration this new image data. This same sepefations is repeated a second

time for the image grabbed from the right camera.

The next step makes sure the previously computad pgbes not intersect any
obstacles, since map updates may have identifiedafstacles that might block the
path planned for the rover. A procedure is thencetezl to detect such dangerous
cases and to update the speed schedule of the fvsrprocedure guarantees the
rover will not drive in unmapped areas thus willt ot obstacles. As described
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previously, speeds of waypoints that are situatednknown or obstacle cells of the
map are set to 0 m'sin the case where the previous plan does notsite any
obstacles the thread becomes dormant until theineatation. If the path is found
to no longer be free of obstacles, then the plantonl is called in order to compute a
new set of waypoints. Note that the rover may bptd during this operation as the
time needed to find a valid plan cannot be predict¢ highly depends on
environmental complexity). The graphic below sumgzes navigation thread

activity:

v

grab left and right image

v

obstacle detection

v

map update

v

plan checking — speed schedule updake

ves
plan free ? no

\4

new plan computation

Figure 6.23: Navigation thread activities
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6.6.2 Goal Management Thread

As discussed previously the rover has kinematicsiramts that can prevent it from
following the planned trajectory precisely. Noteatththe rover is mechanically
capable of turning in place, but this function was$ implemented; in future research
such motion capacity can be implemented making yevaypoint reachable. In

several cases, despite the effort of the contrelaith, the rover will not exactly reach

the desired waypoint. Figure 6.24 illustrates tbssie.

X waypoint that the rover tries to res

LeT TN /7N region in which the waypoint is

/ \ o considered reache
1 \
. ! !
position and v >§ /
orientation of the \‘ oo Because of the position and orientation
rover | - “\‘ of the rover relative to certain waypoint

— U0

Y \ as well as kinematics constraints, it wi

\/ be impossible for the vehicle to reach

desired position. In this particular case

the rover will circle indefinitely around
the waypoint.

Figure 6.24: Situation where the next waypointos reachable

As described by the above graphic, the desiredtipnsiof the rover can be
unreachable from its current position and orieotgtithe purpose of the goal
management thread is to control which waypoint &hdse reached next. The goal
management thread consists in a series of tesfitstatheck if the rover has reached

waypoints or if it is in a situation that requimresdification of the waypoint to reach.
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The first test checks if the current waypoint haerb reached; a waypoint is
considered reached when the rover is positionedinia pre-defined region (see
graphic). If the waypoint is reached then it iplaged by the next waypoint in the
plan. A second test is then performed to avoid dengp situations. As explained
earlier the rover can be in such position and ¢aigon that it becomes impossible for
it to get to the waypoint. This situation can beoided or compensate for, by
computing the distance from the rover to the neaypoint in the plan. When this
distance is shorter than the one that separate®vee to its current waypoint or the
length of the segment between the 2 waypoints, dtal management thread will
replace the current waypoint by the next one inlite This method has proven to

improve greatly the behavior of the rover but ihcg 100% reliable.

First, since the rover is not exactly following ttrajectory computed by the path
planner, it is not sure that it will not hit obgtes While in a lot case the next
waypoint will be easier to reach, it is not guaestt Some specific cases can put the
rover in a more dangerous situation; but it is ingoat to recall that the goal was not
to obtain the best navigation system possibletdtiave a system that behave nicely

in easy to navigate environment.

Finally a third test is performed in order checlaihew plan has been recomputed by

the navigation thread. If so then the list of wawpwill be updated.
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6.6.3 Position (Localization) and Control Threads

The position thread updates the position of theerdaased on sensor information. It
starts by reading data from the IMU and encodees ttollowing the localization
procedure defined above in which heading anglg@dated first therx, y coordinates
are estimated via dead reckoning. The controlathreomputes the necessary
commands for the rover to maintain a desired sp@&edto reach a desired position
(the current goal waypoint). As described previpuseading control is performed
open loop, while speed control is performed witk firoportional controller that

bases commands on encoder feedback.
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Chapter 7. System Test Results

7.1 Graphical Astronaut Interface

Because we have no way to instrument an astromeuhave limited our human-in-

the-loop testing to a simple computer interface #gtlaws the “astronaut” test subject
to enter requests and interact with the coordinagiwecutive. As described in [44],
an astronaut is likely to communicate with simphel &lear voice commands that a
speech processing program could understand. Sircentplementation of such a
program was beyond the scope of this thesis, alsigrpaphical interface was deemed

sufficient for our experiments.

