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Abstract— This paper addresses the problem of robot explo- can then have two very different answers. First, we explore
ration in the context of answering the question, “Why do we in order to find something in the environment. Second,
want to explore?” We show that different approaches to im- we explore in order to be able to easily move from place

proving the performance of the exploration algorithm become to ol ithin th . t Past hin th
necessary depending upon the goals motivating the exploration. 0 place within the environment. Fast research in the area

We also introduce a probabilistic method for exploration with ~ Of robotic exploration has focused almost exclusively on
a single robot that has the ability to easily modify the behavior minimizing the distance traveled by the exploring robo}[12

of the exploring robot to better fit the exploration goals. [6], and thus minimizing the time taken to fully explore the
This method also has the benefit of guaranteeing complete onironment. This is ideal, if our motivation for exploring
exploration of the environment, and of automatically generating lies in findi thi ! th . t ickl
a fully connected and accessible roadmap. 1es I_n Inding somg Ing In the enVIronmgn as quickly as
possible. However, if our reason for exploring focuses more
. INTRODUCTION on navigating through the environment after it has been

The exploration of unknown environments is an extremel§*Plored, there are several ways in which the exploration
important problem in robotics. This task requires one orenor2/g0rithm can be changed to generate a more useful map.
robots to cover an area containing unknown obstacles, while TS paper presents a probability-based approach to
simultaneously learning a model of the environment. RabotiTontier-based exploration. Our approach has its founda-
exploration is useful for exploring areas in which human§Ons in motion planning, and makes use of some of the
are unable to move freely, such as outer space, deep ocegghniques discussed in [7]. It also draws from previous
archaeological sites, and disaster areas. research done in Sensor-Based Random Trees [9], [5]. This

Exploration can be defined as the task of guiding an agefPProach generates a roadmap of the environment as the
in such a way that it eventually creates a map of every reacf2POt explores, which can be used for path-planning once the
able area in the environment. The question then becom&dlvironment has been explored. Our approach is extremely
“How can we make our robot better at exploration?” atflexible, making it easy to change the robot’s behavior based
its most basic level, exploration involves two steps whictPn the application for which the final map is being used.
are repeated continuously until every reachable part of the The remainder of this paper is organized as follows.
environment has been mapped. First, the robot must gathe#ction 2 gives an overview of related work that has been
information about the area visible to its sensors. Seconfone in the area of robotic exploration. Section 3 discusses
based on the gathered information, the robot must moWl approach to exploration, and the problems that our
to a new location in the environment. One of the maifPProach addresses. Section 4 outlines the experimerts tha
challenges in exploration lies in the selection of obséovat Were performed to evaluate the effectiveness of our approac
positions to which the robot moves as it explores. Workand discusses our results. Section 5 presents conclusions
such as [1], [6] show that different mechanisms for selgctinand outlines some potential improvements to our explanatio
interest points can have dramatic effects on the efficieficy §trategy-
exploration algorithms. One type of exploration algorithm Il. RELATED WORK
that has been shown to work well overall is frontier-based ) o
exploration [12]. This technique keeps track of the boupdar There is a large body of existing work that addresses
between explored and unexplored space, and always seldf}§ Problem of robotic exploration. [11] introduces theade
observation positions along that boundary. This ensurass tH Probabilistic occupancy grid maps, rather than the more
each observation position will provide some new informatio ©©Mmmon binary occupancy grid. This allows for a more
to the robot. accurate representation of the environment, because it can

We now have an answer to our first question: we can maigPresent cells in the grid that are only partially obsedct
our robot better at exploration by improving the mannePY oPstacles. This work also compares different strateigies
in which it chooses observation positions. However, thi1terest point selection, including closest location, imaxm
reasons motivating exploration greatly affect the choige dnformation gain, local maximum information gain, and a

exploration algorithms. The question “Why do we explore?*Veéighted combination of closest location and maximum
information gain. The results of this comparison show that
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for determining the next best interest point by combining I1l. APPROACH
traveling cost and expected information gain in a multia  General Approach
objective function. [1] compares four different strategie

for interest point selection. These include random salacti

selection based on maximum expected information ga“[‘A’f],'where the robot bund_s a roa_dmap of the environment
selection based on a function of distance to travel an@® 't explores. Our algorithm builds a structure called an

expected information gain, and another function of di%amﬁxpansivg Exploration Tree_: (EET), which can be viewed as
and information which uses a more complex model fofin extension of the Expansive Spaces Tree (EST) proposed in

