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Abstract—This paper addresses the problem of exploring
an unknown environment with a team of mobile robots. The
key issue in coordinated multi-robot exploration is how to “
assign target locations to the individual robots such that the
overall mission time is minimized. In this paper, we propose a
novel approach to distribute the robots over the environment g
that takes into account the structure of the environment. %
To achieve this, it partitions the space into segments, for e
example, corresponding to individual rooms. Instead of only o _
considering frontiers between unknown and explored areas as o O3
target locations, we send the robots to the individual segments 314. ! -
|
¢

with the task to explore the corresponding area. Our approach
has been implemented and tested in simulation as well as
in real world experiments. The experiments demonstrate that
the overall exploration time can be signicantly reduced by 2
considering our segmentation method.

I. INTRODUCTION

AUto_nomolus robots thaF are deS|gne(.j' to create a m%. 1. Typical coordination of robots obtained by assignthem to
of their environment require the capability to effectivelydifferent segments of the partial map.
cover the space. There are several applications in which
robots have been designed to autonomously explore their

environment such as planetary exploration or in disaster p popular method for generating potential exploration
missions. Using a coordinated team of robots instead Oftﬁrgets has been proposed by Yamauehial. [26]. In
single robot has often been suggested to be advantageous {#ls approach, robots are sent to so-called frontiers, fwhic
[7] and cooperating robots have the potential to accomplisye given as the borders between the explored and the
a task faster than a single robot [11]. By using severg|nexpiored space. In a multi-robot context, it is important
robots, redundancy can be explicitely introduced so thelt Su g carefully assign robots to targets so that redundant work
a team can be expected to be more fault-tolerant than g interference between robots is minimized. Therefdre, i
single robot. Another advantage of robot teams arises frofg e exploration strategy which affects the ef ciency bét
merging overlapping sensor info_rmation, which can help tgypot team the most. In many approaches, the robots are
compensate for sensor uncertainty. However, when robaigsigned directly to frontier targets based on a cost fancti
operate in teams there is the risk of interference betwegRat takes into account the expected path costs or travel tim
them [10], [20]. For example, if the robots have the samgg well as a utility function that covers aspects such as the
type of active sensors such as ultrasound sensors, thd")Ve@(pected gain in information [3], [9], [21], [24], [28].
performance can be reduced due to cross-talk. The MOerhe coordination strategies described there consider in-

e 8ot e 35er Rl locatons rathr than Segment f the endronmen
the team . egmentation approaches.whlch have recently recelygd an
In this .paper we consider the problem of ef cient explo—Increased amo'unt of attenypn [2], [8], [2.3]’ [27] havg ong

: . ’ : M~ nally been designed to facilitate topological localizatend
ration with teams of mobile robots that seek to minimiz

oop closing or have been used to reduce planning costs. In
the overall time required to complete the mission. The entir, P g P g

. . ) this paper, we introduce a new online coordination strategy
task of coordinating a t.e am of robots during exploratl.on Cabr multi-robot exploration. It uses a segmentation of the
roughly b_e separated 'F“O two supsequent tasks. First, Ogﬁ‘eady explored area to assign robots to segments instead
needs to identify potential exploration targets for theatsb

. S of directly assigning them to frontier targets. Based os thi
Secqnd, one needs t(.) assign th? individual robots to thEttar%egmentation, the robots are distributed over the enviesrim
locations calculated in the previous step.

more effectively which leads to a reduction of redundant
All authors are with the University of Freiburg, DepartmehGomputer work and the av0|da_nce pf |n_terf<_arepce between robots. As
Science, D-79110 Freiburg, Germany a result, the exploration time is signi cantly reduced.



This paper is organized as follows. After discussing reproposed [2], [8], [25], [27]. These approaches are related
lated work, we describe the Hungarian Method for targethe technique described in this paper as they can be applied
assignment in Section lll. In Section IV, we introduce ao separate the environment into appropriate regions tieat a
graph-based method for map segmentation while in Sectidhen assigned to the individual robots.

V we present our coordination approach. Finally, we describ
simulated and real world experiments conducted to evaluate
our approach.