As a support tool, the primary design requiremeas ¥hat astronauts must be able to
express actions and needs that can be understoo@ubyplanning system.

Consequently the interface has the following conembst

“Help” button: the human can indicate he needs life support

equipment.

Tool AssistanceA “require rover” button enables the human to
choose from a different set of tools (competentiesa) are found

only on rover(s).

“Leave plan” button: This button indicates the astronaut has

elected to deviate from the plan to pursue a gbtdesr own.
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Action Indication: The actions to be executed by the astronaut are
displayed with the expected time. A “done” buttomaleles the

astronaut to signify task completion.

Task dialogue:When tasks results require human approval, the
astronaut has the ability to answer wisor no.
Figure 7.1 shows the interface presented whendtieraut requires a tool, and when

he is requested to confirm a task result.

Figure 7.1: Graphical Astronaut Interface.

7.2 Simple Indoor Scenario

The first test scenario was designed to verifypglaning system’s integration with a

real rover and a real human. The system was onfyposed of those 2 agents, and
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two “Take a Picture with Approval” tasks were sped. Only the rover was
equipped with a camera, therefore the planning lprolwas trivialized to the rover
sequentially completing the two tasks but requipgroval from the astronaut (thus
the astronaut had to focus attention on the “takeupe” task at least briefly). The
goal was to test the smoothness of the system dlsawethe correct flow of
communication between the embodied agents andahegr/executor system. At the
discretion of the astronaut, a call for help maspale issued during plan execution to
test both the planner and the rover reactions.“Thke a Picture with Approval” task
consists of a sequence of three sub-actions forower: 1) tilt the camera pair to the

horizon, 2) take a picture, and 3) tilt the camaaek to its default configuration.

During the execution, the coordination executived aask planner reacted as
expected, effectively managing task execution dredflow of information. It also

provided a correct response to the emergency aath the astronaut. Figure 7.2
shows the execution time line while Figure 7.3 stitlae path followed by the rover
during execution. We can clearly see that the roseraveling more slowly than

expected and that it does not follow the expectaith.pThis is due to the fact that
traversal time is computed using a straight linprapimation between waypoints,
without consideration of kinematic constraints. T¢leser the waypoints, the less
accurate this approximation is, as the rover is\gale more circuitous path to account
for required heading changes. As seen previousigd deckoning results in increased
position error over time, and orientation errooajgows without magnetometer data

(indoors). We can clearly see in Figure 7.3 thatrover, when returning to the its

- 154 -



initial position to rescue the astronaut, is appr@ately 1 meter away from where it
believes it has traversed. During execution thergerforms a 180 degree change of
orientation resulting in a significant heading err8s error in heading has been

observed to have significant influence in positcmputation error, this result was

expected.

The Astronaut is not
Planned Schedt | | assigned any actio
& Emergency Call From
L,’ the astronal
Executior
_.----F1 Delay in the first goto
! actior I:I
1
14 ,
_>_|<_ Rover rescuing the
| A - astronau

Figure 7.2: Plan and Execution Schedule.
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Emergency calls
from the astronaut| _.-

e

Figure 7.3: Rover path during execution comparethiégplanned path.

Figures 7.4-7.5 show information displayed by tl@nper/executive and the view
from an external camera for the task executionrasdue operation. The two images
are synchronized. The planner/executive procegiays the position of the agents
on the field based on the information it receivesnf them. Although the rover’'s

position estimate may not be precise, the planmer fo way to know the true

position thus it displays position estimates abpést estimate or reality. This error is
illustrated by the last image of the sequence. ddwdination executive believes the
planner has situated the rover in the same plateeagstronaut, but by looking at the

picture we can clearly see that the rover did matcdy return to its original position.
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The rover is in its initial position and orientatidhe

astronaut, sitting at the table, is at the samation.

The rover is on its way to the first ta

The rover is accomplishing the first task. -
picture on the right was stored by the

coordination executive and sent to the

astronaut for approvi

Figure 7.4: Execution snapshots from nominal pbecation.
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While the rover is heading for the second task asgteonaut calls for he

The rover has received a cue order and is now traveling to reach the astn

The rover has reached the astronaut’s positione&ue support.