information gain. In this paper, it is experimentally showrl/}- The EET represents a roadmap of the free configuration

that it is necessary to take into account both distance veltra space of the robot, where each vertex consists of a collision

and expected information gain in order to efficiently explor €€ configuratiory, as well as a description of the frontier
an environment. that is local toq. Each vertex is connected to at least one

other vertex in the tree via an edge, which represents a

There is also a fairly large body of work focusing entirelycollision-free path between the two vertices. The tree is
on frontier-based strategies for exploration. The seminabnstructed incrementally by selecting a vertex based on
work in this direction is [12] proposes an algorithm thatsome probability density function (PDF), then expanding to
operates based only on maximizing the expected informa-random section of the frontier associated with that vertex
tion gain, and shows that frontier-based exploration work§he constraints under which our exploration method can
well for systems with noisy sensors. However, althouglperform are as follows:
the frontier-based approach provides a simple method of 1: The workspace in which the robot movesR$ or a
evaluating the expected information gain of any obsermatio connected subset of it.
point, it is still important to consider the distance that 2: The robot is a disk whose configuratigris the po-
the robot must travel. [6] evaluates the efficiency of three  sition of the disk center. (This allows the configuration
selection mechanisms within the frontier-based framework  space of the robot to be a copy of the workspace with
first, choosing the frontier region closest to the robot's  the obstacles grown to allow for robot size.
current position, second, choosing the closest frontigtewh 3: The robot is equipped with sensors which provide
constantly checking to see if that frontier disappears due LSR(y) or the Local Safe Regiorat ¢, which is a
to the motion of the robot (repetitive rechecking), and  description of the free space surrounding the robot at
third, segmenting the map so that individual segments are .

explored fully before the robot moves on. In this work, itis  4: Each piece of frontiemustbe associated with at least
shown that in open spaces, the repetitive rechecking method one vertex in the EET.

works best, since segmentation of open spaces tends t0 bgypile these assumptions are necessary for our approach
r_andom_and leads to inefficient paths. However, in officeg, work, it is reasonable to expect that they are easily
like environments, the presence of numerous rooms makggorceable in the real world. Most land-based robots vell b

it relatively easy to segment the map in a meaningful Wayyq\ing on a connected subset®, or at least on terrain that

In this case, segmentation improves the performance of thg, pe approximated 2. In addition, for the exploration
algorithm significantly, since it requires the robot o ull 540rithm outlined in this paper, the only hardware needed i
explore one room before moving on to another. a sensor to determine LSE( and some form of locomotion,
which can easily be contained in a disk-shaped robot. The
sensing of LSRf) can be performed by any number of

algorithm. This has the effect of being simple to implemenls,ensors’ suqh as sonar, infrared laser, or RG.BD'camera. The
and is also proven to be probabilistically complete, so th&nly constraint which presents some difficulties is thateac

if the algorithm is allowed to run for a long enough time piece of frontier must be associated with at least one vertex
it is guaranteed to fully explore the environment. The SR1" the EET. If LSR() is being calculated at each time step,
method discussed in [9], [5] generates a roadmap as arpd the map is being ppd_ated accordingly, the situation in
explores the environment, and explores using an algorithf{9: 1 may arise. In this figure, as the robot traveled from

very similar to rapidly-exploring random trees [8]. its initial vertex to a point along the frontier, the frontie
was pushed back to the edge of the sensor range all along

Finally, [10] pushes for a move away from frontier-basedhe robot’s path. However, this means that there are now
exploration strategies, and explores the idea of usingnpotefrontier ranges that are not within sensor range of any xerte
tial fields to guide exploration. This work models explooati in the EET. This could potentially lead to a situation where
as a steady state flow problem over the known workspackontier exists that is not directly reachable from any &ert
where approximate solutions to the problem provide a scalar the tree, at which point the algorithm will fail.
field which is guaranteed to bring the robot to the edge of Fig. 2 shows our solution to this problem. In this figure,
the explored space. In simulated experiments, this approathe robot only adds LSR] to the map ifq corresponds to a
was shown to out-perform some frontier-based methods irertex in the EET. This means that the robot does not need
terms of exploration time. to employ its sensor unless it is adding a new vertex to the

Our method for exploration takes inspiration from [3],

[9], [5] introduce the idea of using probabilistic explo-

ration strategies within the framework of the frontier-bas
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Fig. 2. Our solution to the problem presented in Fig. 1. The giecles
represent the local neighborhood of each vertex, the blpeesents the
robot’s location, and the green represents frontier.

