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Abstract—Mapping an environment with an imaging
sensor becomes very challenging if the environment to be
mapped is unknown and has to be explored. Exploration
involves the planning of views so that the entire environment
is covered. The majority of implemented mapping systems
use a heuristic planning while theoretical approaches regard
only the traveled distance as cost. However, practical range
acquisition systems spend a considerable amount of time
for acquisition. In this paper, we address the problem of
minimizing the cost of looking around a corner, involving
the time spent in traveling as well as the time spent for
reconstruction. Such a local exploration can be used as
a subroutine for global algorithms. We prove competitive
ratios for two online algorithms. Then, we provide two
representations of local exploration as a Markov Decision
Process and apply a known policy iteration algorithm.
Simulation results show that for some distributions the
probabilistic approach outperforms deterministic strategies.

[. Introduction

with image grabbing.

The novelty of this paper is in addressing the problem
of spending time in range acquisition which has not
been accounted for in previous exploration approaches.
The number of reconstructions is implicitly considered
in view planning and in particular in the best next view
problem [15], however, without any optimality claims.

In this paper we consider the specific problem of
finding a view planning strategy so that an occluded
edge becomes visible under the minimal time spent for
reconstruction and traveling. Our algorithm can be used
as a subroutine by a greedy planner (for e.g. as in
[13]), which tries to see the “next” invisible edge of a
polygonal environment in order to reduce the total time
of reconstruction and traveling.

The closest related algorithms are the competitive
exploration algorithms we will refer to in the next subsec-

In robotics, mapping is the recovery of environmental tion. The cost of reconstruction is addressed by Rekleitis

layouts from measurements obtained by sensors mountectt al. [14] who use two robots for visual exploration
on mobile robots. Mapping is a very active research where one robot employs the function of range acqui-
area and a recent survey of the state of the art can besition while the other remains in line of sight and its
found in [18]. The task becomes very challenging when measurement plan the next view of the former robot. Zlot
the environment is unknown and when robot pose has €t al. [19] present a multi-robot approach for exploration
to be estimated from the same measurements used foitrying to maximize information gain with minimizing
the mapping (simultaneous localization and mapping). incurring costs. Burgard et al. [6] assign a new target
An additional challenge in unknown environments is point for each of a group of robots so that the cost of
the issue of visual coverage or better known as visual reaching these points is minimized and the amount of
exploration. We emphasize the visual aspect of coverage@lready explored area is simultaneously maximized.
(as in [10], [17]) as opposed to area coverage meant
either as producing a roadmap [7] or sweeping of space,A. Online algorithms and competitive analysis
for example in the case of vacuum cleaners or landmine
detection. Usually many of the general exploration algo-  Traditional algorithms typically operate on the entire
rithms produce a redundant visual coverage and are thusinput. In online problems [2] the input is not known
inefficient if visual coverage and mapping is the main in advance but presented to the online algorithm during
purpose. its operation instead. One way of measuring the perfor-
Visual exploration is a planning problem facing the mance of online algorithms is competitive analysis [5]. In
issues of completeness (see everything) and optimality competitive analysis, we compare the performance of an
(in minimal time). Usually optimality is estimated in online algorithm against the performance of the optimal
terms of traveled distance but such an estimation assume®ffline algorithm and consider the worst case ratio. Let
that range acquisition can be performed in minimal time cost 4 (o) be the cost incurred by an online algorithin
and on the fly. This is not the case with laser scanners on the input sequence. Let OPT be the optimal offline
where the robot has first to stay stationary and obtain algorithm and letcostopr (o) be the cost incurred by
a range map before deciding where to go or for stereo the optimal offline algorithm on input. We say that
vision systems where computation cannot be pipelined the online algorithmA is c-competitive if there exits a



constanth such that on every input sequengge

E/
costa(o) < c-costopr(o) +b S8
The competitive ratiois the infimum overc such that o W
A is c-competitive. We say that an algorithm is com- /\
petitive, if it has a constant competitive ratio. In robotics, E y

competitive analysis has been used for various navigation
problems as a measure of efficiency [4], [9], [1], [12], oy i
[8], [11]. In the context of exploration, the competitive
ratio gives us the worst case deviation of the cost of an
exploration algorithm from the cost incurred by a robot
who has a prior model of the environment and still wants
to build a map.