Figure 7.5: Execution snapshots for the emergemiegton.
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7.3 Outdoor Field Test

This section presents the results obtained dunmguadoor field test. The setup of

this test includes:

Rough terrain: speed control was necessary to climebterrain

irregularities.

Two sets of obstacles were placed on the path efraker. The
rover could see the first set of obstacles fromstaget position but

the second set was out of its field of view.

The goal position was set to be at 3.5 metersantfof the initial

position.
Figure 7.6 presents the internal map of the roveifgerent times during the traverse.
We can clearly the different obstacles in the sa&tpshot of the internal map. In the
first image we see that the rover detects the fobstacle” cups in front of it and
chooses a path accordingly. A few seconds later,rtiver perceives the second
obstacle that appears to be intercepting the pusiyeplanned trajectory.
Consequently the rover re-computes a trajectoryn¢ggknto account the terrain

update.

Magnetometers can be used outdoors enabling meoesprheading computation, but

due to the terrain difference (mud, grass) morepslje can be expected.

Nevertheless position computation was better irotitdoor environment.
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OBSTACLE UNKNOWN FREE

Figure 7.6: Outdoor field test: External view anternal terrain map.
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7.3 Outdoor Scenario with the rover, astronaut, and one

simulated collaborative tasks.

The last test was conducted to demonstrate theigahatility of this architecture as

well as define its limitations. The test includes 1ab rover which is capable of not
only taking pictures but also storing rock sampld$e astronaut is able to identify
interesting rocks and grab them. Two additionaluated rovers are included during
the test. Figure 7.7 show a picture displayingdhperimental setup as well as the

coordinate system.

Mission
Astronaut
Planner
(6m; 0)
Heading =0/2
X axis (0;0)
Rover
Y axis

Figure 7.7: Experimental setup - initial positidrtlee rover and the astronaut.

Seven tasks were required in this problem, inclgdhree Take Picture , two
“Drill  Rock”, one "Water Test ", and one Rock Sampling . The latter task
is important because the competences of each ageatdefined so that this task had

to be performed collaboratively by the real astudrend the real rover. Figure 7.8
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shows the mission planner display including the potad plan. The planner was
allowed 12 seconds for the plan computation. Asrthmber of task was small, the
branching factor was set to 8 so that no node wased during the search. Note the
collaboration between the real astronaut and th&l rever since they are

synchronously sent to the same location to perfiierock sampling task.

Dri
Water Take Pictur
: Test Rock
Analysis

Sampling

=

2 simulated rover Astronaut Real Rovel

Figure 7.8: Collaborative Astronaut-Rover Plan.

As shown in the Figure above, simulated and reahtgdo not interfere during the
plan. This is only due to our problem setup; consetjy nothing would prevent the
planner to plan collaboration action between a el a simulated agent, although
physical interaction might not be effective. Fostance if the astronaut required a
“water sensor ” during execution of a task, the mission planner la/cuave

decided to send the simulated rover with this dmetool to the location of the
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astronaut. The astronaut would then be alertedyth the GUI) that the rover was

present.

For this specific test, the obstacle detectionesysivas switch off and replaced with a
beacon tracking tool. Since pose estimation enmoreiases over a traversal, the real
rover is more likely to arrive at an unexpectedatan after navigating for an
extended period of time. As the goal in this tesiswo retrieve rock samples and
bring them back to the base (the origin of the doate system), a visual target was
used to guide the rover back to base. Using a d#tection system similar to that
described in Chapter 6 for obstacle detection wglemented a search and follow
procedure that tracks an orange ball. In our tesig; the last waypoint (the base
location) was marked with this colored beacon. Whening from the previous
waypoint back to base the rover follows its planmedte the first half of the
traversal. It then stops, scans the environmenpdnning the cameras from left to
right. The ball is then identified and tracked utite rover reaches the base waypoint

(in practice, when the ball fills the rover's imagane).

The test was successful; the rover with the helphefhuman was able to sample
rocks and accurately return to base. The Coordinattxecutive succeeds in
monitoring the activity of both the simulated ahe teal rover. Figure 7.8 details the

milestones achieved during plan execution.

