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Abdract

Exploration gathers information abou the unknown. This information can come in many
forms, from knowledge of new terrain, to rock geology, to lifeforms. The value of these
different information forms to an explorer is determined by a set of information metrics,
one for eat form of information, that depend onthe goal of the exploration task. As
explorations become more mmplex, increasing nunbers of information metrics must be
considered in order to succeeal. These multiple information metrics must be considered
simultaneously during exploration and dten conflict with each ather to compete for the
finite resources of the explorer. Exploration aso invalves making dedsions, based onthe
colleded information, to test hypaheses and collect more information in an efficient @amn-

ner.

This thesis introduces a new exploration technique which actively considers how much
information can be gained from taking sensor readings aswell as the cost of collecting this
information. The methoddogy can consider multiple metrics of information simulta-
neousdy — such as finding rew terrain and identifying rock type — as it explores and
these information metrics can be easily changed to perform new and dfferent exploration
tasks. The method considersthe costs, suchasdriving, sensing and danningtimes, associ-
ated with colleding the information. Exploration dans are produced which maximizethe

utility, information gain minus exploration @sts, to the exploring robot

The multiple information metric exploration danner is used to solve two exploration
problems: creating traversabil ity maps and exploring cliffs. These tasks are performed in
simulation and the information gain and exploration path lengths are compared as the
information metrics are changed. The multiple information metric exploration danner is
further demonstrated in a field experiment to explore a cliff, starting at the diff top the
planner foundaroute to the bottom and ollected sensor information from the face of the
cliff.
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CHAPTER 1 I ntrwuctlon

Exploration gathers information about the unknown. This information can come in many
forms from knowledge of new terrain, to rock geology, to lifeforms. The value of these
different information forms to an explorer is determined by a set of information metrics,
one for each form of information, that depend on the goal of the exploration task. Explora-
tion aso involves making decisions, based on the collected information, to test hypotheses

and collect more information in an efficient manner.

As explorations become more complex, increasing numbers of information metrics must
be considered in order to succeed. These multiple information metrics must be considered
simultaneously during exploration and often conflict with each other to compete for the
finite resources of the explorer. The explorer must know the relative importance of these
information metrics and weight them appropriately when making decisions about what to

discover next.

The ruggedness of terrain also influences the exploration strategy employed by robotic
explorers. The cost of driving is not the same for all traversable areas. Some traversable
areas are near the limits of mobility, making them difficult to drive over, others may be
smooth and easy to drive through. The ruggedness of terrain can also affect the sensor
coverage and thus the amount of information gained by taking a sensor reading. Terrain

can shadow sensor readings, creating holes in the viewed area. Conversely, high ground
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can offer better views of large areas. Explorers must consider the effects of terrain on both

information gain and exploration cost.

An example of the type of exploration task considered in thisthesisisthe search for signs
of life, both past and present, on Mars. In this scenario, the explorer may have information
metrics for the presence of water (both past and present), finding cliff faces (where water
runoff has been detected [33]), the geology of rocks (some rock types may be more likely
to have fossils), the presence of organic material and drilling conditions (to assess the dif-
ficulty of obtaining subsurface samples). Each of these itemsis an information metric for

the explorer.

Another exploration task which might be imagined is the search for water ice in perma-
nently dark regions of the Moon, Mercury and asteroids. In this case the explorer needsto
consider lighting information (to identify permanently dark regions where water ice can
exist [41]), drilling conditions, age of crater and the location within acrater (near therim,
in the center, etc.) [12]. Except for the drilling conditions information metric, this water
ice example has different information metrics than the Martian life scenario. The two
examples also have different numbers of information metrics. Thus to be generally appli-
cable to many exploration problems, an exploration strategy must be capable of handling

different types and numbers of information metrics.

Each information metric may compete with the others. For example some places may have
good drilling conditions, making them favorable to take a core sample but be in a rock
type that is unlikely to have fossils or water. The explorer must balance these disparate
information metrics and weigh their relative importance to the exploration task. Figure 1-1
illustrates the kinds of decisions an explorer must make when exploring complex outdoor
environments. An explorer is continually making these types of trade offs. It might decide
to examine terrain that was occluded by arock or to drive further and examine a crater.
The explorer might also weigh the benefits of driving in a gully, where the sensor view is
restricted but there is a great chance of finding signs of water or life, versus driving on a

ridge top where wide panoramic views are possible.

2 Autonomous Surface Exploration for Mobile Robots



Introduction

Unknown terrain

Cliff
Rocks

| Y Q\Q
Cliff floor )

Where shoud O
| go next?

Dry river bed

Figure 1-1: Robad’s decisions. Exploring roba must decide where to go rext. Shoud it
go lookat the rocks more dosely? They are close by so the cost is amall but
how much information will the roba gain? It could drive into thedry river
bed and follow it. This has the potential of finding water or signs of life but
the steep slopes of the banks make it risky to enter and orce inside the
banks block the roba’s view of other terrain pdentialy reducing the
amourt of information colleded. It might start looking for a path to the
cliff floor, to gain information from seang the face of the diff. Finaly it
might dedde to view some of the unknown terrain at the top d the image.
The eplorer must make these types of decisions continuowsly as it
explores aregion.

While an explorer is considering the information gain from passible actions, it must dso
consider the st of colleding this information. These aosts might include the time spent
driving to the site, sensing and danning. They may aso include the power used for drill -
ing. Therefore the explorer must maximize the information gain while minimizing the

costs of collectingit. This quantity is referred to as the utility of anadion.

Current exploration methods assume that a remote expert, usually a human, will analyze
the current data and then gpedfy which regions are important. This model for exploration

has a few shortcomings. First, it increases the aosts of exploration by requiring a large
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Thesi s Satement

remote infrastructure to exist. This might limit the number of robas exploring atany ore
time sincea humanoperator can only control so many robds at onetime. Seondy, espe-
cialy with plaretary andunderseaexplorations, asignificant anourt of time is required to
exchange the data between the explorer and the remote expert due to communication limi
tations. During this time no exploration is being performed. To overcomethese obstacles,
this thesis looks at increasing the aittonamy of roba explorers by allowing them to make

their own decisionson the importance of regionsand where  travel.

1.1 Thesis Statement

This thesis asserts that exploration which considers multiple information metrics, and ¢h
costs of colleding the information, provides a robust, general and intelli gent method d
autonamously performing complex exploration tasks. By investigating exploration dan-
ning techniques that maximize information gain from multi ple metrics while minimizing
drivingand computation costs, thisresearch will show the benefits of multiple information
metric exploration.

1.1.1 Thesis Assumptions

Severa assumptions have been made in the development and implementation of thétimu
ple information metrics exploration danning methoddogy. The exploration strategy has
been designed for surface explorations of rugged, outdoar terrain. That is nat to say that
the mehoddogy presented in this thesis cannot pglieed to other domains sichasaeial
or indoor explorations, but many of the dedsions made have been made to improve per-

formancefor outdoar surface explorations.

In addition to being arugged, outdoar terrain, it has beenassumed that theenvironment is
static — no moving olstades — and projedively planar — there ae no owrhanging
structures suchascawes or ledges. It is dsoassumed thatthe robot stold the extent of the
region to explore. For example a roba might be commanded to explore aregion 1km by

3km centered at paosition x This removes the need to dyramically reall ocate the robd’s
map.
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Finally some asumptions about the robot used with the exploration danner are made.
First it is assumed that the roba has goodlocalization — either throughDGPS or land-
mark based pasition estimation. This means that the roba knows where it is in its map
with good pedsion. It is aso assumed that the planner is operated in conjunction with a
locd obstade aroidance program. Thisletsthe planner ignare the robot dynamics, sucls a

rate of change of steegingangle, and still maintain safety.

1.2 Autonomous Exploration Architectures

Most exploration methoddogies fit into ore of five exploration architedures. patterned
search, human goal selection, adive vision, find new terrain and autonamousexploration.
These architecturesatre listed in order of their consideration of the environment; from pa-
terned seach, which defines an a priori path to travel regardless of the environment, to
autonamous exploration which uses environmental information, sometimes with multiple

metrics, to determine te exploration path.

Patterned seach seeksto view or coveran entire areaby using a fxed path whichis deter-
mined at the start of the search. Some methods require amap o the environment at the
start [10][ 78] to determine acoverage path, while others are ale to modify the a priori
path as obstades are detected [1][9][23]. Typicaly, araster pattern is used, but other pat-
terns such as spirals have been attempted [55]. Essentially, patterned seach methods have
determined where they will drive before seeng the environment. Thus, these mehods are

not truly exploration but rather ssach methods

In the human gaal seledion architecture, the exploring roba relays the information it has
gathered abou the environment to a remote human operator. The human then deades
what tasks have the greaest utility for the roba and uginks the gpropriate commands.
This type of architecture was successfully used by Sojourner on Mars [36]. One can con-
sider basic path planners [31][61], where the shortest path to a human defined gaal is
found to belongin this caegory of exploration. Planners such as Generalized Robdic
Autonamous Mobile Mission Planning System (GRAMMPS [8], which direded multiple

Autonomous Surface Exploration for Mobile Robots 5



Autonomous Exploration Architectures

robots to multiple goals are also in this category as are the planner/scheduler architectures
Coupled Layer Architecture for Robotic Autonomy (CLARALty) [67][18] and Contingent
Rover Language (CRL) [70][6]. These methods have been largely successful because they
take the most difficult parts of the exploration problem, deciding what is important and
whereto go, and placing it in the hands of a knowledgeable human operaor. These meth-
ods are not restricted to human generated goals. They reformulate plans based on per-
ceived terrain and modify human generated plans as circumstances change. However,
these methods focus on the creation, modification and execution of plans rather than on
the generation of goals.

Thefield of active vision approaches the exploration problem from adifferent perspective.
Generally, active vision approaches create a model of the environment and then plan the
next sensor view to maximize the expected improvement in the model fit to the data
[35][72]. These methods actively consider where the most information to be gained is but
because of the need for an environment model they are restricted to very simple environ-
ments such as polygons on a table. Also, they usually do not consider the cost associated
with collecting the information.

In the finding new terrain architecture the robot decides where to drive based on the single
information metric of finding previously unseen terrain. Generaly, these techniques
divide the world into two classes. seen and unseen and do not consider how well a place
has been viewed by the robot. Some methods do not consider how much information will

be gained, but smply drive to the closest frontier of seen and unseen [75][76]. Others con-
sider how much unseen terrain will be viewed as well as the costs of collecting the infor-

mation [58].

Thefinal exploration architecture reviewed here, autonomous exploration, is characterized
by robots which autonomously decide where to go, based on a perceived gain, and gener-
ally consider more than just finding new terrain as again. The most common form of this
exploration architecture is for the solution of the indoor mapping problem. These tech-

niquestry to find unknown terrain but are also very interested in finding places where they
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can locdize themselves with high aacuracy [65][66]. However, these techniques tend to
focus on the locdizaion part of the problem rather than the exploration part. Some tech-
niques look at items other than locdizaion such as science goals [17] or integrate the

planning with roba perception and motor actionsto solve a task [15][ 16].

1.3 Exploration using Multiple Information Metrics

This thesis introduces a new exploration technique which actively considers how much
information can be gained from taking sensor readings aswell as the cost of collecting this
information. The methoddogy can consider multiple, metrics of information smulta-
neousdy — such as finding new terrain and identifying rock type — as it explores and
these information metrics can be easily changed to perform new and dfferent exploration
tasks.

For ead information metric, the roba computes the expected amountof information to be
gained from taking asensor reading in a f@rticular location. The computed expeded infor-
mation gain is idedly the information theoretic expected information gain and is in the
units of bits. By computing a measure for each dfferent information metric that isin the
same units, these values can be summed to get atotal expected informationgan for aloca
tionwithou theneed for many freuristically determined relation constants. Each informa-
tion metric can be weighted to spedfy its relative importance but ultimately the sum is a

summation of itemswith the ame units.

The eploration methoddogy also considers the wsts of colleding the information.
Again, to avoid the need for heuristic unit conversions, the same units are used for all the
costs. In the examplescontained in this thesis, the @sts of driving, sensing and ganning
were @nsidered. Units of time were the most appropriate choice here since sensing and
planning are eaily expressed in terms of time and diving dstance can be converted into
time by the roba’s speal. The dfed of terrain on diving costs can be taken into accourt
by assuming slower driving speeds over rough terrain. Other units, such as energy, could

be used depanding on the apgication.
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Exploration using Multiple Information Metrics

Next, the exploration methoddogy must dedde where © ga Thisis dore by finding paths
which maximizethe utility to the exploringroba. Utility isa concept from decision theory
which quantifies how useful an adion is to the decision maker and allows many dfferent
dedsions to be meaningfully compared [4§]. In the exploration problem, the utility along

apossible exploration path is computed as:

Utility = ValueOfInformation CExpectedl nformation — Cost (1.2)

where the expecied informaion and ost are alongthe entire path beng wnsidered. Since
expeded information and cost are in two dfferent units (bits and seconds) a unit conver-
sionmust be performed to compare them. This is dore with the value of information met-
ric. Essentially this determines how many seconds the explorer is willi ng to spend to
colled one bit of new information. This conversion factor may change over the @murse of
an exploration indicating that the explorer is more willing totakerisks to collect informa-

tion and spend more time as information becanes ace

The multiple information metric exploration danner developed in this thesis is able to
hande the complex exploration tasks, such as saching for water ice on the Moon o
signs of life on Mars, postulated ealier. Using information theory to assign expected
information gainsto each gploration criteria or, information metric, all ows the planner to
weigh the benefits of competing goals and also alows the exploration criteriato be easily
changed for different exploration scenarios. It also adively considers the costs of collect-
ing information and utimately finds exploration paths which maximize the utility to the

explorer asdefined in equation (1.1).

The methoddogy adively reasons abou the environmenta effed on the expeded infor-
mation gains, calculating exyected visibility from potential sensor readings. Thisis esen-
tia in the complex, outdoar terrainscongdered in this thes's, where sensor ocdusions are
commonpace Further, the method considers the dfect of terrain onthe mstsinvolved in
colleding information, computing the traversability of the terrain and how that affects

driving times.
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The major disadvantage with the methoddogy is the planning complexity. The planner
must find paths which maximize utility, however with no cstination cdl to pan to, the
planner must search ower all possible paths to all paossible destinations. The planning is
further complicaed by the fad that information gains in the same neighbahood are
dependent — every time asensor realing is taken, the explorer’s map changes and the
information gains in the region are also changed. This makes long term planning an
expensive option. This problem can be mitigated by only planning to the next sensr read-
ing, which is the approach used in this thesis. However, that can produce myopic plans

which may miss ome efficiencies foundin longterm plans.