Fig. 1. The problem description: The robot, locatedcatan see the
B. Competitive analysis in robot exploration edgeFE but notE’, the next edgeE’ makes an angle af with the line
passing throughl: and the cornegy. The optimal offline strategy i#1,
A 2_C0mpetitive a|g0rithm for rectilinear po|ygons going dlrgctly to the extension df’ _whem9 < g and to go (_jlrectly to
. otherwise. When robot has continuous vision, by followiRg along
W'th bounde_d number of ObSt_ades has been presente‘fhe circle whose diameter iy, the robot guarantees a competitive ratio
in [8]. For simple polygons without obstacles, a 26.5- of Z.

competitive algorithm has recently been proposed [11].

For polygons with an arbitrary number of obstacles, ithas  |n this setup, we consider a robot, located:aseeing
been shown that there is no competitive strategy [1]. For the edgeF but notE’, the next edge (see figure 1). Edge
the local problem of how to look around a corner, which £ makes an angle of with the line passing through
is addressed in this paper,1a&21-competitive algorithm  and the corney. The optimal offline strategy is to follow
has been presented [12]. pathP;, going directly to the extension @& when < Z

All above algorithms make the continuous visibility ~and to go directly ta otherwise. In the online setting it is
assumption that the robot can continuously acquire a 3D pot possible to follow?;, because its orientation depends
view of the environment without any stop or cost for gn E’ which has not been seen by the robot yet. When
this acquisition. This assumption is violated for range the robot has continuous vision, by following, along
scanners where the robot has to stop and acquire thethe circle whose diameter i8y, the robot guarantees a
locally visible 3D-view. It does not apply for omnidirec-  competitive ratio ofZ. This strategy was used in [11] as
tional visual stereo reconstruction either, because currentg part of the global exploration strategy assuming on the
acquisition times do not allow on the fly computation: fly acquisition.
the robot can only decide where to move after acquiring  Here, we introduce a new cost measure for the time it
the map. takes to see the next occluded edge as the sum of the time
C. New problem statement spent in reconstructions plus the time spent in traveling:

. . . d
In this paper, we address local exploration strategies costa(oc) =TN + —, (1.2)
which can arise in global exploration strategies. We make v
the following assumptions: where 7 is the time it takes to make a reconstruction,

« The 3D-environment consists of vertical edges and 2V is the number of reconstructions made until next edge
walls and thus can be modeled as a polygon in the is seend is the distance traveled, andis the velocity
flatland. of the robot. The inputr consists of robot’s position,

« We assume that the robot can localize itself with the position of the corner vertex and the angle the
respect to an acquired view and that it can register Next edge makes with the robot's line of sight (see figure
these views in the same coordinate system. In this 1)- Note that our cost model assumes constant velocity,
paper, we start with the case of no uncertainty in the however it is possible to incorporate more complicated
robot’s position estimate. dynamics into equation 1.1.

« We assume that the robot has an omnidirectional ~The contribution of this paper is two-fold:
range acquisition system, which means no restric- « In a deterministic set-up with no knowledge about

tions in the field of view. the occluded edge, we present two competitive
« We assume that the robot does not move during strategies.

range acquisition. « Assuming a belief about the occluded edge, we
« We assume that the circle defined by robot’s current propose two formalizations in terms of a Markov

position and the vertex adjacent to the edge to be Decision Process (MDP) and solve for optimal poli-

explored (figure 1) is free of obstacles. cies that maximize the overall expected reward.



In simulations, we compare the four algorithms and we
find out that the MDP policies outperform the determin-
istic algorithms when the beliefs are close to the reality.
The paper is written in the just described order: com-
petitive algorithms, MDP framework, and experimental
analysis.

II. Competitive Algorithms

Let = be robot’s positiony be the cornerD be the
distance from the robot’s current position to the corner,
v be the speed of the robot, andbe the time it takes
to make a reconstruction. Let% = 7. That is, the time
it takes to make a reconstruction dstimes the time it
takes to reach the corner. Lebpr > 0 be the time it
takes the optimal algorithm to reach the point it can see
the next edge (traversing, in Fig. 1).

If ¢ > 1, then the robot goes straight to the corner.
Since% < 7, the competitive ratio becomes

2T
~ t+topr

D
T+;

T+ topr

Otherwise, we propose two algorithms as described in
Table I.