- 163 -



TAKE PICTURE

ROCK SAMPLING

TAKE PICTURE el
/// LE
/// ‘X*
//
» > TAKE PICTURE
\\ //
\ /
\ /
\ /
\\ //
\ /
Image from the rover TRACK ORANGE BALL TO ASSIST
received by the coordinatic WITH RETURN TO BASE /,1
executive N -
/ Approximate Rover Path Task ApprOXImate Astrongut
during Execution x Location Path during Execution

Figure 7.9: Execution Activities and Task Accompireent Results
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Figure 7.9 details the schedules of the four agexésthe human is not able to send
position updates to the planner, its motion wasukted. Nevertheless the astronaut
did perform the task and inform the planner wherfihished placing rocks in the
rover. The astronaut was expected to walk at 02bwy/the mission planner but the
simulated astronaut was “running” at 3m/s. (Thisswet intentional but a code
mistake). Since the rover is significantly slowe®.08m/s), the astronaut has to wait
for the rover, although this could be mitigatedthg planner with numerous tasks
and agents by making astronaut traversal/task éoesumuch longer than those for
the rovers. For the first three navigation actjdhe real speed of the rover was close
to the expected speed since the execution timeshlmatches the expected one. The
last navigation action (return to base) was lordyex to the stop command for visual

detection of the base that was unmodeled in thenpla
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F Rock Sample - Cooperative task between real
rover and real astronaut

Execution Navigation Time
Expected Navigation time

N

When returning to
base, rover searches
for the orange ball
which takes greater
time than expected

Simulated rover schedu

Figure 7.10: Computed schedule and actual exectitras for tests with the real

rover (rl) and astronaut (a0)
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Chapter 8: Conclusion and Future Work

This thesis has described the design and implerti@mtaf a planning and execution
system for astronaut-rover exploration teams taskedh collaboratively
accomplishing planned tasks and maintaining sadaty efficiency throughout. The
three main research thrusts were the developmeatflekible planning tool that can
trade execution time for solution optimality whesguired, the implementation of a
coordination executive to manage the multi-agestesy, and the development and
integration of rover hardware and onboard navigatoftware to enable real-world
testing. The resulting system has been demonstcajgable of managing in real-time
a team of astronauts and rover by scheduling opéichplans for each agent and by
providing safe response to emergency or unexpeetgghts generated by the

environment or by directive from an astronaut.

8.1 Planning Tool

The implementation of the planning tool was thestfistep in this research. In
particular it included the design of the agent @k model, as well as requiring
adaptation for improved time response or betteinggity (more tasks accomplished
in a smaller amount of time). Simulation resultsdhdemonstrated the robustness of

the planner over a wide range of situations andargel number of tasks. The
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implementation enables new users to implement raskstand new types of agent
very easily. Computation time is controlled, eimsgimot only quick response when
needed but also deep search of an optimal solufonadditional branch control
strategy using a closest-point strategy has alseo becluded in order to restrain the
search. Limiting the search space when little timmallowed for plan computation
allows better plan quality while wide search sp&ceaised when a lot of time is

available in order to explore more solution.

8.2 Coordination Executive

The second part of this research consists in theleimentation of an execution
module to control the agents’ activity. This modislén charge of sending commands
to the agents and managing status information disawesensor data and emergency
messages. Both simulation and field test resultge haroved that this module
succeeds in managing the team of agents. Scenacdlosling emergency calls have

been tested and consistently show appropriateiaradytresults.

8.3 Onboard Navigation Software

The design and implementation of the onboard néieigaystem was necessary for
the field test. Because we were limited in timesibalgorithms were used in order to
provide position determination, obstacle detectiompping, and path planning
capabilities. Despite limitations in the hardwaned arelatively simple navigation
protocols, the rover is able to navigate in simpieironments without impacting
obstacles. The main source of error comes fromtipnsdetermination which

practically limits our field tests to short travess(from 0 to 20 meters).