Fig. 1. An example of a case where frontier is unattached toventex. . . . .
The red circles represent the local neighborhood of eactexethe blue then each vertex in the EET will be assigned a weight by

represents the robot's location, and the green represettef. the computePDF()subroutine, which we discuss more fully
below. Once the weights of the vertices have been updated,

] ] ) a vertex will be randomly selected, using the vertex weights
EET, which can save on computational overhead. This can B a probability density function. The robot will then trave

done without fear of collision, since the EET is guaranteediong the EET until it reaches the selected vertex. Once it
to lie in free configuration space, and the robot is const@in 4rrives at its target, the robot chooses its next observatio
to move either along the EET, or through the LSR associatgghint on the local frontier. The algorithm then begins again
with a vertex in the EET. with the addition of a new vertex to the EET, with an edge
B. Algorithm connecting the new vertex to the vertex most recently \dsite
by the robot.
If our criterion for exploration termination is met, this

means that the free space explored by the robot is now

Algorithm 1 EET-based exploration

1: perceive LSR completely bounded by impassable terrain, and thus the
2: add new vertex to EET space has been fully explored. In addition, the EET is
3: if vertex is not roothen _ guaranteed to possess the qualities needed to constitute a
4: add edge from current vertex to previous vertex  roadmap of the environment. First, it shall be traversable,
5 end if _ since it is possible to reach the root of a tree from any
6: if frontier exists for any vertexhen vertex. Additionally, since every free configuration in the
7. computePDF() environment must be contained in the LSR of some vertex
8: else _ of the tree, it will be possible to compute an obstacle-free
9:  return to start location path from any free configuration to at least one vertex
10: ter_mmate program in the tree. Thus, the tree is also accessible from any free
11: end if point in the environment. This means that, assuming the EET
12: choose vertex to expand (based on results of comys well-formed, it will be ideal for path-planning once the

putePDF()) environment has been explored, which facilitates our gbal o
13: plan path to vertex exploring in order to easily move from place to place in an
14: travel to target vertex environment.
15: choose target on local frontier (guaranteed to be in free

space) C. The computePDF() Subroutine

16: move 1o target The computePDF(subroutine is the part of the algorithm

that is responsible for assigning weights to the verticabén

Algorithm 1 shows the steps of the algorithm used t&ET. The manner in which this is done drastically affects the
grow the EET and explore the environment. At each iteratiobehavior of the exploring robot. We explored four different
of this algorithm, the Local Safe Region is calculated foapproaches to weighting the EET. One method was to assign
the robot’s current configuration. This configuration isrthe a weight of 1 to the closest vertex that had any local frontier
added as a vertex to the EET, and the map is updateemaining, and a weight of O to all other vertices. This
with the information gained about the LSR and the changesethod replicates the approach to frontier-based exjborat
that have occurred in the frontier. At this point, if there ismentioned in [6], in which the robot explored by always
no frontier left in the map, then the environment can béraveling to the closest frontier. We call this approachseki
assumed to be fully explored and the robot will return to it$rontier First, or CFF, for the remainder of this paper. We
initial configuration. However, if there is remaining fragrt  call the next approach Weighting Proportional to Fronier,




Fig. 3. Incremental snapshots of the exploration procEsg: the exploration process when the CFF method of weighting #rgces is usedBottom:
the exploration process when the WPF method is used to weightetttices. Notice the differences in overall tree struiethiat can be gained by changing
computePDF()

WPF. This approach weights each vertex according to the Finally, we weight the vertices in the EET based on current

function: distance from the robot and presence of frontier, which we
wy pp(v) = L(”) shall refer to as Weighting by Distance, or WD. The idea
F behind this approach is to encourage the robot to explore

where ww prp(v) is the weight assigned to vertexusing areas that are closer to its current location, while not ingst

the WPF method LF'(v) is the amount of local frontier time trying to expand the tree from a vertex which has no
at vertexv, and I' is the total amount of frontier over local frontier. In this case, we compute:

the entire EET. This approach strives to approximate the ) _
potential information gain that would be achieved if theabb d(v) = { e LF(v) >0 3)
were to expand from vertex. 0 otherwise