[ UNIREC(T,v,z,) | EXPREC(7, v, z,y)

D — dist(zx,y) D — dist(z,y)
C — circle(z,y) C — circle(z,y)
6— T2 6— ¥
If 6 >1gotox If 6 >1gotox
Otherwise Otherwise
=1 1 =1
Until the next edge is seen  Until the next edge is seen
Visit 0 Visit 76
Reconstruct Reconstruct
1+—1+1 7 «— 2%
TABLE |

THE INPUT z IS THE ROBOT S POSITION y IS THE LOCATION OF THE
CORNER v IS ROBOT S SPEEQ AND 7 IS THE TIME IT TAKES TO
MAKE A RECONSTRUCTION THE COMMAND ReCONStrucbENOTES
THE OPERATION OF AN OMNIDIRECTIONAL RANGE ACQUISITION
AND circle(z,y) IS THE CIRCLE THAT PASSES THROUGHK: AND y
AND HAS A DIAMETER dist(z, y). ALGORITHM UNIRECHAS A
COMPETITIVE RATIO OF T AND ALGORITHM EXPRECHAS A
COMPETITIVE RATIO OF2.23.

A. Algorithm UNIREC

Let C be the circle whose diameter is the line segment
that joins the robot to the corner (izeto y). Suppose in
Fig. 1, that during time- the robot travels to positionon
C without leaving the circle. Leb = Zxyz = 7. Note
thate = 0. The robot will go to the points od defined
by 6, 26, 34, . . . until it sees the next edge without leaving

the circle!. Let ¢ € [0, %] be the actual angle (Fig. 1

between the edge and the line that passes through the
robot’s position and the corner). The competitive ratio of
this algorithm reads:

[§17 + 15162

C:
T—l—%sinﬁ

Since 2 = Z we obtain
[41r+ 14163 _ 2141 _ 208
T—l—gsinH 1+¥71+
which is increasing withd. Hence, the worst case is
achieved wher = 7/2:
2095 +1) 204w
1+4  5+1
Sinced < 1, the worst case is achieved &s~ 0 and the
ratio becomesr.

+1)
sin 6
§

C

C

B. Algorithm EXPREC

It is possible to improve this ratio by modifying
the strategy as follows: Instead of visitirg24, 36, . . .,
the robot increases exponentially its steps and visits
5,268,456, ...,2'5. Note that during the:it"-step robot
traverses an angle @' and the total angle traversed
so far is(2/ — 1)4. If 6 is the actual angle, the robot sees
the next edge as soon as it takes [log(% +1)] steps.
The competitive ratio reads:

ir+6(20 —1)2

T—l—%sinﬁ

C

The worst case of the ratio of EXPREC is thus 2.2214.
We present the details of this straightforward but lengthy
derivation in the appendix.

I1l. Probabilistic framework

In most environments, we expect that the robot has
some expectation about the angles formed by vertices
in polygonal environments. For example, most angles
in man-made environments are rectilinear or in case
of doors 180 degrees. In this section, we present a
framework that allows us to represent robot’s belief about
the environment as a probability distribution and show
how to solve for optimal strategies when such beliefs are
available.

A finite state Markov Decision Process (MDP) is given
by a finite set of statesS, a finite set of actionsA,

1The reader may wonder why we do not take the short cuts instead,
which means computé and go straight to the poirftD cos ¢, D sin d)
and continue with updating) — D cosd. Even though this might
perform better for some values of it does not improve the competitive
ratio for small§: D cosd =~ D and Dsind =~ DJ