- 168 -



8.4 Future Work

This work is requires significant extension to h@plecable for real collaborative
planetary surface exploration missions. This resebas accomplished a first step by
defining and implementing a model for astronauterokeams, but more work needs
to be done to increase the adaptability of theesysand the range of possible
scenarios. The ultimate goal is to provide a systieat can take full advantage of
each agent’s capabilities while minimizing unneeegsdelays. We believe that
humans and robots will soon be capable of accohiplisseveral tasks together and
that such an architecture can improve the execufdarge-scale scenarios beyond
what is possible using strictly dynamically-compli{esactive) plans.

Future work should focus on the following issues:

Execution monitoring Currently the planner/executor is able to
collect information but does not react to off-noalisituations in
an efficient manner. For instance, speeds of tleatagre recorded
but in the case where a rover is going slower #sgrected (as is
frequently the case with our rover) no measuraken, implying
significant delay fpr cooperative activities duriptan execution.
More dynamic schedule adjustment should be impléaderno
automatically compensate when task execution spéed

faster/slower than expected.

Similarly, when an agent fails to execute a task filanner

currently assumes the agent is no longer able ttornpe it and
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computes a new plan. This model works when tasicugion
failed due to a faulty sensor. In the general cheeever, failure
can be caused by other parameters and such dnaestisures will
not be desirable. Obviously, this part of futurerkvis not limited
to those two examples. Extensive field tests idiclg human with
different background, will lead to better knowledgk how the
planner/executor system should best behave. Sinos t
collaboration model is relatively new, no protobak been adopted
by the scientific community, implying that effontisust be done in
order to first define and then implement a correspond to those

contingencies.

Agent Model At this stage of the implementation, our modeaof
agent (for simulation purposes) is quite simple.rdwaork needs
to be done to expand and more realistically defegent
capabilities and variance in the simulated exeautad tasks.
Parameters such as skills, knowledge, level of natte,

willingness to be part of the team, are usefullaites to integrate
within the planning problem. Human and rover ingparameters
may evolve during the execution; consequently thievipus

“optimal” plan may become less efficient over tilecombination
of improvements to agent models and planning rodasistics

must be made for this architecture to appropriatalydel and
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reason about the unigueness of each human or coagént and

his/her/its evolution during a mission.

Implementation of a Task Execution Collaborative &ogue is
one of the biggest improvements needed for thisitcture to
work efficiently during larger-scale field trials. The current
executive sends each agent involved in task acashmpént an
“execution command”. Even if the task is collabw@t no direct
dialogue is now available between the agents gimegyoal in this
first step was to efficiently place the correct sétagents at the
right place at the right time. Given historical @etce with respect
to NASA mission control, planetary surface explamnattasks will
be well defined and rehearsed in advance. A pobtoan be
implemented for each type of activity and the ddfg agents
involved will be aware of what the others must aspbsh.
Communication between agents will make correct task
accomplishment possible. For instance, when a roasrto store a
rock during a “Rock Sample” task it must commurecatith the
astronaut to know if/when he succeeds in placirgrtck in the

sample container.

Onboard Navigation SoftwareAs stated previously, the onboard
navigation system of the rover was not the priantyhis research.
Simple algorithms were used which leaves opponurtb

implement more sophisticated algorithms. Positietednination is
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obviously the first topic that requires attentiance it influences
greatly the efficiency and accuracy of the ovemstem. To
mitigate position errors for at least outdoor tagtihardware such
as GPS can be added to navigate accurately ovgrdmances.
SLAM algorithms can also be implemented in ordelnprove

position determination, but map structure musthmesen carefully.
Obstacle detection can be improved using steraorvia order to

map the terrain. By combining color and depth imfation more
accurate results should be obtained. Path planoarg also be
improved by changing the way new configurations geaerated
during the search of the path. Consequently kiriencanstraints
can also be explicitly be taken into account dugpagh planning,
and new navigation modes can be implemented. Rtance the
rover currently drives like a car but it has thechmmnical ability to

drive using the “GO , STOP, TURN” navigation pratbclike

current Mars Exploration Rovers). Combining those modes of
navigation will require work but will certainly immpve rover

navigation capabilities.

Hardware Improvement The wheel drive system is the first
hardware that needs upgrading. New motors with C@éi&ders
would substantially improve the controllability dhe system,
particularly since a motor intended as a drive mattl have more

than four possible speeds.