In this thesis, the multiple information metric exploration danner is used to solve two
exploration problems creding traversability maps and viewing cliff faces. These tesks are
performed in simulation and the information gain and exploration path lengths are mm-
pared as the information metrics are changed. The multi ple information metric exploration
planner is further demonstrated in real life to olve the view cliff faces problem on acliff

inacaoal strip mine.

1.4 Contributions

This thesis makes sveral contributions to the field of autonamous exploration. Whil e the
focus is on exploring complex outdoa worlds, the results may be gplied to many ather
domains of exploration.

Thefirst contribution is the presentation of a gereral methoddogy for performing autono-
mous exploration. Thismethoddogy all ows the exploring robotto consder more than oe
thing while exploring. Further, the criteria of exploration are easily changed in the pre-
sented framework. This allows the method to be eaily adapted and applied to many
diverse exploration problems. Findly, the cogs of collecting the information are explicitly

acournted for.

The second contribution is the application d information and dedsion theories to the

problem of exploration. By expressing the information metrics in terms of the expected
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information gain acommonunit, the bit, is applied to the very different criteriaused in the
exploration. By also expressing all of the asts in unts of semnds, the expression for
roba utility only contains two dfferent units. These units are compared with the value of
information parameter which has the physicd interpretation d how many semnds the
roba iswilli ng to spendto gain ore bit of information. This use of information theory has
significantly reduced the patentially large number of hand tuned constants that might be
required.

The final contributions of this work are the two exploration examples presented. These
examples nat only demonstrate the validity of the gpproach bu they are both important
exploration problems. The creaion of a traversability map of an unknown areais aclassic
problem in robatics, particularly in field robatics where traversability is not just a binary
— traversable or naot — quantity. The introduction d the @ncept of having geaer cer-
tainty nea poa terrain is an interesting twist which provides maps that are more useful
than conventional traversability maps. The second example, finding cliff faces, has grea

patential in the search for water and life onMars.
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CHAPTER 2 BaCkground

2.1 Exploration Domains

Much work has been done in the area of robot exploration and several methodol ogies have
been developed. In genera the work can be broken down into two problem domains:
indoor exploration and outdoor exploration. A great deal of research has been done in
indoor exploration and much of it has focused on exploration for mapping the interiors of
buildings, often with an emphasis on localization while mapping. Much less work has
been done in outdoor exploration which is characterized by more complex terrain and

exploration tasks than found in indoor exploration.

2.1.1 Indoor Exploration

Much of the work in robot exploration has considered indoor environments. Most of this
work used the structure of indoor worlds, such as parallel and perpendicular walls, to help
solve the exploration problem [11][28][34][64]. Since this structure is not found in out-

door terrains, these techniques are largely inapplicable.

Another environmental aspect which affects many of the indoor exploration techniques is
the binary nature of the world. A region is either traversable (part of the floor) or not tra-
versable (above or below the plane of the floor). Since it requires the same amount of

energy to drive the same distance over any traversable area, the cost of driving is only
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dependent on the distance of the path. In an oudoa situation, traversability is continu-
oudy valued and diving costs depend onthe distance and the traversability. However,
unlike the paralel and perpendicular wall assumptions, indoa algorithms making the
binary world assumption are eaily converted to more wmplex terrain by modifying the
driving cost to include traversabili ty.

Yamauchi [75] and Yamauchi et al. [76] present a frontier based roba explorer designed
to explore complex environments typicdly foundin dffice buildings. The premise of this
method is that “To gain the most information abou the world, move to the boundry
between open gaceand urchartedterritory” [75]. Therobotexamines the map it has cre-

ated so far and classifies ead cdl as unknown, occupied or empty. It then etrads all the
regions, larger than the roba, where empty cells are adacent to unknowvn cels. Thes are
cdled frontiers (Figure 2-1). The roba then plans the shortest path to the nearest frortier,

takes another sensor realing, finds new frontiers and repeds the process over again urtil

no rew frontiers are discovered. They present their method onan indoa mobile roba.
While tis method makes few assumptions abbe&etvironment it has several shortcom-
ings for outdoar exploration. First, it assumes that detecting and driving to frontiersis the
only source of information. For example, it makes no attempt to improve the certainty of
deteded olstades. The roba uses acertainty grid for itsmagp bu whendetermining fron-
tiers it reduces this world to unknavn, occupied and empty. So as soon as a cdl has a
probability of being ocaupied that is greaer than theinitial probability, it is occuped asfar
as the exploration goes. It is passible that thiswasa bad sensor reading or that onewould

like 0 have a higher cetainty of obstades. Findly, thealgorithm always choases theclos
est frontier for exploration. It may in fad be letter to goto adlightly farther frontier if it is
larger or less bumpy than a closer one.

Simmons et al. [58] look at using multiple robas to explore using a similar frontier strat-
egy. However, each frontier is evaluated based onthe expeded number of unknown cells
the roba can see from the frontier as well as the distance from theroba. Thusthe explor-

ing robas choose the frontier which will provide the highest utility (information gain
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minus driving cost) rather than simply the closest frontier. The multiple robots also coordi-

nate their efforts to reduce overlap while exploring.

Raobot |_I A

L.

Figure 2-1: Frontiers. In this scene of a hallway, the black lines are walls or occupied,
grey is empty and white is unknown. The dashed grey lines are frontiers -
areas between empty and unknown regions. Opening A, which is aso an
area between empty and unknown regions, is not a frontier, as defined by
Yamauchi, because it istoo narrow for the robot to pass through.

ol

The previous papers all looked at exploring as simply finding new terrain. However the
exploration tasks considered in this thesis require more from the robot than just finding
new terrain. The following are some methods devel oped for indoor robots which consider

more than one criteriain their explorations.

Roy et al. [52] look at including the ability to localize the robot, using natural landmarks,
when planning paths. This produces paths which remain close to walls. While [52] was
not trying to explore new regionsit is considering two criteria, shortest distance and local-
ization ability, when planning paths. A similar problem is the simultaneous localization
and mapping problem where the robot is trying to map an unknown area and at the same
time maintain good localization. Thus, finding new terrain and finding good localization
places can be considered the two criteria of these explorations. Many researchers have
looked at this problem, [65][66] are two good methods, however more attention is usually
given to the problem of localization than to deciding which paths to take in the explora-

tion.

In [15][16], Elfes presents an integrated approach to robot navigation which incorporates
task specific information needs, perception sensor capabilities and robot knowledge into
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the motion danning process. An inferencegrid [15] is used to represent the robd’ s knowl-
edge and task needs. The integrated architedure dlows the roba to plan bah motor and

perceptual actionsto solve a given task.

2.1.2 Outdoor Exploration

The capdiliti es of outdoa robashaveincrea®gd dramaticdly over the last five yeaswith
robas being used in agriculture, mining and excavation [73]. Exploration robas have
gore to extreme environments such as Mars [36] and Antarctica[37]. A large part of the
reseach into oudoa and danetary robds has focused onterrain sensing and path plan-
ning for driving in rugged, outdoa terrains [8][13][22][ 31][37][59][61][ 68]. Despite the
progress, littl e work has been done in creating truly exploring robots which reason abou

the environment asit is discovered to determine interesting areas.

Much o the outdoar exploration work has centered on ace robaicsand the exploration
of other planets, particularly Mars[24][68]. Most of thiswork has focused on getting from
point A to pant B safely and, as auch, much of this reseach has involved path panners
such as RoverBug [32] and D* [61], local navigation such as Morphin [57] and determin-
ing traversability of the terrain [37][53]. Typicdly though paoint B is chasen by a human
operator. Recently, more work has been dore in planning sequences of science goals and
adions to maximize the utility of the rover and replan as new information is gathered
[6][ 18]. However, it is still a human scientist who is determining the basic plan and more

importantly what is interesting and what isnot

Estlin et a. [17] present a planning system for science exploration with multiple robads.
The system clusters spectrometer readings to determine rock types. Goal points are set at
the two mutually most distant pointsin physicd space for each rock type seen so far. The
planner is thus biased to explore towards the edges of its known world. The gproach of
Estlin et al. differs from that of thisthesisin that they only consider one type of informa-
tion, rock types, in their goal seledion. Further, they do not expicitly consder how much
information will be gained when seleding gal points, choosing insteal to use aheuristic
based onrelative rock positions.
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Pedersen [44][45] used aBayesian classifier to autonomously classify rock and meteorite
types from camera and spectrometer data collected by the robot Nomad. While Pedersen
does not consider path planning his classifier produces valuable information that could be
used to specify science goals in a planner such as CLARAty [18] or CRL [70]. Further,
since the result is produced as a probability, thisinformation could be very easily incorpo-

rated into the multiple information metric exploration planner presented in thisthesis.

2.2 Exploration M ethodologies

While the previous section looked at exploration work done in the domains of indoor and
outdoor robotics, three methodology classes, which have received a great deal of attention,
deserve to be examined in detail. The first, patterned search, is concerned with seeing an
entire region and uses predetermined paths to complete a task. The second, active vision,
tries to determine the next best place to take a sensor reading to improve its model of the
environment. The third, behavior based techniques considers robot actions based on prim-

itive behaviors.

2.2.1 Patterned Search

The use of coverage patterns provides a technique to allow the robot to search an area.
These techniques assume that the robot has a constant width of interest, either from a sen-

sor or implement such as a broom. The coverage pattern algorithm drives the robot in such
away that the entire environment is seen or covered by this width of interest. Typically the
coverage patterns assume that all parts of the environment are equally interesting and as
such it is common to use an a priori defined pattern which may be modified when obsta-

cles are detected. However, Gage [20] examines the use of random paths to get coverage.

Many of the patterned search methods require that the robot starts with a map of the area
to be covered. For example, Zelinsky et a. [78] present coverage planners based on the
distance transform and path transform path planners. To get complete coverage the robot
takes the longest path to the goal instead of the shortest. The distance transform based cov-

erage pattern spirasinto the goal point and so causes the robot to turn excessively, adding
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large errors to dead reckoning positioning accuracy. Therefore, the authors prefer the cov-
erage planner based on the path transform which produces coverage paths that follow the
contours of obstacles and have fewer sharp turns. In Choset and Pignon [10], obstacles

inside the environment must be known a priori.

Cao et al. [9], developed a coverage pattern for use in a lawn mowing application. Their
method takes amap of the region to be covered and decomposes thisinto regular regions.
A regular region is one where a horizontal line will only intersect the region boundary in
two places. The planner then covers each regular region using a back and forth pattern
with horizontal rows. To handle unknown obstaclesin the environment, the robot splitsthe
current regular region into two, one on the current side of the obstacle and one behind the
obstacle. It then covers each regular region separately. Only convex obstacles are consid-
ered. In Acar and Choset [1] asimilar techniqueis introduced which can handle non-con-

vex obstacles.

One of the most general coverage plannersis presented in Hert et al. [23]. This coverage
planner was designed for an autonomous underwater vehicle mosaiking images of the
ocean floor. It requires no a priori information of the environment, except for a descrip-
tion of the boundary region. It is general enough to handle any terrain that is projectively
planar (so no caves or overhangs). The paper also proves that the generated path lengths

arelinear in the size of the area to cover.

In general these coverage planners are concerned with search or coverage and are not well
suited to outdoor exploration. Many of them were developed for lawn mowing or floor
sweeping type applications and assume that a map of the environment is known at the
start. Even [23], which requires no knowledge of the environment, is limited in three ways
for outdoor surface exploration. First, it assumes a binary world - traversable and not tra-
versable and so does not take terrain factors into account. This means that they assume
obstacles will not interfere with sensing and that all paths are equally easy to drive along.

Second, they consider discovering unknown terrain as the only gain of information and

that all unknown terrain is equally interesting to discover,
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Finally, as illustrated in Figure 2-2, this coverage planner may cause excessive turning
when the a priori pattern isincompatible with the environment. In Figure 2-2(a) a typical
raster pattern coverage path is shown. The orientation of the raster is determined before
any information about the environment is known and cannot be changed during the explo-
ration. When the two black objects in Figure 2-2(a) are discovered, the raster pattern is
shortened to cover the area between the rocks. However, in this case the raster pattern,
which was chosen before the two black objects were known, is not the most efficient way
to cover the area between the objects. It forces the robot to turn excessively and makes
very short straight row lengths. A more intelligent way to cover the area between the two
objects is shown in Figur e2-2(b). Unfortunately, pattern search techniques are intimately
tied to the a priori defined pattern.

(a) (b)

Figure 2-2: Problems with patterned search. (a) Fixed pattern is incompatible with
environment features causing excessive turning and short rows. (b)
Covering the same area with fewer turns.

Shillcutt et al. [55] are concerned with energy generation and consumption for solar or
wind powered robots performing coverage patterns. The paper looks at different robot
configurations and coverage patterns and eval uates how much energy was produced, con-
sumed and what percentage of the area was covered. This methodology is different from
most coverage or search pattern methods in that it does not just consider coverage as a

requirement for success but also looks at power consumption and generation. However,
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the methoddogy uses fixed a priori patterns, evaluates energy produced and consumed
based on prior knowledge of the environment, nat information colleded by the robot and
assumes sparse obstades in the environment making it inappropriate for the outdoar

exploration tasks considered here.

2.2.2 Active Vision

The field dof active vision is concerned with adively controlling a perception sensor’s
parameters, such as position and zoom, to acemplish a spedfic task and in resporse to
the environment. Several common appli cations of adive visionare atention, foveal sens-

ing, gazecontrol and hend-eyecoordination [63].

One branch o adive vision, planning the next view, has many similariti es to the outdoar
exploration problem. Generally the planning he next view problem looks at where t take
the next sensor reading to provide the most information for a spedfic task. One example
of thisis filling in the hoes caused by oljed ocdusions when mapping a scene [35].
Anather looks at fitting a superellipsoid model to a scene mapped with nasy sensors and
planning the next sensor reading to maximize the deaease in urcetainty [72]. Both of
these tedhniques have similarities to the exploration groblems considered in this thesis.
However, they are concerned with much smaller and simpler scenes, collections of paly-
hedral objectson a table, and both methods mustodel the environment to be able o plan
the next view. In asimilar manner, Okamuraand Cutkosky [42] explore an oljed, locaing
specific feaures such as bumps and steps, with arobaic finger. The methoddogy gudes
the exploration to verify whichfeaure modelbest describes the discoveredfeature. These
techniques al consider quite smple scenes and guide the exploration to improve e fit of
amodel to that scene. It isunlikely that these methods will scde well to thecomgdex out

doa environments considered in thisthes's.