IIl. TARGET ASSIGNMENT
USING THE HUNGARIAN METHOD

In 1955, Kuhn [15] presented a general method, which is
Il. RELATED WORK often referred to as the Hungarian method, to assign a set of
The problem of exploring unknown terrains with teamdobs to a set of machines given a xed cost matrix. Consider
of mobile robots has received considerable attention in ttegivenn  n cost matrix which represents the cost of all
past. Yamauchi [26] presented a technique to learn maij}ﬁiVidual assignments of jObS to machines. The Hungarian
with a team of mobile robots. He introduced the concept dhethod, which is able to nd the optimal solution with the
frontiers between known and unknown areas in a grid mag)inimal cost given this matrix, can be summarized by the
which are widely used to select potential target location®llowing three steps:
during exploration. In this paper, we also consider frastie 1) Compute a reduced cost matrix by subtracting from
but additionally utilize the structure of the environmeat f each element the minimal element in its row. After-
de ning potential target locations. Koengf al.[14] analyze wards, do the same with the minimal element in each
different terrain coverage methods for small robots with column.
limited sensing and computational capabilities. Furthamam 2) Find theminimal numberof horizontal and vertical
there has been research on how to deal with limited commu-  lines required to cover all zeros in the matrix. In case
nication in the context of multi-robot exploration [3], [[19 exactlyn lines are required, the optimal assignment is
An approach towards cooperation in heterogeneous robot  given by the zeros covered by tinelines. Otherwise,
systems has been presented by Singh and Fujimura [21]. continue with Step 3.
If a robot is too big to pass through a narrow passage, it 3) Find the smallest nonzero element in the reduced cost

informs other robots about this task. Howaed al. [12] matrix that is not covered by a horizontal or vertical
presented an incremental deployment approach that ekyplici line. Subtract this value from each uncovered element
deals with obstructions, i.e., situations in which the patth in the matrix. Furthermore, add this value to each

one robot is blocked by another. Zlot and colleagues [28] element in the reduced cost matrix that is covered by
proposed an architecture for mobile robot teams in which the  a horizontal and a vertical line. Continue with Step 2.
exploration is guided by a market economy. They consider

sequences of potential target locations for each robot anthe computationally dif cult part lies in nding the mini-
trade tasks between the robots using single-item rstepricmum number of lines covering the zero elements (Step 2).
sealed-bid auctions. Such auction-based techniques t&ve arhe overall algorithm has a complexity dd(n3). The
been applied by Gerkey and Maiaff] to ef ciently solve  method described above can directly be applied to assign
the task allocation problem with a group of robots. ~ a set of target locations (tasks) to the individual robots
Mataric and Sukhatme [17] consider different strategies fofmachines). Here, each entry in the cost matrix can be the
task allocation in robot teams and analyze the performan@’]gth of the path the Corresponding robot has to travel to
of the team in extensive experiments. Kbal. [13] present reach the designated target point.
an approach that uses the Hungarian method [15] to computesince the implementation of the Hungarian method de-
the assignments of frontier cells to robots. In contrastuo o scribed above requires the number of jobs and the number
work, Ko et al. mainly focus on nding a common frame of machines to be equal, we need to slightly adapt the
of reference in case the start locations of the robots are ngbst matrix computed in that way. This can be achieved
known. _ . by expanding the cost matrix using “dummy machines”
In a previous work [24], we considered the problemwhich will result in target locations that are not appraagth
of Integrating semantic background information into thQ)y any of the robots) and by duplicating existing targets.

coordination procedure. This technique is related to thehe Hungarian Method is then able to compute the optimal
method proposed in this paper, even if the methodologyssignment, given the cost matrix.

is substantially different. Compared to our previous ap-

proach [24], we obtain a signi cantly reduced exploration IV. MAP SEGMENTATION

time also for small teams of robot. The map segmentation Several researchers investigated the problem of segment-
technique used throughout this work is related to the dpatisng maps based on the partitioning of a graph [1], [8],
semantic hierarchy introduced by Kuipers and Byun [16][16], [25], [27]. A very popular graph-based representatio
The difference lies in the fact that we do not learn a modeh this context areVoronoi Graphs(VGs) [5]. To compute
based on distinct places but utilize this information for ahe Voronoi GraphG(m) = ( V;E) of a given mapm, we
better coordination. Learning topological maps is itself @onsider the seOy(m) which contain for each poinp in
research eld on its own and different methods have beethe free-spac€ of m the set of closest obstacle points. The



Voronoi Graph then is given by the set of points@g(m)
for which there are at least two obstacle points with an equal
minimal distance:

v fp2 CjjOp(m)i 29 (1)
E f(p:0)j p;q2 V; padjacentgin mg (2)

For each pair of nodes i5(m) we add an edge if their
corresponding points im are adjacent. The Voronoi Graph
can be generated from metric maps of the environment such
as occupancy grid maps [6], [25]. In a practical implemengig. 2. Generation of the Voronoi Graph. Left: Example gridem@enter:
tation this can be ef ciently done by applying the EuclidearMap plus distance transform (the darker a point the largerdistance to
distance transformation [18] to an occupancy grid map. Th%e closest obstacle). Right: Map and Voronoi Graph geedrétom the
. . . ) Istance transform using skeletonization.
transformation results in a distance map which holds foheac
grid cell the distance to the closest obstacle. A VoronoipBra
can then be constructed using skeletonization on the distan
map. Figure 2 illustrates the process of generating a Varono
Graph for an example occupancy grid map.
After generating the Voronoi Graph we are now interested
in creating a partitioning of the graph into disjoint sets