-172 -



- 173 -



Bibliography

[1] T.W. Fong and I. Nourbakhsh, "Interaction Ckaljes in Human-Robot Space

Exploration,"Interactions Vol. 12, No. 2, March 2005, pp. 42-45.

[2] T. Estlin, D. Gaines, C. Chouinard, F. FishRer,Castano, M. Judd, R. Anderson,
and I. Nesnas. “Enabling Autonomous Rover ScienemUdgh Dynamic Planning
and Scheduling,Proc. of IEEE Aerospace Conferend&ig Sky, Montana, March,

2005a (CL#05-0071).

[3] T. Estlin, D. Gaines, F. Fisher, and R. Castdi@oordinating Multiple Rovers
with Interdependent Science ObjectiveBfoceedings of the Fourth International
Joint Conference on Autonomous Agents and MultinAdgg/stemsUtrecht, the

Netherlands, July, 2005b (CL#03-1202).

[4] T. Fong, C. Thorpe, and C. Baur “Advanced Interfaces for Vehicle
Teleoperation: Collaborative Control, Sensor Fudinsplays, and Remote Driving

Tools”, Autonomous Robofsl(1), July 2001

[5] Wagner, Thomas A., Garvey, Alan J. and LesS@tor R.. “Criteria Directed
Task Scheduling”Journal for Approximate Reasoning (Special Issu&ohneduling)

Volume 19, Elsevier Science Inc., pp. 91-118. Jania98.

- 174 -



[6] D. J. Musliner, E. H. Durfee, and K. G. Shin,&Wd Modeling or the Dynamic
Constructionof Real-Time Control PlangArtificial Intelligence 74(1) (1995) 83-

127.

[7] M. Ghallab, D. Nau, and P. Traverso, “AutomaBdnning, theory and practice”.

Morgan Kaufmann, 2004SBN 1-55860-856-7

[8] R. Fikes and N.Nilsson. “STRIPS: A new appro&althe application of theorem

proving to problem solvingArtificial Intelligence 2(3-4): 189-208,1971

[9] J. Penberthy and D.S. Weld. “UCPOP: a soundhmete, partial order planner
for ADL". In Proceedings of the International Conference on Kedge

Representation and Reasoning (KR) 103-114,1992.

[10] A.L. Blum and M.L. Furst. “Fast Planning thigiu planning graph analysis”.

Proceedings of the International Joint ConferenceAstificial Intelligence (IJCAI),

pp. 1636-1642, 1995.

[11] F. Bacchus and F. Kabanza, “Using temporalcdo express search control

knowledge for planning,Artificial Intelligence116:123-191, 2000.

- 175 -



[12] E. Anderson, C. Glass, and C.Potts. “Machirehefuling”. In E.Aarts and
J.Lenstra eds.l.ocal Search in Combinatorial Optimizatiopp. 361-414 Wiley,

1997.

[13] Nicola Muscettola, P. Pandurang Nayak, Barmsl, and Brian Williams.
“‘Remote Agent: To Boldly Go Where No Al System Hasene Before” Atrtificial

Intelligencel03(1-2):5-48, August 1998

[14] Douglas Bernard , Gregory Dorais , Edward GEniBob Kanefsky, James
Kurien, Guy K. Man, William Millar, Nicola Muscetta, Pandurang Nayak, Kanna
Rajan, Nicolas Rouquette, Benjamin Smith, Williamaylbr, Yu-Wen Tung,
“Spacecraft Autonomy Flight Experience: The DS1 R&mAgent Experiment”,
American Institute of Aeronautics and Astronautiace Technology Conference

and ExpositionAlbuquerque, NM, Sept. 28-30, 1999.

[15] Steve Chien, Rob Sherwood, Daniel Tran, Bema@ichy, Gregg Rabideau,
Rebecca Castano, Ashley Davies, Rachel Lee, DardM8&tuart Frye, Bruce Trout,
Jerry Hengemihle, Jeff D'Agostino, Seth ShulmaepBén Ungar, Thomas Brakke,
Darrell Boyer, Jim Van Gaasbeck, Ronald Greeleyrias Doggett, Victor Baker,
James Dohm, Felipe Ip, "The EO-1 Autonomous Sciekgent,”" aamas pp. 420-

427, Third International Joint Conference on Autonomdgents and Multiagent

Systems Volume 1 (AAMAS'04), 2004.