Another concept to consider is the art gallery problem [43] where the positions to be vis-
ited so that an entire 2D scene can be viewed are cdculated. A recent implementation o

thistype of algorithm is[21] where the need for overlap to ease the registration of the mul
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tiple scenes is considered. However, these problems require a2D map o the region d

interest to work andare not applicable to exploration of an unknavn environment.

2.2.3 Behavior Based Techniques

In behavior based robatics g/stems, a collection of primitive capailiti es — the behaiors
— are used to dedde what action the roba will take at any giventime. Sincethes béav-
iors are simple, they can process snsor data quickly, letting the roba operate in ared,
dynamic environment at high speels. Also, because the behaviors are generally indepen-
dent, self contained processes, the suite of behaviors used canbe easily modified. The dis-
advantage of behavior based techniques is that the often competing desires of these
behaviors must be combined o seleded into just one action which the roba will take.
How best to dothis is not an easy choice and severa prominent methods are discussed
below.

In the subsumption architedure [7] a priority-based arbitration technique is used. Each
behavior operates asynchronouwsly operating onsensor data & it arrives and poduwcing a
vote for how the roba shoud act when the behavior becomes adive. Each behavior is
assigned a priority and the adive behavior with the highest priority controls the roba, the
other behaviors are ignared. This arbitration scheme provides is very fast but does nat

allow multi ple behaviors to aff ect the roba’s adions simultaneously.

Ancther method for combining multi ple behaviors is to use command fusion. Instead of
the dl-or-nothing strategy o subsumption, command fusion techniques combine the
requested adions of al behaviors. In motor schemas[2], ead behavior gereratesa vedor
indicaing which dredion to travel and these vectors are summed to decide which drec
tion the roba shoud travel. Another approad is the DAMN architedure where ech
behavior votes for or against each of a st of actions[50]. Fuzzy logic hasalso been used
to perform command fusion from multi ple behaviors [53]. A major drawbadk of command
fusion is that unless each behavior is given substantial knowledge of the current robat
state, kinematics and dyramics, commands which are not physicaly realizable may be
generated.
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The final approach considered here is utility fusion [51]. In the method poposed by
Rosenblatt, ead behavior deddes onthe utility, or usefulnessto the behaior, of the roba

being in a cetain state. The behaviors generate asmall loca map with utiliti es which is
sent to the abiter. The arbiter can then combine the utiliti es in a locd map and evaluate
adions based on the kinematics and dyramics of the roba. Thus state, kinematic and
dynamic information reeds to orly reside in the abiter and nd the individual behaviors.

Further, utility theory provides a mehodof dealing with ucertainty.

This thesis uses asimilar methodto Rosenblatt’s utility fusion. The cmbination of infor-
mation metrics is similar to utility fusion except that expeded information gain is being
combined rather than uility. Further, a global map is maintained by the exploration dan-
ner, allowing the information metrics to make decisions on information gain based on the

entire environment.

2.3 Information Theory

The theory of information was first presented by Claude Shannonin the late 1940s as a
way to mathematicdly charaderize communication systems [54]. One of the principle
problems considered by Shannonwas how much information was present in a transmitted
message and hawv to optimally encode the message so that it could be reproduced at the

recaver. Since hen information theoryds been applied to many diverse aeas [49].

This sdion introduces the cncept of entropy which is important in the calculation d
information gain. Entropy will be used later in this thesis to compute the expeded infor-

mation gains for ead information metric used by the explorer.

Imagine a set of mutually exclusive events, { E,...E,} . The probability of event E; occur-
ring is p; and the p;’s sum to ore. Together the E’'s and p’s form a sample spacefor this
example problem which we'll call Q. Now, we define a measure of uncertainty caled the

entropy of this sample spaceas'{49):

1. Unless otherwise noted all logarithms used in this thesis are base 2
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H(X) = —Z pilog(p;) (2.1
i'=0

where X is arandam variable drawn from the sample space, Q. The entropy of the sample
space quantifies how surprised we shoud be & the event assumed by X. The entropy,
H(X), is avalue between 0 and 1and represents the average anourt of information con-

tained in an event.

For example, consider the foll owing two binary sample spaces:

A.{Ep, Ej} P={1,0} H(X)=0

B. {Eq, Eq} P={0.5,05} H(X) =1

In sample spaceA, there is no surprisesto which event will occur. X will be the event E
with probability of 1. Thuson average tereis noinformaion ganed by olserving X and
the entropy d sample space A is 0. However in sample space B, both events have the
same probability of occurring. Therefore, on average, we gain a lot of information by
observing X when it is drawn from sample space B and the entropy is one which is the

maximum possible value for entropy.

Equation (2.1) defines the entropy d a discrete valued variable. The concept of entropy
can be extended to variables with continuous distributions. If we let X be a randam vari-
able drawn from a distribution with a probabilit y density function f(x), then the entropyis
defined as[49]:

00

HX) = = [ (109 (f()) o (2.2)

When applied to a continuots variable, two problems may occur with the entropy. First,

the entropy may be negtive. Probability only requires tha

[f0oex = 1 (2.3)
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and this restriction does not require f(x) to be less than 1 for al values of x. If f(x) does
exceed 1 for some values of x a negative entropy may result. In this case the concept of
average self information cannot be associated with the continuous entropy [49]. Secondly,
again based on the f(x) used, the entropy could become infinitely large. When using the

concept of entropy for continuous variables care must be taken in choosing f(x).
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This chapter presents a genera methoddogy called the Multiple Information Metrics
Exploration Planner, which can be used to solve complex exploration tasks. The method
stores its knowledge in a map and, for all areas of the map, computes the expected infor
mation to be gained, for muitiple information metrics, from taking a sensor reading there.
Finally, it plans paths which maximize the utility of the robad, information gained minus
the cost of collecting it. By carefully choasing the appropriate information metrics and the
knowledge recorded in the map, the multi ple information metrics exploration ganner can

solve many complex exploration tasks.

3.1 Exploration Framework

This reseach models the explorer’s knowledge of the world or its map as a uniform grid,
M(t), which takes the roba’s pose, X, and maps it to a unique cell. The map, M(t), is the
roba’s current knowledge of the world and is a function d time since with each sensor
reading the explorer learns a little bit more abou the world and its map changesto reflea
this. Each cdl, m, in the map contains two vedors: A™ a vector of cdl properties or
attributes and G™ a vedor of expeded information gains (see Figure 3-1). The size and
compasition d A™ and G™ are the same for al cels, m, in the map and depend onthe

exploration task, the number of information metrics and their type. However, A™ does not
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neal to be the same size & G™. Some typical elements of A™ and G™ are detailed at the

end of this chagpter and two ecific implementations are found n Chapter 4.

Attribute Veaor - A™

Continuous attribute
- (value and certainty)

Binary attribute
Information Gain Vedor - G™

t Information Metric #2
Information Metric #1

Map Cell m

Map - M(t)

Figure 3-1: Map Cell Composition. Shows the composition d one cél in the map,
cdl m, indicating the attribute vector with binary and continuows elements
and the information gain vector. The diagord line in the attribute vector
indicaes that an element is continuous and has two numbers, value and
certainty, associated with it.

The cell attribute vector, A™, contains the information the explorer knows about that cell.
Some typical types of information stored in the elementsof A™ are cell height and travers-
ability. Each element of A™ represents a different type of information. For binary valued
variables this number is the probability of the state being true. Thisis theapproach wsed in
inference grids, which is an extenson d the more common accupancy grids [15]. For
nonbinary valued variables, such as cell height, two elements of A™ are used. The first
indicaes the property value and the seandisthe explorer s certainty or confidence n that
property value. Typically the ertainty is based onthe number of sensor readings received
for that cell. Thisis similar to the goodress maps successfully employed in oudoar navi-

gation [37]. A more rigorous methodwould be t compute and store the probability distri-
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bution d these nontbinary variables, however, this would require significantly more

computation and storage space than the value/certainty system used in thisthesis.

The expeded information gain vedor, G™, has one element for each metric of informaion
being considered by the explorer. Each element in G™ represents the expeded amourt of
information to be gained, over the entire sensor footprint area, by taking a sensor realing
in cdl, m, for a particular information metric (see Figure 3-2). It is the expeded informa
tion gain since it is predicting hav much new information will be receved by taking a
sensor realing in this cell. Each element in G™ has the same units, that of information

gain, which from Information Theory isthe unit bits[49].

(€Y (b)

Figure 3-2: Expeded Information Gain. (a) The expeded information gainin cdl mis
the expeded information to be gained ower the entire sensor footprint
(shown as grey circle). (b) Here awall obstructs part of the sensor view so
the information gain colledion region is snaller (again shown as a grey
circle).

The total expected information to be gained by taking a sensor reading in map cdl m, is
the sum of the expeded information gained from each information metric. The total
expeded information is computed by performing a weighted sum of the dements in cdl
m's G™ vector:

E[(mM)] = § ag] (31)
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where the a multipliers are chosen to weight the relative importance of the various infor-
mation metrics.

When a sensor reading is taken, the map, M(t), changes reflecting the new information
gathered. From (3.1) G™, and the epeded information, E[I] computed from G™, are
dependent on M(t). Therefore, the G vectors and E[I]’s in neaby cells change with each
sensor realing and are not indgpendet. In this case, nearby is defined by the ensor foot-
print. If the sensor foatprint at cdl m overlaps with the sensor foaotprint in cel n then G™

and G" are dependent. If there is no owrlap, the vedors are independent (see Figure3-3)

(€Y (b)

Figure 3-3: Region of dependeng for G vedors. (a) Sensor footprints of cedlmand n
overlap - G™and G" are dependent. (b) Sensor footprints do not overlap
GMand G" vedors areindepadean.

3.2 Planning Exploration Paths

An autonamous explorer must dedde where to drive and where to take sensor realings to
maximize the anourt of information it colleds. At the same time it must minimize the
costs of colleding this information such as driving time, sensing time and danning time.
The godl of the exploration danner is to find a path which maximizes the utility to the
explorer. The path is an ordered set of cdls that the explorer must drive through o take
sensor readingsin. The utility of a path, p, isdefined as:

UE) = K 5 SIMEm M)~ 5 Colm) - C (32)
m3ap mup
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E[l1(m, M)] isthe expeded information gain of a cdl as computed in equation (3.1) and
has units bits. It is afunction d cdl, m and the current map, M. Sm) is one if a sensing
adionisto be performed in cdl mand zero otherwise — indicating that noinforméationis
gained urless a sensor reading is taken. C(m) isthe per cell cost which is the anourt of
time, in seconds, spent in cel m. In thisthesis C-(m) includes the driving time and sensing
time. Cg includes any gobal costs, such as planning time and is also in urits of seconds.
Finally, k is the value of information and is used to set the relative importance of informa-
tionand cost. It has units of seconds per bit and represents how much time we are willi ng
to spend to get that next bit of information. The value of information, k, does not need to
remain fixed throughou the exploration. It might be low at the start of the mission when
new information is easy to obtain. Asthe misson piogresses the robotknows more gou
its environment and rew information is harder to find. At this point, k can be increased

allowingthe roba to pend nore time, and takegreater risks, to collect new information.

In traditional path planning pioblemsthe robotknows whereit is and whereit wantsto ga
Knowing the start and end pants limits the number of paossible paths and reduces the
search space Many techniques exist to solve this problem and some, such as [61] and
[31], have been tested in outdoa condtionsand shown to work well . Further, it ispassible

to find the optimal path given the roba’ s knowledgeof the world and map resolution.

Unlike traditional path planning problems, the exploration path problem does nat have a
degtination cdl to plan a path to. Instead, the exploration planner must maximize U(p)
over all possble paths to all possible destinations. Thus the number of possble paths to
search throughis much greaer than in the traditional path planning problem. In fad, the
exploration path problem is similar to the prize coll ecting travelling salesman problem
(PCTS) [4]. In the PCTS problem a salesman must visit a set of cities. In each city he
receives a prize but he incurs a st for travel between cities. The goal is to find the opti-
mal route which maximizesthe prizes but minimizesthetravel cost. If each map cell in the
exploration peth problem is equated with a dty in the PCTS problem, the expeded infor-
mationto be gained, E[1(m, M)] ,isthe prize and thedriving, sensing and gdanning @sts
arethetravel cost then the similarity between the exploration pah problemand the PCTS
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problem is apparent. Sincethe PCTS problem is NP-complete [4] finding an optimal path
for the exploration path problem isintradable.

In the PCTS problem, the prizesin ead city are independent, coll eding ore prize does not
alter the value of prizesin other cities. In the exploration problem the prizesare the E[1]’s
which depend onthe aurrentmap, M(t). To colled aprizethe explorer must take asensor
reading. This changes the map, M(t), which changes the E[1]’sin the neighbahoodof the
sensing adion. Therefore the E[1]’sin equation (3.2) depend nd only onthe cdl | ocaion
but also onthe path used to get there. Thus, if the planner getsto cdl m from path A and

also from path B, it cannd trea the two as one for the remander of the path plan.

Figure 3-4 ill ustrates the problems with path dependency. In this example the roba
receives information bytaking sensor readings on the boundary of known and unknavn
regions much like the frontier exploration strategies discussed in [58] and [75]. Figure 3-
4(a) showsthe roba near adoarway. It expects to receive high information gain by taking
sensor readings in the doaway because this is the boundxry of its known region. While
the map gid is not shown onthe figures, the doaway is wide enoughto encompass sv-

eral mapcdls, al of which have highinformation gain.

Figure 3-4(b) shows a path where the roba visits and takes a sensor reading in each doar--
way cdl andthen proceedsinto the next room. Thiswould be the optimal path if the infor-
mation gains in the doorway were independent — the roba could collect a lot of

information for very littl e ravel cost

However, after every sensor reading, the map chages. Figur €3-4(c) shows the map after
the robot takes its first sensor reading in thedoaway. Now, theboundary between known
and unknavn is inside the next room and the remaining cells in the doarway no longer
have any information gain. Therefore, if the roba travels to the left side of the doaway,
takes a sensor realing then travels to the right side of the doarway and takes a sensor read-
ing it will not gain any information from reading onthe right sde. However, if the roba

went to theright sde first and then the left, it would collect information from the rightlte
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and not the left. This demonstrates the dependency of the information gains on the previ-

ous path. This dependency on path greatly increases the search space required to find p.

Finally, Figure 3-4(d) shows that the correct path to take isto visit one cell in the doorway,

take a sensor reading and then proceed into the next room.

Take many
scans along
doorway.