transition probabilitiesP(r|s,a) of arriving at stater
when actiona is taken from states, and rewardsk?
from arriving at state from states via actiona. A policy
7 is a function that takes a state-action p&ira) and
returns a real number in [0,1], indicating the probability — ( S1)}——( S2)  ..eeen. Move
of taking actiona when in states. An optimal policy is
a policy whose expected return from each state is greater
than any other policy for all states. Given a finite MDP
it is possible to find an optimal policy using dynamic
programming or its variants such as Policy Iteration. A
comprehensive introduction to MDP can be found in [16], Fig. 2. MDP1 has2n states wherer — Z that depends on the
[3]. sampling parametes and F is the final state. Being irs (resp.
Suppose we have the distributid?’ (0) for the dis- %) means that the robot is i and has just (resp. nof) made a
tribution of the corner angles. For example, one can
express the belief that the environment is rectilinear by
choosing P?(#) to be a truncated gaussian with mean
90 degrees and a variance representing the uncertainty ofAll other probabilities are zero. Note that even though we
this belief. Another possibility is to keep the histogram assumed that the robot has complete control of its motion
of the angles already observed during the exploration andpy letting P(sit1,4|si5, Mov) = 1, one can easily
to use this histogram as an approximation fi(6). Yet incorporate uncertainty in motion using an appropriate
another possibility is to use Monte Carlo Methods [16] uncertainty model.
for reinforcement learning to incorporate the learning of
P?(#) into the exploration process. Even though obtain-
ing P%(#) is an interesting problem on its own, from
now on we assume that it is given as an input. One way
to model the edge exploration problem is to discretize
the circle whose diameter is the line segment joining the

RECONSTRUCT,

The rewards,R;, , , represent the immediate reward
received upon arriving stakg from states; as a result of
actiona. Since we are dealing with costs, we use negative

costs as rewards we want to maximize.

robot and the vertex using a resolution paramétdret 5D
n = 7= and let us double use the notati24, 35, . ..nd Ré\;{‘;ﬁ’ﬂ =
for both the stops on the circle as well as the angles whose 5D
apex is at the vertex. Rﬁ,\if;ﬁ’ﬂ = ——
An MDP model, we will call MDP1, is presented in RRec  _ _Tv

figure 2. States; represents the state of the robot when
it is located at:0 and has not made a reconstruction R.ﬁf% = -7

yet. At eachs; it can either decide to move tg,, or

make a reconstruction. When it makes a reconstruction

it either sees the next edge in which case it goes to

the stateZ and remains there or cannot see it yet. The ) o ) _
latter case is represented by the state From s/ the leenfid_lstnbutlorP , We compute th_e optimal policy
only reasonable action is to move. Note that we chose that maximizes the expected reward using the well known
to discretize the circle defined by the robots location and POlicy iteration algorithm [16, pp98]. Policy iteration is
the corner, instead of discretizing the whole plane. The known for its fast convergence properties in practice and
advantage of this approach is the drastic reduction in thethis was indeed the case for our problem. For MDPL,
number of states which means a reduction in the memoryWe observed that the optimal policies move until enough
requirements and running time of the algorithm. probability is accumulated and start reconstructing af-

el :
The actions ar&ec andMov for reconstruct and move ~ terwards. For example, i” = N(u,0), the optimal

respectively. The transition probabilities are determined 2/90rithm turns out to move an angle pft+ o and then
by the distributionP? (6): to reconstruct at each step afterwards.

It is possible to obtain a better performance by remem-

P(F|si, Rec) = P%6 <id) bering the last reconstruction made. lsgt represent the

P(sl|s;,Rec) = P8 > id) information that the robot is standing &t and the last
Psisa]ss, Mov) = 1 reconstruction it made was . Figure 3 illustrates the

wH1l=e transitions for state; ;. The transition probabilities and
P(sip1]si, Mov) = 1 rewards for this new MDP, which we call MDP2, are

given by:



bimodal distributionP? on the right. Based on MDP1,

in contrast, the robot moves until enough probability

' accumulates and reconstructs afterwards and does not
exploit the low probability region as MDP2. We further

illustrate the optimal policies for MDP1 and MDP2 for

various distributions in the simulations section.

& IV. Simulation Results

@ In this section we compare the four algorithms we
Fig. 3. MDP2 has (1) states where» = Z that depends on the describe in this papeUNIREC and EXPREC are the
sampling paramete. F is the final state. Béing in statg ; means two competitive algorithms described in table 1. We will
that the robot is afé on the circle and the last reconstruction was at refaer to the optimal policy of MDP1 summarized in

RECONSTRUCT

‘g
Q
<
m

<0

3o figure 2 asPOLICY1 and the optimal policy of MDP2
summarized in figure 3 aBOLICY2.
A. The underlying distribution is known
P(Flsij, Rec) = P°(j6 <0 < id) The algorithmsUNIREC and EXPREC have per-
P(sii|sij, Rec) = 1— P(Fls;, Rec) formance guarantees regardless of the distribufitSn
P(siy1]sij, Mov) = 1 In this section, we try to answer 'the question: Is it
really worth solving for optimal policies, even whe#f
is available? The answer turns out to be yes, as the
All other probabilities are zero. following experiments show.
We compare the results for MDPs built using the exact
Mow 5D distribution off with the competitive algorithms. In other
R i, = T words, the instances of the simulations were generated
RFecs; s, = —r from the distributions in figure 5 and same distributions

Ree were used to build the MDPs. The sampling parameter
R™%si, F = -7 for all the MDPs we used is 5 degrees which is equal to
the bucket sizes of the distributions.