- 176 -



[16] G. Rabideau, R. Knight, S. Chien, A. FukunafjaGovindjee “lterative Repair
Planning for Spacecraft Operations in the ASPENEyS International Symposium
on Artificial Intelligence Robotics and Automatian Space (ISAIRAS 1999)

Noordwijk, The Netherlands. June 1999

[17] F. Ygge, H. Akkermans, “Decentralized Marketsrsus Central Control: A

Comparative Study’Journal Of Artificial Intelligence Researdi (1999) 301-333.

[18] P. J. Gmytrasiewicz, P. Doshi, “A Framewdok Sequential Planning Multi-

Agent Settings”Journal of Artificial Intelligence Researdd, 2005 49-79.

[19] G. N. DeSouza and Avinash C.kak, “Vision Fopolle Robot Navigation: A
survey”.IEEE Transactions On Pattern Analysis And Machimelligence, VOL.24,

NO.2,February 2002.

[20] C. Thorpe, M. Hebert, T. Kanade and S. Shaféision and Navigation for the
Carnegie-Mellon University NavLab", Institute forleEtrical and Electronics

Engineerslournal of Robotics and 44 Automatjofol 3 (2) March 1987.

[21] T.M. Jochem, D.A Pomerleau, and C.E Thorpeasidh-Based Neural Network
Road and Intersection Detection and Traversal’primceedings of thénstitute for
Electrical and Electronics Engineers Conferencelatelligent Robots and Systems,

pp 857-864Sept 1997.

- 177 -



[22] S.Lacroix, A. Mallet, D. Bonnafous, G. Bauzl, Fleury, M. Herrb, R. Chatila,
“Autonomous Rover Navigation on Unknown Terrairfsunction and Integration”,
The International Journal of Robotics Research.2tpNo10-110ctober-November

2002, pp 917-942. 2002 Sage Publication.

[23] Lindeberg, Tony "Edge detection and ridge dete with automatic scale

selection" International Journal of Computer Visip80, 2, pp 117--154, 1998

[24] Kai-Ming Kiang, Richard Willgoss, “Distinctivéd-eature Analysis of Natural
Landmarks as a Front end for SLAM Applicatio2™ International Conference on

Autonomous Robots and Ageridec 13-15 2004, Palmerston North, New Zeland.

[25] S. Tabbone and D. Ziou. “On the Behavior o thaplacian of Gaussian for
Junction Models”.In Second Annual Joint Conference on Informationer®es

pages 304--307, NC, USA, 1995.

[26] S. Thrun., “Robotic mapping: A surveyh G. Lakemeyer and B. Nebel, editors,

Exploring Artificial Intelligence in the New Mill&snm. Morgan Kaufmanr2002.

[27] A.Elfes. “Occupancy Grids: A probabilistic fnework for Robot Perception
and Navigation”.PhD thesis, Department of Electrical and ComputegiBeering,

Carnegie Mellon University1989.

- 178 -



[28] R.Chatila and J.-P Laumond. “Position referegcand consistent world
modeling for mobile robots”. InProceeding of the 1985 IEEE International

Conference on Robotics and Automativ®85.

[29] A. J. Davison, “Real-Time Simultaneous Localien and Mapping with a
Single Camera In Proceedings of the ninth international Corgece on Computer
Vision ICCV'03 Nice, France, October 2003nstitute for Electrical and

Electronics Engineer€omputer Society Press

[30] Sebastien Grange and Terrence W Fong and €&h&aur, “TLIB: A real-time
computer vision library for HCI applicationdigital Image Computing - Techniques

and Applications ConferencBecember 2003 publisher: IAPR/IEEE.

[31] Steven M.LaValle. “Planning algorithms”. Comynt 2006 Cambridge

University Press ISBN-10: 0521862051 | ISBN-133®21862059

[32] S. Sekhavat, F. Lamiraux, J.P. Laumond, G.ZBalA. Ferrand, “Motion
planning and control for Hilare pulling a trailexxperimental issues” Institute for
Electrical and Electronics Engineers. Internation@bnference. on Robotics and

Automation, (1997).