Unknown Region Robot Path

High Information Gain

| T ——

/

[ ]

Known Region

‘ Robot

@ (b)

New region of
high information
gain.

Just take one scan
in doorway.

Sensor reading taken Correct Path

B

(0) (d)

Figure 3-4: Path dependency of information gains.

3.2.1 Greedy Search Planner

The lack of a destination cell and the dependency of information gains makes planning
exploration paths difficult. Once the planner callsfor a sensor reading to be taken, it must
estimate what the map will look like after the sensor reading and use this estimated map to

plan the remainder of the path. In a ssmple and structured environment this may be possi-
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ble, but in the complex outdoar terrain considered in thisthesisit is unlikely that an aca-

rate or meaningful estimate of a future map can be aeaed.

A solutionto this problem is to only plan to the first sensor reading. In essence te pbnne
isasking the question “W here is the best place to take the next sensor reading so that util -
ity is maximized?’. This is the gready seach algorithm and is used frequently in roba
mapping tasks. In the implementation used in this thesis, the planner first propagates the
driving costs through the map using a wave-front propagation technique [30]. Then it
chooses the cell with the maximum utility as computed by equation (3.2). A smilar plan-
ning method was successfully used for indoa exploration in [58]. The costs of sensing
and danning can be ignared in the planning process s$nce they will be the same for all
paths. This greedy planrer gererates paths which are a series of cdlsto drive through and

end with a sensor reading.

While the grealy search algorithm will not produce globally optimal paths, it will be
shown in foll owing chapters that this planner does produce reasonable exploration paths.
Further, one of the requirements st out in the design d this exploration danner was to
gain the greatest amourt of utility in the shortest amourt of time. Thusit is nat obvious
that taking a less greedypath in order to improve he globd optimality of the pah (which
in essence is what more cwmplex planners would do is the right thing to da Finally,
Koenig et al. [27] show that greedy seach, as used in the map making problem, isin fad
not so badafter all.

3.2.2 Random \Walk Planner

Ancther planning strategy investigated was a randam walk planner. For this planner the
expeded information gains were normalized 0 that thetotal expeded information gin in
acell was always between Oand 1. The planrer then generated arandam numberbetween
0 and 1 If the random number was less than o equal to the total expected information
gain then the roba took a sensor reading. If not, theroba moved randomly to an adjacent
cdl (each cdl had equal probability except theprevious cell occupied bytheroba — this
cdl had zero probability). This planner performed poolly compared to the geedy pannea
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so results are nat included in this document. If interested, results comparing the randam
walk planner to the greedy planna for the multi ple information metrics exploration pob-

lem can befound n [39].

3.3 Map Attributes

The methoddogy presented abowve is very general and can be gplied to many problems
by creding and wsing the appropriate map attributes, A™, and information ggins, G™, in
the explorer’s map. The compasition & A™ and G™ must be designed based onthe explo-
ration task’s goals and requirements. This sction presents the four map attributes used in
this thesis. height, traversability, reachability and cliff, to demonstrate the form of map
attributes.

3.3.1 Height

Height (ay, ag,) is a mntinuows valued variable so it has a value and a aertainty in the
attribute vedor. The height value (a;,) is the maximum height that the roba has perceived
inthe cdl. It isrelative to someglobal, fixedreference point. The height certainty (ag,) is
anumber from 0 to 1 which is propational to the number of sensor readingsrecaved ina
cdl.

3.3.2 Traversability

Traversability (a;, ay) is also a cntinuots valued variable which represents how easy or
safe it isfor therobotto occupythe cdl. Thetraversability value (a;) of acdl iscomputed
by fitting a plane, centered at the cel i n question, to the cdl height datain a region eqal
to the size of the robat. The traversability is determined by the roll and ptch of the plane
aswell asthe residual from fitting the plane [37]. Using a plane the size of the roba pro-
duces a traversability score that isin configuration space. If the origin of therobat isin a
cdl with goodtraversahility, this means that al parts of the roba are in goodtraversabil -
ity. Alternately, if the cél has poor traversability some part of the roba is on dangerous
terrain, perhaps a wheel would bein a deep hde. This use of configuration space travers-

ability means that the planner can consider the roba to bea paint robot[30]. The cetainty
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in the traversability (ay) isrelated to the cetainty in the height data used to calculate tra-
versability. A traversability computed over aregion d low height certainty would be less
cetain than ore computed over a region with high height certainty. To maximize roba
safety, the worst case scenario was chasen and the traversability certainty isesto the min-

imum, or worst, height certainty over the region fitted with the plane.

3.3.3 Reachability

The readability of a cll is a binary valued quantity — the cell is reachable or it is nat.
Therefore, the reatability element in A, a,, denotes the probability that a cdl is reachéle.
A cell isreatableif the roba can drive b that cdl from any other cell in the st of read-
able cdls. By definition areadable el is traversable, however, atraversable eIl may not
bereadable if no traversable path from the start locaion toit exists. The set of reachable
cdlsis conrected in that every readable cél has at least one adjacent cell which isalso
reachable.

The reachability of a cdl, a,, iscomputed by assigning a, = 1 for any cel previously vis-
ited, a, = 0.5 for unknavn cdlsand a, = 0 for untraversable cells. The remaning cels are
set using adecging exporential based on the cod of drivingto that cdl from acell where
a, = 1, the higher the driving cost the lower the value of a,.

3.3.4 Probability of Cliff

The final mapattribute considered in this thesis isthe cliff attribute (a.). Like readability
thisis abinary attribute so a. denotesthe probability that a cd ispart of a diff. The cliff

attribute is computed using the plane fit for the traversability attribute. If thereis a large
discontinuity in the heights (&) in this plane region then the cell is consdered asa poen-

tial cliff. The value of a. is st propationally to the slope of the plane - thelarger the slope
the greaer the probability of the cdl being acliff. Aswill beseenin thefollowing chapter,
the diff attribute will be used in an exploration problem that attempts to view the face of

the cliff. Thus a. isonly non-zero for the celswhich are beow the cliff top.
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3.4 Information Metrics

Aswith the attribute vector, the information gain vector, G™, hel ps determine what explo-
ration task will be performed. The elementsin theinformation gain vedor are the informa-
tion metrics that have been chosen for the exploration problem. These metrics quantify
what the roba will find interesting duing the exploration. Withou loss of generality, the
elements of the vedor are normalized to be in the range of zero to ore. By knowing that
the maimum information to ke gained is one, the path planrer can stop considering pahs
with costs that would yield negative utility given the value of information parameter and

an informationgain o ore. This limits the distance of pathsthe plannerneedsto consder.

The adual sensor being wsed to collect information is not important for the exploration
methoddogy, however some asumptions have been made in the development of the
information metrics presented. First, it isassumed that the sensor has a 360degreefield of
view in azimuth. This removes the need to plan the heading d the roba. Further, it is

assumed that the height and rangeof the sensor is known.

The expeded information gain in a c&ll is the amourt of information that would be l-
leded by taking a sensor reading in that cell. Therefore it is necessary for the information
metrics to know, or speallate, which map cellswill be en from agiven locdion. Let V,,
be the set of cdlsvisible to the sensor from cell m. To compute V,,, we first get the set of
cdls W, which contains all the cdlsinside a circle centeredat m with radius equal to the
maximum range of the sensor. The number of cdlsin W, is denoted #W,,. For each cell,
n, in Wy, aray istraced bad to cdl m using the efficient Bressenham’s Algorithm from
computer graphics [19]. If the height of this ray is lower than the height in any cdl it
passes throughthen cdl nisnat visble and notin V,,,. Otherwise cdl nisadded to the set
Vi Thus the shadowing effects caused by knawn olstades are taken into acourt.
Unknown cell s are assumed to contain no features which obstruct sensor viewing. This
assumption was made for two reasons. First, the roba must assume either obstructing a

not obstructing and since t knows nothing abou these cellseither optionisequdly likdy.
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Seawndy, if unknown cell swere assumed to obstruct sensor views, therobot would never

exped to seeany unknavn cdlslimiting its use asan explorer of unknown worlds

(a) Height (b) Height Certainty

(c) Frontier (d) Increase Map Certainty  (e) Determine Reatable
Weighted by Traversability

Figure 3-5: First Three Information Metrics. (a) Height values of the roba’s map. The
higher a cell’s height the whiter its color. Bladk is unknown. (b) The
certainty in the height values. Blad is zero, white is ore. (c, d, €) The
expected information gainsfor the first threeinformation metrics. Black is
zeo, whiteisone.

This thesis has implemented five information gain metrics, or information metrics, which
are described below. Asin the attribute sedion, these are not he only information metrics
passible, nor are they required by all exploration tasks. These metrics are simply the ones
needed in the examples that follow and are presented here to ill ustrate how information

metrics are defined.
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3.4.1 Frontier

The frontier information metric indicates how much unseen terrain the explorer can expect
to see. This information metric is used to attract the robot explorer to the boundary of its
known and unknown world and fill in the blank spots in its map. The greater the number
of unknown cells expected to be viewed from cell m, the greater the expected frontier
information gain. For agiven cell, m, in the map the expected frontier information gainis
caculated as:.

0
0 ; UNKNOWN (ag,)
|:| . .
g" =1 OnTTV,, : if mI.a (3.3)
E #W, frontier cell
0o ;otherwise

where a, is the traversability certainty in cell n and UNKNOWN(ag,) is 1 if ag, isless
than a fixed threshold (set to 0.3 in this thesis) and O otherwise. A frontier cell is one
which is traversable and the traversability is known and has at least one cell adjacent (in
an 8 connected sense) to it which has an unknown traversability. Figure 3-5(c) shows the
value of the expected frontier information gain for a partial map. Notice that the non-zero

information gains are on the edge of the known and unknown world.

3.4.2 Increase Map Certainty Weighted by Traversability

The increase certainty weighted by traversability information metric rewards the explorer
for increasing the density of sensor readings in a cell and thus increasing the height cer-
tainty. The information metric computes the expected increase in height certainty dueto a
sensor reading. It is more important to have high certainty about the terrain near obstacles
so the information metric weights the expected increase in height certainty by the travers-
ability. Height certainty is used because it can be predicted with a sensor model and tra-

versability certainty isderived from height certainty. The equation for g. is:
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w(ay) (E[ag,] —agy)

g
& = " w (34)

m

where w(a,) isaparabolawhichin this thesishad a value of 1 for zero traversability and
0.05for traversability of one. E[agh] is the expeded value of the height certainty in cdln
after taking a sensor readingin cdl m. The computation o E[agh] dependson the snsor

being wsed. This thesis assumes a sensor which takes range measurements with fixed
anguar incrementsin both azmuth and elevation. A sensor suchas alaser scanrer would
fit in this class For this type of sensor the number of readingsin a cél (which is propar-

tional to the cdl’s height cettainty) isinversely propational to the aube d the range [26].

The function of E[agh] used in thisthesisis shown in Fi gure3-6 and was computed usng
the kinematics of alaser scanner derived in [26] and alinea relation between the number
of readings per cdl and certainty. Since the height certainty canna be greater than ore
Figure 3-6 has been limited to ore indicaing a region aroundthe sensor yielding perfed

certainty.

]

|
0 5 10 15 20 25
Range (m)

Figure 3-6: Graph of expecedheaght cettainty
versus distance from sensor. For
the sensor used in thisthesis.

An example of the increase certainty weighted by traversabil ity information metric can be

foundin Figure 3-5(d). Note how the values aroundthe rocks and wall at the edges of the
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scene are high. Also note that the rock in the middle of the sceneyields low increase cer-
tainty weighted by traversability scores becauseit isarealy well known as can be e in
the height certainty map shown in Figure 3-5(b). Thus the increase certainty weighted by
traversability information metric encourages the roba explorer to see the world with

greater care, particularly in regions that could be dangrousfor the roba.

3.4.3 Determine Reachable

The reatability information metric rewards the roba for going to places which will mog
strondy impad its knowledge of reathability. It is calculated as:

(—ajlog(a;) —(1-a;)log(1-a))
m Dng\/m

9 = W (35

m

Since a? isthe probability that cdl nisreachable, the numerator is the sum of the entropy
over the sensor footprint [49]. This rewards the roba for viewing areas where the reat-

ability ismost uncertain (high entropy). SeeFigure 3-5(€).
3.4.4 Viewing Cliff Faces

The viewing cliff faces information metric rewards the roba for seeing the faceof acliff.
Thiswill be an important ability in exploration robats as sientists now believe they have
foundevidence of past water flow down the faces of some Martian cliffs[33]. In general it
is nat possible to view the cliff facefrom the top d the diff, so the viewing cliff faces
information metric only has non-zero values atthebottom of the diff. The view cliff face

information metric is defined as

Z\/ (Elag,] - ag,) Cag

On vy, - if not at the top of cliff (3.6)
H#W

m

m -—
Qelife =

I o o

o

relse
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where E[agh] is the expected height certainty in cell n as used in the increase map cer-

tainty weighted by traversability information metric.

When an explorer is at the top of acliff, it isunlikely that its sensor will be able to see the
bottom of the cliff (unlessitis avery short cliff). In this case the cells where g are non-
zero have unknown heights. However, the sensor did view these cells, it just did not detect
anything. Therefore, these cells are referred to as perceived cells and while the height is
not defined, the height certainty is set using the sensor model found in Figure 3-2. This

allows eguation (3.6) to be defined even in places which are not yet known to the robot.

The intended exploration task for the viewing cliff faces information metric involves the
robot starting at the top of a cliff and finding a way to the bottom so that it can view the
cliff face. However, whileit is at the top the regions of high information gain will bein the
perceived cells. Since the heights and traversability of the perceived are not known, these
high information gains are not seen by the path planner. They are not exerting a force
bringing the robot down to see the cliff face. To overcome this problem, the view cliff
facesinformation metric is modified slightly to find away to the border of the cliff. There-
fore, the view cliff facesinformation metric will also have ahigh value on cells at the top
of the cliff which are near the cliff and the frontier as defined by the frontier information
metric (equation (3.3)). Thiswill serveto pull the robot along the cliff edge and down to
the cliff base. Thismodification isillustrated in Figure 3-7(c).

3.4.5 Seek Lower Elevations

The seek lower elevations information metric rewards the robot for travelling to cells that
have a lower elevation than the cell currently occupied by the robot. Many potentially
important exploration tasks, such aslooking at cliff faces from the base of a cliff or enter-

ing cratersto search for water ice, can benefit from this simple information metric.