[k
V="V 3)
i=1

such that each cluster of nodes corresponds to a segment
we can assign robots to. Thrwet al. suggest the graph to
be separated at so-calleditical points [25]. Here, critical
points are those nodes in the Voronoi Graph at which
the distance to the closest obstacle in the map is a local
minimum. This is usually the case in doorways or other
narrow passages.

Whereas this approach is able to reliably nd doorways, it
also generates a lot of false positive candidates in chdter Fig- 3. Example segmentation of a small fraction of an envirortmEme
environments. To eliminate these false positives, we caimst g‘yagku‘idag‘;?gascir_e the candidates for the partitioning of taphgealculated
them in the following way: First, critical points have to be
nodes of degree 2 (two edges) and second, need to have
a neighbor of degree 3 (a junction node). In addition, we
require the points to lead from known into unknown areas,
since segments which do not contain unknown areas canTypical approaches to coordinated exploration seek to
safely be ignored in an exploration task. To verify thigminimize the time needed to cover the whole environment
constraint, we compute the distance to the closest reaehallith the robot's sensors. Therefore, it is often sub-oplitoa
unknown cell for each point. This can be done ef cientlyexplore the same (local) area with more than one robot. A
in a similar way as the computation of the distance maggluster of robots which has a serious overlap in the eld of
Figure 3 shows a pruned version of the Voronoi graph andew of the robots' sensors does not exploit its full potahti
the critical points found by our algorithm. All doorways In practice, it is generally much more ef cient to explore
have been selected as candidates and the number of fageparate regions of the environment instead. For this neaso
positives is much smaller than the number of critical point§ is important to assign robots to exploration targets such
according to the de nition of Thruet al.[25] which includes that the robots do not get too close to each other during
distance minima in the Euclidean distance transformatiogxploration.
within corridors and rooms. Indoor environments are in general structured environ-

In the practical experiments described in this paper weents. Buildings are usually divided into rooms which can be
found that this segmentation technique yields suf cient rereached via corridors. In many cases, it can be a disadwantag
sults and allows to nicely distribute the robots. In unmedi to assign more than one robot to one room. The room might,
of ce environments, we can typically reliably separatemso for example, be too small for a second robot to speed up
and segments of a corridor. Other, more complex envirotits exploration even though there initially is more thaneon
ments may however suggest more sophisticated segmentatfmmtier in the room. When the room is fully explored, robots
algorithms which rely on hand-labeled training data [2], [8 might even block each other while trying to leave the room
or more complex reasoning [1], [27]. which will result in an increase in exploration time.

V. ASSIGNMENT OFROBOTS TOTARGET AREAS



In our approach, we assign individual robots to different
segments of unexplored space. Segments could be separate
rooms, corridors, or parts of larger corridors or rooms.sThi
takes into account the structure of the environment and
prevents the forming of inef cient clusters of robots.

Algorithm 1 Target Assignment Using Map Segmentation.
1: Determine segmentatio® = fs;;:::; 5,9 of map.
2: Determine the set of frontier targets for each segment.
3: Compute for each robdtthe costC/ for reaching each
map segmens 2 S.

4: Discount costC! if robot i is already in segmer.

5. Assign robots to segments using the Hungarian Method.

6: for all segments do Fig. 4. Maps used in our simulated experiments: Building 07Shef

7 Assign robot(s) to frontier targets Bw.r.t. path costs Freiburg University (top) and Bremen University Cartesiumt{om).
using the Hungarian Method.

8: end for

Note that our algorithm is not limited to homogenous
. . , , . ) teams of robots. Consider the situation in which one par-

Our "%‘Ss'gnme,”t algorlthlm is summarized in Algorithm Licular robot cannot enter a certain part of the environment
An assignment is determined whenever one of the robofg,ie another robot can. The assignment algorithm destribe
requests a new exploration target. First, a partition of thg .\« on e applied in this case by using modi ed segment

partial map of the environment is created using the graph,cisci de ned as:

based method described in Section IV. To generate targets  ° o .

within the segments, we then determine the set of frontier i - Cs ;if roboti can enter segmeist @)
cells. The cos(CL for reaching segmens with robot i is s 1 ;otherwise

de ned as the expected path cost to the nearest frontier VI. EXPERIMENTAL RESULTS