- 179 -



[33] Andrew Moore, “Tutorial Slide On Robot MotionPlanning”,

http://www.autonlab.org/tutorials/motion.html

[34] Vytas SynSpiral, Mark B.Allan, Rodney MartiKevin R.Wheeler, “Modeling
and Classifying Six-Dimensional Trajectories foléFeperation Under Time Delay.”
American Association for Atrtificial Intelligence 18m Symposium 2006, To Boldly

Go Where No Human-Robot Team Has Never Gone Before.

[35] Breazeal, C. and Scassellati, B. (1999), "Howbuild robots that make friends

and influence peopleTo appear in IROS99, Kyonjiu, Korea

[36] T.W. Fong, |. Nourbakhsh, and K. Dautenhalstrvey of socially interactive
robots," Robotics and Autonomous Systemgecial issue on Socially Interactive

Robots 42 (3-4), pp 143-166, 2003

[37] R. Urtasun and P. Fua, “Human Motion Modelg foharacterization and
Recognition,” In proceedings of theAutomated Face and Gesture Recognition
conference Seoul, Korea, May 2004Nork supported in part by the EU CogViSys

project.

[38].F. Cupillar and F. Bremond and M. Thonnat, “TrackiBroup of People for
Video Surveillance”.In Proceedings of the"? European Workshop on Advanced

Video-Based Surveillance Systddgmiverstity of Kingston , London, sept 2001.

- 180 -



[39] Rachid Alami, Aurélie Clodic, Vincent MontrduEmrah Akin Sibot, and Raja
Chatilla, “Toward Human-Aware Robot Task Planning8merican Assoication for
Artificial Intelligence. Sping Symposium 2006 “Tel@ly Go Where No Human-

Robot Team Has Gone Before

[40] Y.Tsumaki, T. Goshozono, K. Abe, M. UchiyanifaKoeppe and G. Hirzinger.
Verification of an Advanced Space Teleoperation t&wys Using Internet”,

proceedings of the 2000 IEEE/RSJ International €a@mnfce on Robots and Systems.

[41] Sarah Hall, “Model Following Control Strategieaend Human linterface
Techniques for the Treatment of Time Delay Duriredebperation” Phd Dissertion

University Of Maryland, Space System Laboratorié$)4

[42] A. Elfes, J.M. Dolan, G.Podnar, S. Mau, M. §eman. “Safe and Efficient
Robotic Space Exploration with Tele-Supervised Aotmous Robots” American
Association for Artificial Intelligence Spring Syogium 2006 To Boldly Go Where

No Human-Robot Team Has Never Gone Before.

[43] F. Heger, L. Hiatt, B.P. Sellner, R.Simmonsd&s. Singh, “Results in Sliding

#h

Autonomy for Multi-Robot Spatial Assembly.™ 8nternational Symposium on

-181 -



Artificial Intelligence, Robotics and Automation iB8pace, Munich Germany

Sptember 2005.

[44] L. Pedersen, W.J. Clancey, Maarten Sierhui§judcettola, D.E. Smith, D.Lees,
K.Rajan, S. Ramakrioshnan, P.Tompkins, A Vera, aytbn. ‘Field Demonstration

of Surface Human-Robotic Exploration Activity” American Association for
Artificial Intelligence Spring Symposium 2006 Tdddp Go Where No Human-Robot

Team Has Never Gone Before.

[45] D. S. Johnson, L. A. McGeoch, "The Travelinglésman Problem: A Case
Study in Local Optimization,Local Search in Combinatorial Optimizatio&.H.L.

Aarts and J.K. Lenstra, eds., pp. 215-310. Londohn Wiley and Sons, 1997.

[46]A.P. Dempster, A.N. Laird, and D.B. Rubin. “Maxum likelihood from
incomplete data via the EM algorithmJournal of the Royal Statistical Society,

Series B, 39(1):1-38, 1977

[47] Funahashi, K., “On the Approximate RealizatiohContinuous Mappings by

Neural Networks”Neural Networks2, 183-192, 1989.

[48] Bartels, R. H.; Beatty, J. C.; and Barsky, B. "Hermite and Cubic Spline
Interpolation.” Ch. 3 irAn Introduction to Splines for Use in Computer Grgg and

Geometric ModellingSan Francisco, CA: Morgan Kaufmann, pp. 9-17, 1998

-182 -