The seek lower elevations information metric is defined as:
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@ (b)

Figure 3-7: Viewing cliff facesinformation metric. (a) Height attribute of map. The
white cells are part of the cliff top. The grey cells are perceived cells, the
laser passed through these cells but did not hit anything. This is because
the cliff is here. (b) Shows the probability of a cell being acliff. The main
lineisthe actual cliff, the small grey blocks at the bottom are dueto small
dips in the terrain. (c) Viewing cliff faces information metric. Notice the
high information gain in the perceived region. Also note the high
information gain by the edge of the cliff and on the frontier of known
world. This will help the robot follow the cliff and get to the perceived
area.

Autonomous Surface Exploration for Mobile Robots 39



Information Metrics

m —
glow -

MIN(LO, k Qa, —a™)) ;if (ay <al) (3.7)
0 else

[

where a, isthe height of the aell currently occupied by the robd, a is the eight of the
cdl being assigned the information metric and k is a dhosen constant. In this thesis k was

empirically chaosen to be 0.25.
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CHAPTER 4 Smulation Results

The exploration methodology presented in the previous chapter can be applied to many
different exploration tasks by the careful construction of the attributeand information gan
vedorsin the explorer’s map. Changing the elements of the attribute vedor changs what
information the explorer records abou the environment. Changing the information gain
vedor changes the metrics used by the explorer to determine what is interesting. Ulti-
mately, the behavior of the explorer and the explorationtask it performsis determined by
the compasition of these two vedors.

This chapter appliesthe methoddogy of Chapter 3 totwo different explorationtasks:. cre-
ating traversability maps and finding and viewing cliff faces. The ammpositions of the
atribute and information gain vedors are presented along with the exploration paths gen-

erated in asimulation.

4.1 Software Architecture

A block diagram of the software architecture used for the smulation examples isshown in
Figure4-1. Each block is a separate process and the different processes exchange data
using the Task Control Architecture (TCA) throughthe central modue [56].
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Simulated Simulated
Controller Laser
TCA Centra
Graphicd User Exploration Planner
Interface
Attribute
Classes -

Map = Planner

Info Gain
Classes

Figure 4-1: Block Diagram of Simulation Comporents.

The simulated controller process receives the arrrent plan from the exploration danner.
The plan consists of a sequence of positionsto drive through. The final element in the pla
is a scan request. The simulated controller executes the plan, stepping the roba through

eadt desired locaion and then requesting a <an be taken by the simulated|aser.

The simulated laser process simulates a sensor reading from alaser scanner. The simulated
laser has a map o the adua environment being explored (as oppased to the exploration
planner’s map which represents the roba’s knowledge of the world). The simulated laser
is cgpable of reading maps in the United States Geological Service (USGS) Digital Eleva
tion Map (DEM) format or as a two dmensiona array of heights. The maps can be red
locaions mapped bythe USGS or can be created usnga gand abne graphicd map draw-
ing utility developed for thisthes's.

The simulated laser process uses the sensor range, height abowve the ground field of view

in azimuth and elevation and the anguar resolution (number of realings per degree) in
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azmuth and elevation. To take ascan aray is projeded from the current position d the
sensor head orto the environment for ead reading in the scan. The intersedion pant of
eadt ray with the environment is foundand conwverted into gobal Cartesian coordinates.
The set of intersection points are then converted into an elevation map where e&h cell of
the map hdds the maximum elevation seen in that cdl by the laser scan. The elevation
map also contains a cetainty reading for each cdl which is propartional to the number of

laser readings contained in the cell.

The graphicd user interface is used to visualize the information contained in the explora-
tion danner. Maps of the aurrent values of ead element in the dtribute and information
gain vedors canbe displayed. The exploration path plannercan be changed ad the explo-
ration paths are displayed.

The exploration planner block in Figur e4-1 is the process which implements the explora-
tion methoddogy d Chapter 3. This process contains the robd’s map which has the
atribute and information gain vectors in ead cdl. The adua values in the atribute and
information gain vedors are omputed using attribute and information gain classes. By
adding and deleting classes it iseasy to re-compil e the exploration planne and use itfor a
different exploration task. The exploration path planrer also interacts with themap to gen-
erate paths which maximize the utili ty to theroba. The path planner is also implemented

asaclassall owing different plannersto be used.

The software architecture of Figure 4-1 can easily be modified to use the exploration plan-
ning system on areal roba. The smulated laser module needsto be replaced with adriver
for the adua sensor being wsed. This driver neeals to convert the raw sensor data to the
elevation map with certainties expeded by the exploration plnner. The smulated control-
ler can be replaced by two processes on ared robot system. The first isjust a process to
broadcast, usinga TCA message, the current pose of the roba. The second process would
convert the generated exploration dans into roba driving commands. These coommands
could be combined with commands from a locd navigation system to maintain roba

safety. This type of architecture has been successfully employed to combine the D* grid
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based planrer with Morphin aloca navigation planne [59]. The exploration gdanner pro-
cesswould remain unchanged. The graphicd user interface would also remain unchanged

and using the power of TCA could aso berunoff board the robot

4.2 Traver sability Map Creation

The first exploration task presented is the aedion d traversability maps. Traversability
maps are maps which indicae how easy it is to drive over an area They tell the roba
where it is safe 1 drive andwhere it is not. The goal of thexplorationroba in thistask is
to creae atraversability map which is useful for other robas that might operate in this
region at alater date. The traversability map created should have the traversability df a ce
as well as how certain the roba is abou that traversability. It is more important to know
the traversability in roughterrain and rea obstades than in flat, benign terrain, both for
path planning— if we think a rarrow passage istraversable andit is nat, this could drasti-
cdly dter aplan —aswell asroba safety — it iseasier to damage theroba in rugged ter-
rain than in flat terrain. Thusthe explorer shoud be rewarded for increasingits certainty in
low traversability regions more so than in high traversability regions. It would also be use-
ful for ancther roba visiting the aeato know which cdls are reachable and which cells
are not reachable. Findly, the explorer shoud record the height in each cdl. This will

allow robasto cdculate sensor visibility regions.

Now that the exploration task is known, the dements of the attribute and information gan
vedors must be chosen so that the explorer can succeel in its mission. The attributes are
chosen so that all the data aailable from the sensars can berecoded. Also, attributes can
be added that represent derived information (variables computed from the data provided
from the ®nsors) thataddsvalue to the finished map and may ke wseful in calculating the
information gains. The informaion gan vector elements are chosen to represent ead and

every information metric which isimportant in lving the exploration task.
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4.2.1 Problem Setup

For the traversability map exploration problem the atribute vector has the following ele-
ments. height, traversability and reachability. Both height and traversability are continu-
ous valued variables and thus have certainties associated with them. The reachability is a
binary vauedattribute andis the probability that acell is reachable. These attributeshave

been de<cribed in detal in section 33.

The information gain vector isdetermined bythe goals of the exploration task. The explo-
ration task isto create a traversability map of a region. Therefore, the robot neeldsto con-
tinually view new, unseen terrain. The roba also nealsto gend &tra time and detemmine
the traversability of poa traversability areas with greder certainty. Finaly, the roba
shoud determine which areas in the region canbe reatied from the garting point. To ful-
fill these three goals, the formation gain vedor for this example uses threeinformation
gain metrics: frontier, increase map certainty weighted by traversability and determine
reachable. These information gain metrics have beessaibed in sedion3.4. The compo-

gition of the attribute and informaion gain vedorsis simmarizedin Table4-1.

Table 4-1: Attribute and Information GainVeadors

Attribute Vector Information Gain Vector
Height, value and certainty Frontier

Traversability, value and cer- Increase Map Certainty,
tainty weighted by traversabili ty
Readabili ty Determine Reachable

The create traversabili ty maps exploration task was performed onthe aater world shown
in Figure 4-2. The crater world is 300m x 300m and hes aflat groundwith dscrete rocks
protruding from the surface. Some rocks are small enoughto be driven ower, others are
not. The aater world also hes alarge, shallow crater in the north west corner of the map.
The aater is uurrounced by an urtraversable, low mound d debris. The moundis large
enoughto prevent the roba fromdriving ower it but low enoughthat therobd’ s sensor can

see over top d it. A small opening in the northern part of the moundallows acces to the
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interior of the crater which gradwally slopes down for two meters. A five meter tall spireis

locaed in the center of the aater.

The exploration was performed in the crater world using four different sets of weights for

the threeinformation metrics. The weights are the a; multi pliers from equation (3.1) that

are used to dencte the relative importanceof the informaion metrics when @mputing he

total expeded information gain in a map cell. The weights used for the four runs awed
in Table 4-2. Each of the weight sets were run from one of five different start locations

indicated bythe letters A through Bn Figure 4-2.

Table 4-2: Information Metric Weights for Four Runs

Information Metric Run 1 Run 2 Run 3 Run 4
Frontier 0.33 1.0 0.0 0.85
Increase Map Certainty weighted by Traversability | 0.33 0.0 1.0 0.15
Readability 0.33 0.0 0.0 0.00

4.2.2 Results

The complete results from all four exploration runs from all five starting paitions can be
foundin Appendix A. Sample results from starting point A of the four exploration runs
can be foundin Figure 4-3 through Figure 4-6. In al smulation runs the exploring roba
started with a completely blank map, i.e. no a priori information abou the environment.
The figures show the values of the map attributes height (bath its value and its certainty),
traversability and reatability. The traversability certainty is nat included in the figures
sinceit isvery smilar to the height certainty map. Each pixel in theimage isasingle map
cdl. On the height image, the path taken by the exploring roba is drawn in white. The

small white x’s on the map indicate where a sensor reading was taken.

On the height and height certainty figures, the centers of some large rocks are bladk. This
is because the rocks are taller than the sensor head and thus the robot cannot seg the top
of the rocks. The blad indicaes no cita in these cdls. These &lls are dso bladk onthe
traversabili ty maps, indicating that the terrain is untraversable. On the reachability maps

however, the cell sin the center of these large rocks are grey. Since toba has no knawl-
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(b)

Figure 4-2: Crater world smulation environment. (a) Elevation map - whiter cells are
higher elevations. The |ettersindicate the five starting positions used in the
simulations. (b) Edge map. It is difficult to see the low rocksin (a) so this
edge map isincluded to help the reader understand the environment.
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(c) Traversahility (d) Reachahility

Figure 4-3: Run 1a Path Results. Results of the traversability map creation exploration
in the crater world simulation environment with all three information
metrics weighted equally. In al images larger values are whiter. In the
height and height certainty only, black indicates no data. Traversability
certainty is similar to the height certainty image. Notice the high certainty
around the crater rim and most rocks.
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(c) Traversability (d) Reachability

Figure 4-4: Run 2a Path Results. Results of traversability map creation using only the
frontier information metric. In all images larger values are whiter. In the
height and height certainty only, black indicates no data. Traversability
certainty is similar to the height certainty image. Compared to exploration
with all three information metrics equally weighted, sensor readings are
taken at fairly regular intervals. Certainty around the crater rim and rocks
not as high asin previous example.
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(c) Traversability (d) Reachability

Figure 4-5: Run 3a Path Results. Results of create traversability map exploration
using only the information metric increase map certainty weighted by
traversability. In all images larger values are whiter. In the height and
height certainty only, black indicates no data. Traversability certainty is
similar to the height certainty image. Notice the much higher density of
sensor readings than previoustwo examples. Also notice the lower sample
density in the benign region to the south west of the crater (north is up).
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(a) Height

(d) Reachability

Figure 4-6: Run 4a Path Results. The addition of a small weight to the Increase Map
Certainty Weighted by Traversability causes the explorer to examine
obstacles more closely than in run 2 which only used frontier. However it
does not take samples as often asruns 1 or 2.
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edge of these cdls, the probability of these cdls being reachable is 0.5 which is drawn as
grey.

The results of the run 1a experiment, where dl threeinformation metrics are weighted
equally, is shown in Figure 4-3. This presents a very balanced exploration of the aater
world. The roba covers a lot of ground quickly, viewing most of the environment. By
comparing the bladk areas (very low traversability) in the traversability image with the
height certainty image it isapparent that most low traversability regions have be@ sensed
with high certainty (the white regions in the height certainty map). The roba is too short
to seethe tops of some of the larger rocks which iswhy the eenters of these rocks appea
as no dhta in the height certainty map. This effort to seepoa terrain well is very visible
aroundthe large rock immediately south west of the aater and the two large rocks to &
south of the aater. These rocks were ootal for the robot b see owr and © the robottook

sensor readingson al sides of the rocksto view their extent.

Anather point of interest in the run la experimental results is the path taken by the roba
aroundthe aater rim. The roba follows the crater rim, both onthe inside and outside and
takes many sensor readings. There are wo reasons for the robot’s interest in tihae rim.
First, the rim is an olstade and as such the roba wants to be certain abou it becaise of
the increase map certainty weighted by traversability information metric. The secondrea
son is the determine reachability information metric. The roba first followed the outer
side of the rim. The rim is an obstacle, but is low enoughto seeover and into the crater.
Theroba can thus esometraversable terain inside the crater which it thinks is unreach
able. The roba’s knowledge of the crater rim ends at the elge of its sensor footprint so the
roba explorer does nat know if the aater rim continues or ends. Therefore the determine
unreachable information metric draws the roba alongthe aater rim to where the roba’s
knowledge of the rim endsin the hope of finding a path to the traversable terain inside the

crater.

Theresults of the run 2a experiment (Figure4-4) showshow therobot explored the crater

world with only the frontier information metric. This exploration would be similar to that

52 Autonomous Surface Exploraton for Mobile Robots



Smulation Results

found in the methods of Y amauchi [75] and Simmons et a. [58]. Since the frontier infor-
mation metric has non-zero values only on the boundary of the known world, the explora-
tion took sensor readings at fairly regular intervals corresponding to the senor range. As
with run la which used three information metrics, run 2a did explore most of the map
(although it failed to enter the crater). However, comparing the height certainty imagesfor
runs la and 2a shows a major difference both in the genera quality of knowledge of the
environment but run 2a does not make any effort to get high quality data of poor travers-
ability regions. In contrast to run 1a, run 2a only sees the large rock immediately south

west of the crater from a distance and does not even see the entire crater rim.

The run 3a experiment (Figure 4-5) goes to the other extreme and shows an exploration
run which only considers increasing map certainty weighted by traversability. As in run
1a, extra attention is given to the crater rim and the large rocks. However, without the
frontier information metric trying to push the robot to the edge of the known, run 3atakes

many densely packed sensor readings.