In the following experiment, summarized in table I,
the robot stands on the wall, 10m away from the corner.
This aligns the line of sight of robot with the visible edge,
allowing us to use the full range 46, 7] for 6. Hence,

D = 10m. Each reconstruction takes 2 seconds and the
robot moves with a speed @f5m/s. The time it takes

to reach the corner is 20 seconds, therefbre 0.1 for
algorithms UNIREC and EXPREC.

provabilty

PY UNIREC|] EXPREC| POLICY1] POLICY2]
1 43.98 39.40 26.72 28.93
Fig. 4. LEFT: The optimal policy for MDP2. The sampling value 2 57.22 39.42 41.77 35.16
§ used was 5 degrees, therefore the locatipp in the image above 3 48.17 34.88 48.53 34.82
represents the action when the robot is&atnd the last reconstruction 4 43.06 37.63 37.69 27.39
it made was ajé. The vertical column ig and the horizontal columns is

j- The blue upper right half illustrates the inaccessible states. The green TABLE Il
values at the lower right correspond to RECONSTRUCT actions and THE RESULTS WHEN THE UNDERLYING DISTRIBUTIONS MATCH THE
the red region in between correspond to MOVE action. The distribution  gg| [EFS ABOUT THE DISTRIBUTION 1000SAMPLES WERE DRAWN
P is according to the distribution on tHRIGHT .

FROM THE DISTRIBUTIONS IN FIGURES (COLUMN1). REST OF THE

. i X X COLUMNS PRESENT THE AVERAGE TIME TO SEE THE NEXT EDGE
The drawback of this approach is the increase in the FOR THE FOUR ALGORITHMS PRESENTED IN THIS PAPER

number of states, and hence the running time of the

algorithm. The former policy based on MDP1 requi2as

states, whereas the number of states for MD L, Note that Distribution 3, which is uniform if0, 7],
Note that statess;; with i < j are not well defined.  represents the case when there is no apriori information
The power of MDP2 is illustrated in figure 4, where the about the environment. The policies for this case are
figure on the left illustrates the optimal policy for the presented in figure 6. In this case, all MDP1 can do is



b T N

Fig. 5. The distributions used for experiments: Each bucket represents 5 ddgrfteDistribution 1 is generated using a gaussian with mean 60
degrees and variance 5 degrefiiddle Left: Distribution 2 is uniform betweerf and 3%. Middle Right: Distribution 3 is uniform betweef and
«. Right: A bimodal distribution obtained by adding up two gaussians with mear@d 5 and a variance of 3 degrees.

to move until enough probability is accumulated and to

reconstruct at every step afterwards, as it has no memory ¢

of the previous reconstruction. MDP2, in contrast, prefers
to move further after a recent reconstruction.

o i)

Fig. 6. Optimal policies for MDP1 and MDP2 for Distribution 3 in
figure 5.Left: The probability of making a reconstruction for MDP1
Right: The policy for MDP2

The time spent as a function of t

5 UNIREC
© EXPREC
— poLicyl
x_PoLICY2

Total time

L

Fig. 7. P?(0) = N(60,5), but ~ varies according to the values in
the horizontal axis. POLICY2 outperforms POLICY1 asncreases.

B. When the beliefs are wrong

In order to illustrate what happens when the robot’s

The next experiment is the same as the previous Onebeliefs do not match the environment, we use a different

other than the reconstruction time= 10 seconds and
therefored = 0.5 and the results are presented in table IlI.