In an attempt to more accurately represent potential infor—h dist is the shortest dist bet th bot
mation gain, let us say thdfE(q) represents the amount V'€ s (v,7) is the shortest distance between the robo

of unexplored space that would become explored if th@nd a vertexv along the EET. We can then compute the

robot were to place a vertex at configuratignwhich we weight for each vertex using:
approximate by looking at the area that would be covered d(v)
by LSR(), assuming no obstacles were in the LSR. This wwp(v) = S d(g) (4)
approach can be called Weighting by Information Gain, or geERET
WIG. Now, we can say: As can be seen in Fig. 3, using different methods of
weighting the vertices of the EET can result in very diffédren
ZqELF(u) UE(q) . .
(1) behaviors on the part of the exploring robot. The top row of

LF(v) Fig. 3 shows some steps in the process of exploring by the
where ig(v) is the expected information gain, computedCFF method, while the bottom row shows the exploration
by taking the average amount of new space that would Rgocess as performed under the WPF method. As can be seen,
explored by placing a vertex at any configuration/if'(v).  the CFF method tends to move through the environment in

ig(v) =

Then: ig(v) a depth-first manner, which leads to a fast exploration, but a
wwig(v) = N A\/ (2) fairly unbalanced EET. The WPF method, however, tends to
ZQGEET ig(g) expand outwards gradually from the root of the EET, leading

meaning that the weight assigned to each vertex is calculat® slower exploration times, but a more balanced tree. These
by dividing the local expected information gain by the totadiffering exploration behaviors shall be discussed furthe
expected information gain for the entire EET. the following sections.



TABLE |
RESULTS FOROFFICE ENVIRONMENT

IV. EXPERIMENTS AND RESULTS
A. Experiments

Testing of the EET algorithm was performed using two CFF | WPF | WIG | WD
simulated environments, in order to obtain repeatable quan ij/Stag‘;‘ihTEae‘f'tehd 17285? %%623 151;“;3 ‘g}g"
titative results, and to be able to run large numbers of . e
experiments in a short amount of time. The environments Avg. Branching Factor| 1.25 | 1.56 | 151 | 1.49
used were a cluttered environment modeled after an office
building, and a more open environment modeled after a
conference room with adjoining offices. These are pictuned i
Fig. 4. In each environment, we ran 100 simulations for each
of the computePDF(subroutines discussed above. For each
simulatiop, we kept track of the total distance trgveledmy.t Distance Traveled 102';'; \é\ég'; 1\’(\)/25(;0 4\1/\2/51)6
robot. This allowed us to evaluate the exploration behavior Avg. Path Length | 106.2 | 68.8 | 63.8 | 102.2
in terms of their suitability for exploring quickly, for thease Vertices in Tree 195 | 195 | 198 | 199
when our reason for exploration is to find something in the [ Avg. Branching Factor] 1.20 | 1.55 | 149 | 1.48
environment as quickly as possible. In addition, at the end
of each simulation, when the environment was completely

explored, we picked 100 pairs of start and end locations ﬁhring exploration. When the CFF method was used, the
random, computed the shortest path along the EET betwegshot ravels with minimum backtracking until it gets as far

each pair, and recorded the average computed path length fofi, the root as possible, then returns to the root, pausing

each simulation. Tk’]is allowed us to make some statements eyniore any unexplored regions that are left. In this way,
about the algorithm’s suitability for exploring when ouréin  {he rohot should never travel over the same edge in the tree
goal is the ability to move easily through the environmenty e than twice. With the WPF and WIG methods, however,
We also recorded the total number of vertices in eaclhg rohot will often traverse across the breadth of the entir
EET and the average branching factor of each EET, in thee (g reach an area with greater potential information gain
hopes that we could make some inferences about physi¢alging to a large amount of movement that is wasted on
properties of the tree that lead to desirable results in Sem&Iready—explored area. The WD method suffers from the
of our goals for exploration. same weakness as the WPF and WIG methods, but is helped
B. Results by the inclusion <_)f a distan_ce metric, which discourages the
robot from traveling long distances across the EET.

Table 1 and Table 2 summarize the results for the office While the CEE method appears to work well for explorin
environment and the conference room environment, respec- pp P 9

i . . n environment quickly, it is not as good for explorin
tively. '!'hey show the average over 100 simulations for th\%ith the intent ofqperf0¥ming path planging once apmap ?s
total distance traveled by the robot to fully explore theB ilt. Looking at the average path lengths generated when

environment, the average path length computed after ea empting to travel between random pairs of points on the
simulation, the average number of vertices in each EET, a
g inal maps, we see that WPF, WIG, and WD all outperformed

the average branching factor of each EET. k .
Table 1 shows that the CFF method for exploration ret_he CFF method. If we examine the map construction process

quired the robot to travel a relatively short distance ineord shown in Fig. 3, we can see why this might be. While both

to explore the entire environment, while both the WPF ang!aPs ShOL."d work equally well for moving .from one side
[g the environment to the other, the very linear nature of