The run 4a experiment (Figure 4-6) uses primarily the frontier information metric but adds
asmall amount of the increase map certainty weighted by traversability information met-
ric. As expected, this exploration covers ground more quickly than runs 1a or 3a and the
addition of a small amount of increase map certainty weighted by traversability causes the
explorer to examine some obstacles in more detail than was found in run 2a. Note how the
explorer pays specid attention to the outside of the crater rim and the large rocks to the

south of the crater. However, unlike run 1a, run 4a does not enter the crater.

To quantitatively compare the experimental runs it is useful to look at theamount of infor-
mation contained in the final maps of each of the exploration runs as well as to compare
the exploration path lengths and number of samples taken. To analyze the information
content in the final maps, three information measures are used: height information, Iy,
height information weighted by traversability, ly,, and reachability, I,. These three infor-
mation measures roughly correspond to the three information metrics used in the explora-

tion.
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The equationsused to compute the map informaion contents are:

Iy = ach (4.1)
Om‘ifmap
Ly = Z w(a") Cag, (4.2)
Om‘ifmap
| = z (1-ENTROPY(a")) (4.3)
Om‘in map
where ay , a; and ae the height certainty, traversability and readability of cdll ~ mas

defined in section 3.3. ENTROPY( ) isthe information theoreticrgropy d abinary valued
variable as defined in equation (2.1). Finally, w( ) isthe same traversability weight parab-
ola used in the increase map certainty weighted by traversability information metric (see
section3.4.2).

The map information contents for the four experimental runs at each starting location can
be foundin Appendix A. Table 4-3 summarizes this data by providing the average infor-
mation content for ead experimenta run. The average for eat run is compued ower the
five staring location. The graphs in Figure 4-7 show the total map information content for
ead run where the total information content is computed by summing the three informa
tion scores (equations (4.1)-(4.3)) with the same a; weights used in summing the informa-
tiongains (seeTabl e4-2). Finally, the costs of each exploration can befoundin Appendix
A and the arerage wsts for eat experimental run are presented in Table 4-4 below. The
normalized peth length is the total path length of the explorations divided by the largest

dimension of theenvironment size, in this case 300 m

Table 4-3: Create Traversability Map Average Exploration Gains

Run 1 Run 2 Run 3 Run 4
Final Map Information (kbits) (kbits) (kbits) (kbits)
Height Information 74.4 584 820 67.3
Height Info weighted by Traversability 1114 8.1 130 9.76
Reechability Information 67.3 64.8 745 65.1
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Figure 4-7: Information gained vs. scan number. Graphs dow  how the total
information contained in the roba’s map increases with each sensor scan.
The four graphs correspondto the four information metric weights used.
Eadh gaph hes five plots correspondng to the five starting locations (A
throughE). The total information is computed to reflect the weights given
to the information metrics during the exploration. (a) Total information is
computed as 0.33*I, + 0.33*l,, + 0.33*],. Note that the plot which is
different than the other four corresponds to the starting location E, inside
the crater. In this case, the roba gets bogged down looking at the aater
instead of quickly finding rew terrain. However, once outside the crater,
the exploration reavers. (b) Total information is computer as |, (c) Tota
information computed as Iy, (d) Total information is computed as 0.85*1,
+ 0.15*1 4,
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Table 4-4: Crede Traversability Map Average Exploration Costs

Exploration Costs Run1 Run 2 Run 3 Run 4
Path Length (meters) 4006 2084 6303 3146
Normalized Path Length 134 6.9 210 105
(path length / site side length)

Number of sensor readings 266 90 462 175
Avg. Distance between Sensor Read- 151 22.9 137 180
ings (m/scan)

4.2.3 Conclusions

The dowve results show that the multiple information metricsexploration planner is cgpa
ble of performing the Crede Traversability Map exploration problem. The qualitative
results obtained by looking at the final exploration peths between the exploration runs
demonstrate that the information metrics are being used concurrently and are perfgrmi
their intended role. The frontier information metric is pulling the roba to the edge of the
unknownvn and increasing the distance between sensor scans. The increase map certainty
weighted by traversability, on the other hand, causes the roba to focus its attention on
troulde spats and take scans more frequently. This claim is also suppated by the average
distance between sensor readings for the runs fourd in Table 4-4 andin Appendix A.

The quantitative results foundin Tables 4-3 and 4-4 and in Appendix A suppat the quali-
tative analysis of the exploration results. On average, run 2 collected the least amourt of
information in its map for al threeinformation categories but expended much less effort
that the other threeto colled it. Run 3 expended the greatest amount of effort, driving
amost threetimes asfar asrun 2 but it also coll ected the most information. While run 3
colleded more information in the height information category than run 1, it also gained
significantly more information in the increase map certainty weighted by traversability.

On average run 4produces results between un2 and un 1

The graphs in Figure 4-7 how the information contained in the explorer’s map increases

with ead sensor scan. It is remarkable how similar the rates of information gain are for
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each starting location in an experimental run. The one exception is for starting location E
inrun 1 (Figure 4-7(a)). Thisis where the robot starts inside the crater. For the first 25 or
SO sensor scans, this run gainsinformation at a similar rate to the other starting locations of
run 1. However, at this point the robot has viewed most of the crater. It then spends the
next 75 or so sensor scans examining the rough terrain inside the crater more carefully.
This causes the rate of information gain to decrease since it is not seeing new terrain but
rather examining previousy seen terrain more closely. At around scan 100, the explorer
finally leaves the crater and resumes collecting information at a high rate. It is interesting
to note that this pattern did not occur for starting location E on run 4. In this case, the
higher weighting given to the frontier information metric causes to the explorer to leave

the crater more quickly.

The graphs also show that the rate of information gain decreaseswith time, althoughitisa
dight decrease for run 2 (Figure 4-7(b)). What isinteresting isthat runs 1 and 4 gain infor-
mation at essentially two fixed rates. While the reason for thisis not certain, it is possible
that the initial high rate of information gain occurs when unknown areas of the map are
being viewed. The lower rate then takes over when the map is more or less known and the

explorer is examining rough terrain more closely.

4.3 Finding and Viewing Cliff Faces

To demonstrate the flexibility of the multiple information metrics exploration planner to
solve varied exploration tasks, a second exploration problem will be studied. In this case,
the explorer isasked to find a cliff and then to view the face of that cliff. To view the face
of the cliff, the robot must take sensor scans from the base of the cliff. In the example
illustrated below, the exploration robot will start at the top of the cliff. It must determine
where the cliff is, find a way to the bottom and then take sensor readings along the base of

the cliff to view its face.
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4.3.1 Problem Setup

Thefirst step isto determine the composition of the attribute and information gain vectors
needed to solve the specified problem. The attribute vector needs to contain the informa-
tion collected which is pertinent to the problem. Clearly, the height isimportant to record
asthisisthe raw data collected by the sensor. Height is a continuously valued variable and
S0 it has a value and a certainty in the attribute vector. Another important variable to
record is the probability that a cell is part of a cliff. Since the exploring robot is trying to
find cliffs, it should record where it sees them. While this robot isnot trying to createatra-
versability map as in the previous example, traversability will be stored in the attribute
vector, not so much asafinal product but to be used during the exploration when planning
paths. These three attributes are discussed in detail in section 3.3.

The information gain vector is determined by the goals of the exploration. Clearly, the
robot needs to view unseen terrain and it needs to view cliff faces. Thus two elementsin
the information gain vector are the frontier and the viewing cliff faces information met-
rics. Another information metric which may prove to be useful is the seek lower elevations
metric. Since the robot istrying to view the face of acliff and it must do this from the base
of that cliff, there is value to the robot to go to locations which are lower in height or ele-
vation than its current position. Therefore the information gain vector used in this problem
contains the elements: frontier, viewing cliff faces and seek lower elevations. These met-
rics are detailed in section 3.4. The weights of each information metric (the a, multipliers
from equation (3.1)) used were: 0.2 frontier, 0.7 viewing cliff facesand 0.1 seek lower ele-

vations.

The finding and viewing cliff faces exploration was performed on the cliff world shown in
Figure 4-8. Theworld is 300m x 300m in extent with acliff ranging from 30 to 15m high
winding from the north east corner to the southern edge of the map. A path to the cliff base
isfound approximately in the center of the cliff. Asin previousimages, the whiter a pixel

the higher its elevation. The cliff is not perfectly vertical and the distance from the top of
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Figure 4-8: Cliff world. Elevation map of the cliff used in simulation tests of the cliff
exploration.

the cliff to the base of the cliff, in a direction normal to the cliff face, varies from one to

three meters.

4.3.2 Results

The results of the exploration of the cliff are shown in Figure 4-9. Each pixel in theimages
corresponds to one map cell. The robot started its exploration on the southern edge of the
map and is at the top of the cliff.

From the top of the cliff, the robot cannot see the bottom. Instead it notices a large region
where it thinks it should see something (i.e. nothing in its map is blocking or shadowing
thisregion) but it does not. The robot calls thistype of terrain, perceived terrain, its sensor
has gone through that region but no returns or measurements were made. The most likely
cause of this perceived terrain is a negative obstacle or hole. The robot then hypothesizes
that the reason for this perceived region isacliff and that the robot is on the top. Next, the

robot follows along the cliff edge due to high information gains from the cliff information
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(b) Height Certainty

(c) Probability of being a Cliff

Figure 4-9: Cliff explorationresults. () Height map with the eploration path
superimposed. The small x’s indicate sensor scan locdions. (b) Height
certainty. Notice hat te exploration has high cettainty (whiter cels) along
the cliff. (c) CIliff attribute. Probability of a cdl being part of the diff.
White cdls are high pobability, black cdls low probability, grey is 50%
probability, indicating noinformation.
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metric. Eventually, the robot finds the path down and takes it, aided by the seek lower ele-

vations information metric.

4.3.3 Conclusions

The robot explorer successfully explored the cliff world, viewing the entire face of the
cliff. The robot was able to postul ate the existence of the cliff from the top, without being
able to see the bottom and follow this potential cliff until it found aroute to the base. Once

at the base the robot then proceeded to drive along the cliff face and take sensor readings.

This example, which is much different in purpose and structure than the create traversabil-
ity map example above, also illustrates the flexibility of the multiple information metrics
exploration planner to perform different exploration tasks by appropriate choices of the

attribute and information gain vectors.
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CHAPTER 5 Fldd R@JItS

The previous chapter showed the @pabilities of the multiple information metric explora-
tion danner in smulation. While the simulations demonstrated the functionality of the
approad, they were performed in hand drawn worldsand did not corsider sensor or pos-
tionnoise. This chgpter demonstrates the ability of the multi ple information metric explo-

ration planrer to explore ared cliff usng real sensor data.

5.1 Experimental Setup

The terrain sensor used in the experiment was a laser scanner from Zoller + Frohlich
(Z+F) [29]. The Z+F laser sensor can scan 360 cegeesin azimuth and +30 degreesin ele-
vation with areading taken every 0.045 degrees in azmuth (for atotal of 7999 readings)
and 0043 cegrees (for atotal of 1400readings) in elevation. The Z+F laser has a maxi-

mum range of 25.2m with arange resolution of 0.38mm.

The laser was placed ona cat which was instrumented with differential GPS for position
information and a compass and inclinometers for heading, roll and gtch information (see
Figure 5-1). Using the pose information, ead laser scan was converted to a global refer-
enceframe and @mbined into asingle global map used for planning the exploration paths

The cat also held a computer to read the laser scan and a second computer to run the
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Figure 5-1: Experiment Platform. The brass colored cube on top isthe Z+F laser.

exploration planner. All processing was done on-board the cart and only power was off-

board.

A push cart provided an ideal platform to test the exploration planner. The cart was large
enough to hold al of the computers and sensors needed for the exploration. Using the cart
rather than a full robot, such as Nomad [71], allows the exploration planner to be tested
without the complications of low level motor controllers and local navigation planners
such as Morphin [57]. Several other investigations have shown that it is possible to com-
bine a grid based planner with a local navigator so the simplification of using a cart is

valid for the purpose of testing the exploration planner [22][59].

The exploration planner used three information metrics: frontier, viewing cliff faces and
seek lower elevations which are described in more detail earlier in this document. The
weights of each information metric (the o; multipliers from equation (3.1)) were: 0.2
frontier, 0.7 viewing cliff facesand 0.1 seek lower elevations. The attribute vector used for
the experiment had elements for probability of cliff, height and traversability. Height and

traversability were continuous valued variables with a value and a certainty. It should be

64 Autonomous Surface Exploraton for Mobile Robots



Field Results

Figure 5-2: Test site.

noted that the information metrics and weights used here ae identical to those used in the
simulation experiment. In fad the exploration gannercode used for the field test is identi-
cd to that used in the smulation. Theonly changs needéd in the architecture of Figur e4-
1 was a laser driver for the Z+F laser to replace the simulated laser and a process to enter

the cart pose to replacethe smulated controll er.

The experiment was performed at a @al strip mine operated by Fieg Brothers Coal in
Somerset Co. Pennsylvania. The mine is a large hale approximately 15m deep and 35n
wide (see Figure 5-2). The diagordl line of dark rock in the lower midde part of Figure 5-
2 is the route to the bottom of the cliff. In general the ground was comprised of hard
padked soil, except alongthe top d the cliff andright along the kase of the cliff where the

soil was soft, making it difficult to move the crt.

5.2 Experimental Procedure

The procedure used to explore the cliff was asfollows. First ascan wastaken with the Z+F
laser. The scan was tagged with the cat’s pase and converted into a digital elevation map
(DEM) based in the global coordinate frame. The DEM was then merged into the existing
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map of the exploration planner with the elevationsin the DEM corresponding b the height
variable of the attribute vector. Asin the simulation experiments the height certainty was

determined by the number of laser readings from the aurrentscan faling in the ma cell.

With the data from the new scan in its map, the exploration planner computes the nforma-
tion gains for the frontier, viewing cliff faces and go devn information metrics. Next the
planner uses the greedy panning strategy to find the path to the next scan pant which
maximizes the utility as computed by eqution (3.2). The positi on of the next scan paint is

then drawn on the map and reported to the human experimenter.

With the pasition d the next scan padnt ready, the crt is manually moved to a spot close
to the desired position. An autononous robd, especially a large non-holonamic robotlike
Nomad, is unlikely to arrive exadly at atarget waypoint. Therefore, the cat was maneu-
vered to the general regionwithin 1or 2 meers of the desired scan pant. Oncein place, a

new scan was commanded and the process repeated.

The Z+F laser can scan £30 degrees in elevation. Since the scanner is mourted approxi-
mately 1.5m above the ground each scan has a hde of no data aoundthe crt. After the
first scan, all possible paths must pass through this unknowvn region so the planner is
unable to choose any paths with pasitive utility. To overcome this problem, the cart is
moved ouside the no data hole and ancther scan is taken. Thus the exploration danning

doesnat start until after the secondscan. Thisprocessisill ustrated in Figure 5-3.