[ PY] UNIREC| EXPREC POLICY1] POLICY2]

1 53.96 40.94 36.99 37.43

2 68.64 46.49 47.86 53.63

3 61.30 40.82 76.21 46.95

4 56.92 35.24 68.25 43.16
TABLE IlI

THE RESULTS WHEN THE UNDERLYING DISTRIBUTIONS MATCH THE
BELIEFS ABOUT THE DISTRIBUTION 1000SAMPLES WERE DRAWN
FROM THE DISTRIBUTIONS IN FIGURES (COLUMNL1). REST OF THE
COLUMNS PRESENT THE RESULTS FOR RUNNING THE FOUR
ALGORITHMS PRESENTED IN THIS PAPER

Comparing results in table Il and table 11l we see that
if the underlying distribution is available, the optimal
policies outperform the competitive algorithms. Another
observation is that when the reconstruction is costly
(7 = 2 vs 7 = 10) the number of reconstructions become
really significant and POLICY2 outperforms POLICY1.
To illustrate this further we ran simulations that keep the
distribution constant but vary the reconstruction time and
the results are shown in figure 7.

distribution to draw samples for the experiment than the
one we use to find the optimal policies for the MDPs.
For example, foru = 40 in the left plot of figure 8, we
computed the optimal policies fav'(40, 5) and then used
1000 samples from\' (60, 5) for simulations, in order to
create a discrepancy between the robot’s beliefs and the
state of the world.

As in the previous section, in the following experiments
the robot stands on the wall, 10m away from the corner.
Each reconstruction takes 2 seconds and the speed of the
robot is0.5m/s. The time it takes to reach the corner is
20 seconds, therefor& = 0.1 for algorithms UNIREC
and EXPREC.

[ UNIREC] EXPRE( POLICY1] POLICY?2]
[ 47441 3443 ] 3816 | 50.87 ]
TABLE IV
ROBOT THINKS THE WORLD ISN/(60, 5) BUT IN FACT THE SAMPLES
ARE DRAWN FROM UNIFORMLY FROM[0, 7].

As expected, when the beliefs are wrong, the perfor-
mance of the algorithms UNIREC and EXPREC do not
get affected, since they do not assume any distribution for
the input. However, the results in figure 8 and table IV



The time spent as a function of the deviation from the truth The time spent as a function of the deviation from the truth

o~ UNIREC —5- UNIREC
o EXPREC O EXPREC
x — POLICY1
65 —— POLICY1 | x__POLICY2

xPOLICY2

Total time
Total time

351 x x
’Y\/s\é\giii 7/9/5\0
o o
s} 7\\0 :/@/o
10 20 30 40 50 60 70 80 90

10 20 30 40 50 60 70 80
n M

Fig. 8. LEFT: The samples representing the real state of the world were drawnXf¢én, 5) and the optimal policies were computed foi(., 5)
where p is the horizontal axis. Each simulation is the average time to see the next edge for 1000 sBi@GHEE. Same as left but the samples
representing the real state of the world were drawn uniformly ffonf].

suggest that MDP2 is more sensitive to errors in the 6,26,44,...,2%5. During thei*" step robot traverses an
underlying beliefs than MDP1. This is because MDP2 angle of 52~ and the total angle traversed so far is
has a more specialized policy than MDP1. §(2¢ —1). Therefore ifd is the real angle, the robot sees

the next edge as soon as it takes [log(% + 1)] steps.
V. Conclusion Case 1:0 < T

We have studied the problem of how to look around a o iT+6(28 — 1)%
corner in a polygonal environment given that we want r+Lging
to minimize the time spent in traveling as well as in 2'7+5(§i _1)
reconstruction. We addressed local optimality regarding = — = 7’9

the visibility of the next occluded edge. In this sense, we T +_§ sin ¢
differ from Best Next View algorithms which guarantee i+ (20 -1)
visibility without minimizing the cost of achieving it. - 14+ #
Our strategy can accelerate heuristic planning for global Mlog(2 + 1)] + ollog(4+1)] _ 1
exploration. — o i
Our contribution is in the competitive analysis of the 1+ %
problem and its formalization as a Markov Decision (1Og(% +1)+1)+2(10g(%+1)+1> -1