TABLE Il
RESULTS FORCONFERENCEROOM ENVIRONMENT

the WIG methods performed very poorly in this area. Th e CFF tree means that for more localized start and goal

WD method did not perform as well as the CFF method, ~ : .
but vastly outperformed both the WPF and WIG approache o_catlons, there is a better chance that the robot will bertak

This result can be explained by the behaviors evidenceﬁ: out of its way by the path that is planned along the tree.

is is further supported by the average branching factor
of the trees generated by CFF, compared to the other three
l ‘ l # methods. We can see that the branching factor is significantl

lower for the CFF method while the total number of vertices

Table 2 shows that the performance of the four methods
— |_ M for weighting vertices remains very similar to our results

| in the tree remains fairly constant, which implies that the
— - | robot will have less freedom of movement at a local level if
| T this method is used.
— J [

from a cluttered environment in terms of total distance
traveled to fully explore, where the CFF method significantl
Fig. 4. The two environments used for evaluating the EET metheft: outperforms the WPF and WIG methods, with the WD
the office-like environmentRight: the conference room environment. method fa||ing somewhere in between. However, in this more




open environment, the WD method suffers greatly in termaffects the manner in which the robot chooses observation
of suitability for path planning, performing in the samelocations, which in turn can change the suitability of the
class as the CFF method. This makes sense if we take irggploring behavior for the task at hand.

consideration the relatively open nature of the environmeré Future Work

and the fact that the robot is encouraged to explore closer

locations first. In the cluttered environment, exploratimin ~ Possible extensions to our work include expanding the
a nearby location would often be curtailed by obstacle€ET algorithm to systems of multiple robots. This would
leading the robot to backtrack and expand the EET equalfPen up the question of which types of PDF over the vertices
in all directions. This is not the case, however, in more opeff the EET work best for both maintaining coordination
environments. In this case, the robot is able to explorelpca between individual robots, while also encouraging efficien
for quite some time before being encouraged to backtra@ploration. It would also raise the question of whether the
and grow another branch of the tree. We also see that in Higdeoff between speed of exploration and quality of rogzima
open environment, the average branching factor of the tr&éll exists in the multi-robot case.

has no correlation to the average path length when path_AdditionaIIy, it would be useful to find a way for the robot
planning on the final map. This makes sense for an opdfl automatically detect the type of environment that it is
environment given the behavior of the various methods. ARXPloring (open vs. cluttered), and adjust ésmputePDF()
analogy to the real world might be that the tree generatdnction accordingly in order to better achieve whatever
by the CFF method is like a single long vine with very fewgoals the user may have. For example, if the_goal is to explore
leaves, the tree from the WD method is a single long vinthe environment and be able to path plan using the final map,
with many leaves, and the WPF and WIG methods generdig® robot may want to start out using the WD method, but
trees which are multiple short leafy vines all sproutingrro switch to the WPF method if it detects that it is exploring a

a single root. This means that paths found using the CHROre open environment.

and WD trees must travel along the length of the long single
vine, while paths found using the other methods can mov?l]
more quickly from place to place by following a short vine
to the root, then another short vine to the goal location.
From our results, we can see that in both cluttered and?!
uncluttered environments, it is better to consider only the
distance that the robot must travel when choosing observati
points, if our goal is simply to explore the environment aslS]
quickly as possible. However, if the goal is to be able to
solve motion planning tasks using the generated map ondél
the environment has been explored, it is more important to
explore in such a way that the roadmap generated will be
well-balanced. In cluttered environments, this can be done
without too much loss of speed by taking both distance andP!
potential information gain into consideration. Howevar, i
open environments, this is likely to lead to much slower
exploration times. (6]

V. CONCLUSIONS AND FUTURE WORK

A. Conclusions 7l

In this paper, we explore the concept of tailoring methods,[gl
of exploration to fit the use that we have planned for the
final map of the environment. We show that methods whichi®]
work well for exploring an environment quickly will not
necessarily work well if our goal is to be able to move
efficiently through the environment in the future. We alsd10]
present an algorithm for exploration that can be easily
adapted to fulfill the needs of the user. This algorithm als@ 1]
illustrates that when using probabilistic methods for expl
ration, one can encourage vastly different behaviors frioen t (2
exploring robots by simply changing the manner in which the
probability density function is calculated. This simplexolge
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