5.3 Reaults

The results of the cliff exploration are shown in Figures 5-4 through 57. In the figures of
the exploration planner’ smap, higher elevations are whiter with black beng unknawn ter-
rain. In the information gain maps, a higher information gain is whiter. The +s on the
maps are the desired scan locaions and the X’s are the adual scan locations. The linecon-
nedingthe x’sisastraight lineapproximation of the path driven by the crt. It closaly fol-
lows the actual cart route except at theturn onb thedownward path where the straightline

approximation cuts the corner.
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(b)

Figure 5-3: First laser scan. Notice the hole in the center where no data is collected
from the sensor. With no data around the robot the planner cannot find any
traversable paths. The sensor is manually moved outside the hole (as

shown in figure b) and a second scan is taken. The circle in the figures is
the robot.
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Figure 5-4(a) shows the height attribute of the exploration planner’s map after the second
laser scan. As described abowve, two scans were needed before the planning could start. In
the map, the cliff is along the lef edge of the white regon. The cart ison arise which runs
alongthe diff edge so the terrain onthe right side of the map is a little lower than that in
the center. Figure 5-4(a@) also shows the results of the first planning step. The planner
wishes to travel south, foll owing the edge of the diff. The computed pasition d the next
scan is indicaed with a +sign. Figure 5-4(b) shows the information gains for this ssme
map. Notice the high information gain near the mmputed destination. The information
gain is high here due to high information gains in bah the frontier and view cliff faces
information metrics. There is aso aregion d high information gain onthe frontier along
the diff edge to the north o the cart. Thisis ancther possible diredion to seach for the
path to the bottom.

Figure 5-5(a) shows the height map afew scans later. The cliff is still visible alongthe I&t
side of the map and is garting to curve to the east. This isthe edgeof the @th to thebot-
tom, part of which can be seen as the isolated white blobs to the bottom of Figure 5-5(a).
The planner decides to continue foll owing the cliff until the scan shown in Figure 5-5(b)
where the head dof the path down to the diff base becomes fully visible. At this point, the
go davn information metric adds itsweight to the frontier and viewing cliff facesinforma-
tionmetricsto attrad the cart down this path. The computed scan pantin Fgure5-5(b) is

several meersbelow the previous sans and starts the cart on the way to the cliff bottom.

The exploration danner continued to gude the cart down to the diff base and then along
the faceas shown in Figure 5-6. This figure shows the ammplete exploration path and the
map at the end d exploration. It shows that the multiple information metric planner is
cgpable of guiding aroba to the face of a diff. The technique is robust enoughto handle
sensor and position noise and can even cope with errors in sendnglocations. The explora-

tionpath is superimposed orto apicture of the cliff in Figures-7.
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(b)

Figure 5-4: Result of first planning step. () Map after the second scan. The +
indicates where planner wants to take next scan. (b) Information gains.
Notice high information gain at edge of cliff and unknown.
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(b)

Figure 5-5: Finding the path to the cliff base. Figures show the height attribute on the
left side and the total information gain on the right side. (a) Sensor is
detecting parts of a possible path to the base. (b) A couple of scans later,
the head of the path is more fully seen and the planner decides to
investigate further.
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Figure 5-6: Final explorationroute. Higher elevations are whiter in color. Black is
unknown terrain. The +sindicate scan pasition requested by the planner.
X'sare the actual scan locations. Thelineis astraight line approximation
of the path between scan pants. It closely approximatesthe adud pah of
the sensor except aroundthe turning pont where it cuts off the corner.
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Figure 5-7: Final Exploration Path. The general path taken by the robot is
superimposed on the image of the cliff.

5.4 Conclusions

The results demonstrate that the multiple information metrics exploration planner is capa-
ble of successfully completing the finding and viewing cliff faces exploration problem in
the real world with real sensor and localization noise. Further, since the same exploration
planning software was used in both the simulation and field cliff demonstrations, these

results lend validity to the other simulation results.

In the field tests the cart was not placed at the exact spot requested by the exploration
planner. Instead the cart was moved to a spot close to the planned sensor location and the
sensor scan was taken. This experimental procedure was adopted based on experience
with actual field robots that combined global planners with local navigation [37]. In these
systems, the robot rarely achieved the exact waypoint specified by the global planner due
to the competing directions from the local planner as well asthe vehicle kinematics which

made some motions difficult. The fact that the multiple information metrics exploration
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planner was able to handle these errors in waypoint tracking and still successfully explore
the cliff faceisasign of robustnessin the planner and indicates that it might work well in

other explorations on real robots.

However, it is possible that these sensor scan positional errors introduced an experimental

biasin the results and that if the cart had been placed on the desired scan points the explo-
ration would have failed. This seems unlikely for several reasons. First, the positional
errors are on the order of two meters in most cases which for a sensor with a radius of 20
meters means that what is seen from the actual and desired scan pointsis mostly the same.
Further, given the actual and desired positionsin the experiment, in no case is what would
be seen from the actual scan location significantly different than what is seen from the
desired location. Finaly, at no point in the exploration does it appear that the desired sen-
sor location is diverting the robot away from the cliff and the actual location has been cho-
sen to pull the robot back into the diff. Infact it is quite the opposite with the actual scan

location in many cases further from the cliff than the desired.
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CHAPTER 6 Conclusons

This thesis presents a novel methoddogy for solving complex exploration tasks that com-
bines multi ple information metrics to gude aroba explorer in coll ecting the most infor-
mation abou the environment. Theinformation metrics used to explore, andultimately to
determine what was important in the environment, depend onthe exploration task to be
solved. The methoddogy also explicitly considers the cost of colleding the information
and dans paths which maximize the utility, or the information gain minus the @lledion

costs, of the exploring robd.

The thesis details sveral possible attributes for the roba’s map or knowledge database
including traversabili ty, reatability and probability of being pat of a cliff. Severa infor-
mation metrics are dso developed to ill ustrate how information metrics are defined and
are used in later exploration examples. The information metrics defined are: frontier,
increase map certainty weighted by traversability, determine readability, view cliff faces

and se&k lower elevations.

To demonstratethe feasibility of the rultiple information metricsexploration planner and
how it can be gplied to dfferent exploration problems, two exploration tasks are com-
pleted in smulation. The first, Creae Traversability Maps, creates maps of an unknavn

regionwhich tell the robothow safeit isto drive in each area Spedal attention isgiven to
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making the maps acarate in and aroundunsafe areas, and the ability of theroba to drive

from agiven start cell to anather cdl, the cell’ sreachability, is also determined in the map.

The Create Traversability Maps problem builds a map with attributes: height, traversabil -
ity and reachability. It also uses the information metrics: frontier, increase map certainty
weighted by traversability and determine reachability which are developed in this thess.
The dfeds of weighting the threeinformation metrics differently is ill ustrated and com-

pleted traversability maps are presented.

The second exploration task performed in simulation is the Find and View Cliff Faces
task. In this problem the roba isasked to find acliff in the environment and view theface

of the cliff. The roba darts at thetop of the cliff, where the faceis nat visible,and hato
find its way down to the cliff base andthen travel alongthe cliff face. The Find and View
Cliff Faces problem builds a map with attributes: height, traversability and probability o
being acliff whichare similar to thase used in the aeate traversabil ity maps problem. The
information metrics used are: frontier, view cliff faces and seek lower terrain. This exam-

ple shows that by using dfferent information metrics and map attributes the multiple
information metrics exploration methoddogy can be applied to different exploration prob-
lems.

To demonstrate its ability to hande red world data and nase the multiple information
metrics exploration planner is tested in a realenvironment. Theplanrer isconnected to the
Z+F laser sensor and asked to perform the Find and View Cliff Faces exploration problem
onared cliff. Using the same exploration planning code ugd in the simulated cli ff explo-
ration and just changingthe laser driver and vehicle controller modues, the multi ple infor-

mation metrics exploration planrer successfully exploresa real diff.

6.1 Contributions

This thesis has made several contributions to the field of autononous exploration.
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* Presentation d a general methoddogy for performing autonamous exploration.
This methoddogy allows the eploring roba to consider more than ore thing
while exploring and explicitly considers the cst of gathering information while
exploring. Further, the aiteria of exploration are eaily changed in the presented
framework. This alows the method to be easily adapted and applied to many
diverse exploration problems. The methoddogy was developed for surface eplo-
ration d rugged, outdoar terrains and the examples provided performed explora-
tion in this type of environment. However, the multiple information metrics
exploration methoddogy is applicable to a much broader set of environments and
exploration tasks than thisthesis considered. Provided that the environmentcan be
adequately represented in a grid based map, the @sts of exploring can be quanti-
fied and the exploration gals can be expressed as the weighted sum of informa
tion metrics, the multi ple information metrics exploration methoddogy shoud be
applicable. Indeed, the methoddogy was successfully applied to an indoa world

to perform the createtraversability maps exploration problem [38].

* Applicaion of information and dedsion theories to the problem of exploration. By
expressing the information metrics in terms of the expeded information gain, a
common urit, the bit, is applied to the very different criteria used in the explora-
tion. By expressng al of the @sts in unts of seconds, the expression for roba
utility only contains two dfferent units — bits and seconds. These units are com-
pared with the value of information parameter which hes the physicd interpreta-
tion of how many secondstheroba is willing to spendto gan 1 bit of information.
Thus the approach used in thisthesis has sgnificantly redued the number of hand
tuned constants needed to convert disparate units.

* Implementation d the multi ple information metrics exploration ganner to multi-
ple exploration tasks. The implementations in this thesis nat only demonstrate the
validity of the goproach bu they also solve important exploration problems. The
credaion d atraversability map of an unknavn area is a classic problem in robot

ics, particularly in field robatics where traversability isnaot just a binary traversable
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or not quantity. The introduction d the concept of having geater certainty nea
poa terrain is an interesting twist which provides maps that are more useful tha
conventional traversability maps. The second example, find and view cliff faces,

has great potential in the seach for water and life on Mars.

* Demondtration d the exploration d a red cliff. The find and view cliff faces
example was implemented using a reallaser sensor on ared cliff. Thisdemonrstra-
tion in the field proved that the multiple information metrics exploration gdanner

can function onred, noisy data.

6.2 Future Work

This thesis developed a novel method for exploring rugged, outdoar surfaces and applied
it to two important exploration problemsin simulation. The methodwas also validated in a
field experiment which explored a cliff finding and rearding the faceof the diff. How-
ever, there ae Hill i ssuesto be resolved and further research to be doeto expand the mul-

tiple information metrics exploration planner.

6.2.1 Considering Robot Heading and Limited Field of View Sensors

The current implementation of the methoddogy only considers sensors with 360°fieldsof
view. This limitation was imposed to remove the need, when cdculating the expected
information gains and planning exploration pahs, to consder roba heading and thus sg-
nificantly reduce the computation required. However, not al roba sensors have a360°
field of view and the genera methoddogy presented in chapter 3 dces nat require this

restriction.

The eaiest way to extend the aurrent implementation to handle limited field of view sen-
sors is to increase the dimensions of the roba’s map to include heading. Currently a 2D
grid map is used to map the roba’s x and y paitionto aunique ceél. By using a 3D map
the robat’s X, y and heading can be mapped to a unique cdl. Given the sensor field of

view, the expeded information gains for ead passible heading at an x, y locaion can be
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cdculated. Then the path panner would generate apath that not only specified the xy

locations but also the headingsin those locaions to maximize utility to the robat.

Extending the dimension d the map greatly increases the amourt of memory required.
However, ead map cdl has two vedors, the attribute vector and the expected information
gain vedor. In genera, the dtributes vector contains items such as height, reachaility and
probability of being a diff, which are independent of robot heading. Therefore instdad o
smply adding an entire new dimension to the map it is possible to orly extend the
expeded information gain vedor in this new dimension. This will reduce the memory

required withou loosing any functionality.

Ancther posshility for handing limited field of view sensors was proposed by Youres
[77]. In this method the expected information gansand the exploration path are computed
assuming a 360° field of view sensor. Next, in ead cell requiring a sensor realing, the
expeded information gains are reamputed for all passible headings. The heading with the
largest expeded information gain is the one used for the sensor reading. This approach
greatly reduces the anourt of computation and memory required bu the st isalossin
plan quality. Some cdl swith alow expeded information gain for a360°field of view may

adually have very high expected information gains for particular headings

6.2.2 Considering Multiple Sensors

Most roba explorers have more than ore sensor. For example, in Antarctica Nomad had a
laser scanner, high resolution color camera and a spedrometer [69]. Each sensor coll ects
different types of information, has a different field of view and hes a different cost to use
it. An exploring roba must therefore choos which sensor to use and when to use it when

exploring aregion.

The multi ple information metrics exploration danner can be easily extended to consider
multiple sensors. Instead of one expected information gain vedor, the map now needs to
have one expected information gain per sensor. Thus each nsor has its own set of infor-

mation metrics which are cdculated based in the field of view, range and oter charader-
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istics of that sensor. At each cell the planner will then know how much information it can
gain from taking a sensor reading with a particular sensor. The different sensor deploy-

ment costs can also be taken into account in the cost part of the utility equation.

One difficulty in this approach could be comparing the value of information from each
sensor. Ideally, the information metrics will be designed in such a way that one bit of
information from sensor A is equivalent to one bit of information from sensor B. How-
ever, in thereal world, this may not always be possible. In this case, each sensor can have
its own value of information parameter, converting its expected information gains into

units of cost.

6.2.3 Representing Information Gain of Continuous Valued Variables

In implementing the methodology outlined in this thesis it is necessary to compute the
expected information gains for the various information metrics used in an exploration
problem. From information theory the information gain can be found by looking at the

change in entropy (see equation (2.1)).

For information metrics which depend on binary or discrete valued variables computing
the entropy is quite smple. In fact this was used for the information metric determine
reachability which used the binary valued variable reachability. For continuously valued
variables, such as height, the computation of entropy is more difficult. Equation (2.2)
shows that to calculate the entropy of a continuous value variable the probability density
function must be known over the entire range of the variable. Further, for some probability
density functions the entropy could be negative or infinite causing great difficultiesin the

interpretation of continuous variable entropy.

In this thesis the probability density functions of continuous variables are not computed
and thus the information metrics based on these continuous variables, such as frontier, are
not true information gains from an information theoretic point of view. Instead of the
probability density function a value called certainty is used to indicate how accurate or

reliable the value assigned to that variable is. For example a cell might have a height of
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20m with a certainty of 70%. This certainty is not a probability but is a confidence mea
sure andis being wsed much like an entropy score in thisthesis (in fad it is being wed as
one minus the entropy for information caculations). Using this confidence a an entropy
isan abuse of notation bu it does work fairly well in pradice (seethe examplesin chap-
ters4 and 5aswell as[37], [38] and[39)]).