IA

Process. In our future work we plan the following thrusts: sin 0
. . ) " . 1+ =
to incorporate uncertainty in the position estimates of the . (1)l
robot, to relax the circle discretization and search for a log(5 +1) + 20os(5+1)+1)
more efficient state-action tessellation of the plane, to 1+ %
study the local problem in 3D by generalizing the form log (8 9
. \ og(s+1)+2(5+1
of the occluding contour, and finally to formulate global _ loeGHD+2A5+1)

sin 6
exploration as an MDP. L+ 55~
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Appendix: The competitive ratio of EXPREC Which achieves its maximum value of 2.2214 when
0—0andf = 7.
In this section we derive the competitive ratio for Case 2.7 <0< 3
the algorithm EXPREC. Recall that instead of visiting If 0 is slightly larger than?, the robot takes a huge
0,24, 396, ..., the robot takes exponential jumps and visits last step and goes all the way to the corner following the



entire half circle. The competitive ratio is:

(15]

I. Stamos and P. K.Allen. Integration of range and
image sensing for photorealistic 3d modeling. Fnoc.

of International Conference on Robotics and Automation
pages 1435-1440, San Fransisco, 2000.

R. S. Sutton and A. G. Bartdreinforcement Learning:An

C. Taylor and D. Kriegman. Vision-based motion planning
and exploration algorithms for mobile robotEEE Trans.
On Robotics and Automatipi4(3):147—-427, 1998.

S. Thrun. Robotic mapping: A survey. Technical Re-
port CMU-CS-02-111, Dept. of Comp. Science, Carnigie

R. M. Zlot, A. T. Stentz, M. B. Dias, and S. Thayer. Multi-
robot exploration controlled by a market economy. In

c D
T+ o sing [16]
Introduction The MIT Press, 1998.
log([ 35 1)7 + 5 a7
T+ % sin %
log[ 351 + 55
26Sin _ 20 [18]
L4+ =+
Melon University, 2002.
log[ 75 26 19 X
sin = sin T [ ]
1+ - 14+ =+

IEEE International Conference on Robotics and Automa-

tion, May 2002.

As § — 0, the first term vanishes and the competitive
ratio becomes™/% = 2.2214
© 4

VI.

(1]

(2]
(3]

REFERENCES

S. Albers and K. Kursawe. Exploring unknown environ-
ments with obstacles. Im Proc. 9th ACM-SIAM Sympos.
Discrete Algorithms, 1998. 13998.

G. J. W. Amos Fiat.Online algorithms : the state of the
art. Berlin ; New York : Springer, 1998.

D. P. Bertsekas. Dynamic Programming and Optimal
Control: 2nd Edition Athena Scientific, 2000.

[4] A. Blum, P. Raghavan, and B. Schieber. Navigating in

(5]

(6]

(7]

(8]

El

[10]

[11]

[12]

[13]

[14]

unfamiliar geometric terrairSIAM Journal on Computing
26(1):110-137, 1997.

A. Borodin and R. El-Yaniv. Online computation and
competitive analysis Cambridge University Press New
York, NY, USA, 1998.

W. Burgard, D. Fox, M. Moors, R. Simmons, and
S. Thrun. Collaborative multi-robot exploration. Rroc.

of International Conference on Robotics and Automation
San Fransisco, 2000.

H. Choset and J. Burdick. Sensor-based exploration: The
hierarchical generalized voronoi graphhe International
Journal of Robotics Researcth9(2):96-125, 2000.

X. Deng, T. Kameda, and C. Papadimitriou. How to learn
an unknown environment i: The rectilinear cadeurnal

of the ACM 45:215-245, 1998.

X. Deng and A. Mirzaian. Competitive robot mapping
with homogeneous markerdEEEE Trans. on Robotics and
Automation 12(4):532-542, 1996.

H. Gonzalez-Banos, A. Efrat, J. C. Latombe, E. Mao, and
T. M. Murali. Planning robot motion strategies for efficient
model construction. IfProc. 9th International Symposium
of Robotics ResearglVictoria, Australia, 2001.

F. Hoffmann, C. Icking, R. Klein, and K. Kriegel. The
polygon exploration problemSIAM Journal on Comput-
ing, 31(2):577-600, 2002.

C. Icking, R. Klein, and L. Ma. How to look around a
corner.Proc. of the 5th Canadian Information Processing
Society Congresgages 443-448, 1993.

S. Koenig, C. Tovey, and W. Halliburton. Greedy map-
ping of terrain. InProc. of International Conference on
Robotics and Automatiompages 3594—-3599, 2001.

I. M. Rekleitis, G. Dudek, and E. E. Milios. Multi-robot
collaboration for robust explorationnals of Mathemat-
ics and Atrtificial Intelligence31(1-4):7—-40, 2001.