Since the real formula for entropy d a continuows variable is known, why na use this
when computing the expected information gainslike the frontier information metric? One
reason isthat continuows entropies may be negtive or infinite. Fortunatdy these degener-
ate cases usialy ony occur when somevalue of theprobability density functionis greaer
than ore [49] and with physical variables guch as height this is unlikely to happen if the
probability density function computed reflects redity. This brings up ancther reason con-
tinuous entropies are difficult to use in practice— computing he true probability dendty

function, given the sensor measurements, isin gereral difficult.

Consider the laser scanner sensor used in this thesis and the @ntinuous variable height.
Before the first laser scan is taken, the prior probability density function must be dosen
for the height variablesin each map cell. This might be aflat line, indicating equal proba-
bilities for every possible height, or it might be generated from an a priori model of the
environment. With each laser scan, two types of information can be gained to ater the
probability density functions in each map cell. First, lasers will pass throughsome lls
withou hitting anything. Given the height of the laser passng throughthe cell the proba
bility that the cdl height islessthan the laser height increases. The second casa iaser
hits something in a cdl. In this case the probability that the height of the cdl is greaer
than the laser height increases. If some of the lasers in a scan hit a all and some pass
throughthe same cdl, afairly accurate picture of the true cdl height enmerges. The effects
of alaser scan on the height probability dengty function for a particular cell are shown in

Figure 6-1.

The probability density functionsin Figur e6-1 are just sketches, exactly what Sope © use

in figures (b) and (c) aroundthe measurement points is not entirely obvious. The images
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Figure 6-1: Updating probability density function. (8) A priori probability density
function for height variable in cell m. (b) Updated probability density
function based on a laser reading at height x; passing through cell m
without hitting anything. This indicates that the height of cell m is less
than x;. (c) Updated probability density function (from a priori density)
based on a laser reading at height x, hitting something in the same cell, m.
This indicates that the height of cell m is greater than x,. (d) Combining
information from probability density functions (b) and (c) for cell m.
Based on these two laser readings in the cell, the probability of the height
being between x, and X, ismuch greater than for other values.
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also dorit accourt for noise, the paossibility of overhanging terrain (such as caves) or the
paossibility that particulate matter, such as dust or snow, in the ar will generate areturn
signal [37]. However, the figure does ill ustrate how one could gererate aprobability den-

sity function for height and then updateit using sensor information.

The problem with using a probability density functionin pradice is in storing and repre
senting it. It is unlikely that a dosed form representation for the functions ill ustrated in
Figure 6-1 can be foundand even if it could it is unlikely that the representation could be
maintained and updited as more data is added with ead scan. One alternative isto ds-
cretize the distribution. This is equivalent to dscretizing the variable and wsing the dis-
crete entropy equation. This does reduce acoracy but more importantly it grealy
increases the storage space required because this discretized distribution mug be recorded

inall map cells.

While using the cmplete probability density function for continucs valued variables
would make the methoddogy presented in this thesis more theoreticdly soundfrom an
information theory paint of view, it isunclear if thiswould significantly improve the per-
formanceof the exploration path planning. Uncertainties in determining probability priors
and loss of accuracy in discretizing the density function mean that at best an approxima-
tion d the true probability density function is used. Combined with the cost of storing a
density function in every map cell, for every continuous variable, may make the use of

complete probability density functions impractical.
6.2.4 Planning Beyond the First Sensor Reading

Thisthesisimplemented a grealy search technique o plan exploration g@hs up to the next
sensor reading. Using the greedy planner was justified becase oneproperty of the explo-
ration was to colled information as quickly as passible. However, the greedy planner’s
short term planning haizon daes produce paths which are less efficient over the entire
exploration than might be passible with a planner that planned sequences of sensing

adions.
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The major impediment to developing a planner which plans multiple sensor readings is
that the expected information gains in neighbaing areas are dependent on ead ather.
Plans are path dependent — planning the next step not only depends on where you are but
how you gd there. The reason the information gains are dependent is that they are com-
puted from the current map. Oncea £nsor reading is taken, the map changesand © dothe
information gains. Therefore not only doesa longrangeplanrer neal toplan pah depen-

dent paths, which is a very large seach space, it must also be ale to reasonably predict
what each planned sensor reading will sense. This neal to predict what will be seen, so
that the new information gains can be @lculated, makes planning paths past the first sen-

sor reading almost impassible.

One way to plan past the first sensor realing is to group the information gains into large
regions and then plan aroute throughthese regions. By assumingthat the informationgan
in each region is independent from thase in ather regions an ogima path through the
regions can be found bysolving the prize o©lleding travelling salesman problem — each
region isa city and the aggregate informaion gan in theregionisthe prize. The assump-
tion d regional independence halds provided that a sensor reading in one region cannat
see any cell changed byasensor reading in anather region. This assumption $ould hold n
the centers of large regions but becomes less valid as one gets the edges of neighbaing
regions. While thisis still an NP-complete planning problem, if the number of regions is
kept small, the problem may be tractble.

Wheat to doinside aregion and vinen to continuen o thenext region inthis planare two
guestions that neal to be aaswered. Since the problem of information gain dependence
occaursinside the region it makes sense tgethe greedy planner once nside aregion. One
way to determine when to continue on to the next region is to use athreshad on the

amourt of information colleded, once abowve that moveon to tie next region.

A better way to decide when to move onisto look at the rate of information gain. Asthe
roba explores an areait will generally gain alot of information in the early part since it

knowsllittl e of the area Astheroba learns more abou the region there islessto lean and
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so therate of information gain decreases. Once the rate drops below a certain threshold the
robot continues on to the next region of interest. This concept can be formalized using an
area of biology called Foraging Theory [62]. Foraging theory has developed models which
describe how animals forage for food amongst multiple patches of food. Most importantly,
amodel has been derived which, given a set of food patches (imagine berry patches), the
expected gain from each patch and the distance between patches, shows how much timeto
spend in each patch collecting food. This theory has been applied not only in biology to
predict animal movements but also to web browsers to predict document viewing by
humans [47]. Foraging theory could be combined with the region planner to generate a
plan that specifies which regions to visit (like the patches of food) and how long to spend
in each patch. This explicitly takes into account the reduction in rate of information in a

region and gives arule for passing on to the next region in the plan.

The concept of a regional plan sidesteps the issue of information gain dependence and
alleviates the need to predict the results of a sensor scan but still allows the robot to make
some long term plans that guide its exploration. This type of planner might work well in
cases where the robot has some a priori information, perhaps from satellite imagery, about
the environment to explore. If the robot starts with a blank map, as done in thisthesis, then
it tends to have one region of well known data surrounded by unknown areas. In this case
the robot usually has to make decisions about whether to examine the edge of knowledge

closetoits position or to travel to afurther edge.

Another approach to planning beyond the first sensor reading is to predict what a sensor
scan will see. In this case, every time the planner called for a scan, it would predict what
the scan sees to create an estimate map, M’ (t) and then continue to plan based on this esti-
mated map. The estimate could be created using a statistical model of the environment
being explored. This still requires planning paths which are path dependent so the plan-
ning search space is large and it remains an open question as to how well the planner can
predict sensor scans. Further, as one plans more and more scans the quality of the map
estimate will degrade.
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Additional Smulation
Reaults

APPENDIX A

This appendix contains a record of all the smulations run for the Create Traversability
Map exploration initially described in section 4.2. As mentioned there, the Create Travers-
ability Map exploration was run with four different information metric weights which are
summarized in Table A-1. For each information metric weighting the exploration was per-
formed from five different starting points which are indicated in Figure A-1. Each infor-
mation metric weighting was given a different run number (asindicated in Tab |eA-1) and
each starting location was given a unique letter as shown in Figure A-1. In this way each
simulation run can be uniquely identified with a run number and letter. For example, the
run with equal weightsto the threeinformation metrics and starting in the upper right hand

corner of themap is called Run 1c.

Table A-1: Information Metric Weights for Three Runs

Information Metric Run1 Run 2 Run 3 Run 4
Frontier 0.33 1.0 0.0 0.85
Increase Map Certainty weighted by Traversability | 0.33 0.0 1.0 0.15
Reachability 0.33 0.0 0.0 0.00

The quantitative data presented in the next sections include the map information at the end
of the explorations for the categories of height information, height information weighted
by traversability and reachability and were computed using equations (4.1) through (4.3).

Further the total path lengths of the explorations and the number of sensor scans taken are
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Figure A-1:Starting positions of Create Traversability Map exploration. Map  shows
the crater world environment and the letters indicate the five starting
positions used for the ssimulation runs.

presented. The normalized path length is the total exploration path length normalized by
the length of the environment, in this case 300 m, as is presented to give an idea of how
many times the size of the environment the robot had to drive in order to explore the
region. Finally the average distance between sensor scans is presented to indicated how

densely the robot sampled the environment.
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A.1lRunl

Additional Smulation Results

Table A-2: Run 1 Create Traversability Map Exploration Gains

A B C D E
Final Map Information (kbits) | (kbits) | (kbits) | (kbits) | (kbits)
Height Information 71.1 75.4 74.2 79.8 715
Height Info weighted by Traversability 10.5 11.4 11.1 11.3 11.4
Reachability Information 64.8 67.4 67.5 714 65.4

Table A-3: Run 1 Create Traversability Map Exploration Costs

Exploration Costs A B C D E
Path Length (meters) 3408 4199 3984 4878 3559
Normalized Path Length 11.4 14.0 13.3 16.3 11.9
(path length / site side length)
Number of sensor readings 233 254 243 314 285
Avg. Distance between Sensor Read- 14.6 16.5 16.4 155 12.5
ings (m/scan)
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Run 1

(© Traversability (d) Reachability

Figure A-2:Run laPath Results.
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Additional Smulation Results

(a) Height
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(c) Traversability (d) Reachability

Figure A-3:Run 1b Path Results.
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Run 1

(c) Traversability (d) Reachability

Figure A-4:Run 1c Path Results.
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Additional Smulation Results

(c) Traversability (d) Reachability

Figure A-5:Run 1d Path Results.

Autonomous Surface Exploration for Mobile Robots 101



Run 1

(c) Traversability (d) Reachability

Figure A-6:Run le Path Results.
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A.2 Run 2

Additional Smulation Results

Table A-4: Run 2 Create Traversability Map Exploration Gains

A B C D E
Final Map Information (kbits) | (kbits) | (kbits) | (kbits) | (kbits)
Height Information 52.8 59.5 63.3 58.6 58.0
Height Info weighted by Traversability 7.3 7.7 9.6 7.8 8.1
Reachability Information 61.2 66.0 66.5 66.1 64.4

Table A-5: Run 2 Create Traversability Map Exploration Costs
Exploration Costs A B C D E
Path Length (meters) 1519 1997 2622 1915 2367
Normalized Path Length 51 6.7 8.7 6.4 7.9
(path length / site side length)
Number of sensor readings 78 89 103 89 92
Avg. Distance between Sensor Read- 195 224 255 215 25.7
ings (m/scan)
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Run 2

(b) Height Certainty
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(d) Reachability

Figure A-7:Run 2a Path Results.

104 Autonomous Surface Exploraton for Mobile Robots



Additional Smulation Results

(a) Height (b) Height Certainty
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(d) Reachability

Figure A-8:Run 2b Path Results.
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Run 2

(c) Traversability (d) Reachability

Figure A-9:Run 2c Path Results.
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Additional Smulation Results
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(d) Reachability

Figure A-10:Run 2d Path Results.
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Run 2
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(c) Traversability (d) Reachability

Figure A-11:Run 2e Path Results.
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A.3Run 3

Additional Smulation Results

Table A-6: Run 3 Create Traversability Map Exploration Gains

A B C D E
Final Map Information (kbits) | (kbits) | (kbits) | (kbits) | (kbits)
Height Information 79.1 86.7 87.6 75.8 80.9
Height Info weighted by Traversability 12.8 134 13.7 125 12.7
Reachability Information 71.9 78.2 79.8 69.2 73.3

Table A-7: Run 3 Create Traversability Map Exploration Costs

Exploration Costs A B C D E
Path Length (meters) 5791 7100 6997 5527 6099
Normalized Path Length 19.3 23.7 23.3 18.4 20.3
(path length / site side length)
Number of sensor readings 415 506 531 407 452
Avg. Distance between Sensor Read- 14.0 14.0 13.2 13.6 13.5
ings (m/scan)
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Run 3

.
fl =
() Traversability (d) Reachability

R
>

=

Figure A-12:Run 3a Path Results.
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Additional Smulation Results
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Figure A-13:Run 3b Path Results.
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Run 3

(c) Traversability (d) Reachability

Figure A-14:Run 3c Path Results.
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Additional Smulation Results

(©) Traversability (d) Reachability

Figure A-15:Run 3d Path Results.
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Run 3

(c) Traversability (d) Reachability

Figure A-16:Run 3e Path Results.
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A.4Run 4

Additional Smulation Results

Table A-8: Run 4 Create Traversability Map Exploration Gains

A B C D E
Final Map Information (kbits) | (kbits) | (kbits) | (kbits) | (kbits)
Height Information 62.2 65.8 68.2 72.8 67.3
Height Info weighted by Traversability 9.1 9.5 9.7 10.2 10.3
Reachability Information 63.9 64.5 64.8 67.3 65.2

Table A-9: Run 4 Create Traversability Map Exploration Costs

Exploration Costs A B C D E
Path Length (meters) 2708 2799 3247 3965 3012
Normalized Path Length 9.0 9.3 10.8 13.2 10.0
(path length / site side length)
Number of sensor readings 158 154 173 219 171
Avg. Distance between Sensor Read- 17.1 18.2 18.8 18.1 17.6
ings (m/scan)
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Run 4

(© Traversabl I i ty (d) Reachabl lity

Figure A-17:Run 4a Path Results.
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Additional Smulation Results
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(c) Traversability (d) Reachahility

Figure A-18:Run 4b Path Results.
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Run 4

(c) Traversability (d) Reachability

Figure A-19:Run 4c Path Results.

118 Autonomous Surface Exploraton for Mobile Robots



Additional Smulation Results

(c) Traversability (d) Reachability

Figure A-20:Run 4d Path Results.
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Run 4
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(c) Traversability (d) Reachability

Figure A-21:Run 4e Path Results.
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