_(;ell \k'JV'tth'.n _s. T|h|s C(I:oslt IS tdlsc_ounted b);taTchqns:]ant Iﬁctor Our approach has been implemented and evaluated using
It robot 1 1S already located in segme IS has the simulated as well as with real teams of robots. The real

gffgct that the robots stay in their assigped segment unfli experiments were conducted using two ActivMedia
it is completely explored. After computing  the co;ts c)]‘Pioneer Il robots equipped with a laser range nder with
a segment, an assignment is calculated by applying ﬂ()j1

) . 1180 degrees eld of view. For generating the simulation
Hungarian method (see Section Ill) based on the cost mat”?&sults, we used the Camegie Mellon Robot Navigation

The Hungarian method does not assign more than ORgq|kit. In all our experiments we assumed that the robots
robot to the same segment unless there are more robots_avg.Hare a joint occupancy grid map, which is generated based
able than there are unexplored segments. To appropriately the sensor readings of all robots and under the assumption
handle those cases in which multiple robots are assigned jg, 4| positions of the vehicles are known. This map is used
a single segment, we apply a local assignment based on 3¢ ¢oordination, path planning, and path execution. We als
cost-optimal frontier within a segment. For this reasor, oU,ssume that there is a central planning component which
algorithm is equivalent to a purely frontier-based assignm 4 communicate with all robot and can assign exploration
if the environment cannot be partitioned, i.e., there iwonltargets to them. If there is only a limited communication
one segmen_t. ‘range, then clusters of robots can be coordinated if one

By assigning robots to separate segments, an appropriaifects one individual planning agent per cluster [13]].[22
distribution of the robots can be achieved. As we willhhe experiments have been designed to verify that our ex-
demonstrate in the experiments, this leads to a signi camjoration approach leads to signi cantly shorter explaat

frontier, robots share work more ef ciently. A typical ofe

environment, for example, contains corridors and roomé¢\: Simulation Results

Using our approach, each of the corridors is explored com- To evaluate our robot coordination algorithm, we simu-
pletely by one of the robots. In this way, the rough structurtated teams of robots in various environments. We com-
of the building will quickly be revealed. Meanwhile otherpared our segmentation-based approach to a frontier-based
robots will be assigned to the rooms reachable from thapproach in which each robot is assigned to the closest
corridors, one at a time. This behavior does not only appe&ontier which has not been assigned to another robot yet.
to be a natural way of exploring an unknown environmentSince this strategy does not consider the structure of the
our experiments also revealed that it signi cantly incesas environment, it will in general also assign more than one
the efciency of the robot team compared to approachesbot to one room or corridor if they contain more than one
which ignore the structure of the building. frontier.



To eliminate in uences from the segmentation algorithm  ,,[ ‘ ‘ ‘ seqmetaton based coornation
used in the real world experiment, we assumed a given 1|
segmentation of the environment into rooms and corridorso\o_ 10}
in our simulation experiments. As mentioned above, suche
a segmentation could also be reliably generated from the
partial map alone. '

Figure 4 depicts two maps of real environments used
for the simulation (see also real world experiments). Both

of them are of ce environments, one at the University of

runti
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Freiburg and the other at the University of Bremen. To number of robots

make the maps more different, we added clutter to the map * ‘ ‘ ‘ ‘ somentaton Based coordnation
representing the of ce environment located at the Uniugrsi 20|

of Bremen.

151

ain [%]

We varied the size of the simulated team from two to six
robots (Freiburg map) respectively from two to eight robotsg 10}
(Bremen map). Since the Bremen map is considerably bigget
than the Freiburg map, we simulated larger teams of robots
there. For each team size, we conducted a series of simulated
exploration runs starting from 20 different starting piosis. st : - - - - : - 9

The results of our experiments can be seen in Figure 5. number of robots
We measured the runtime gain of our approach which
uses the assignment described in Section V compared Eﬁs'eg'ap
the alternative assignment described above. We plotted th®ttom).
runtime gain in percent of the total runtime against the size
of the robot team. The error bars in the plots indicate the
95% condence level. It can be seen that our approach
signi cantly outperforms the approach which does not use a
segmentation based assignment.

The runtime gain is bigger for the Cartesium map since
this map features several large rooms. This observation can
be seen as an indicator as to when our approach will lead to
especially good results. Whenever the environment can be
divided into reasonably large and separated segments, our
technique substantially reduces the overall exploratimme t

In general, our strategy assigns one robot to one segment.

As soon as there are more robots than segments multiple
robots may be assigned to the same segment as mentioned

n Sectlon. V. For this reason, the runtime gam' of c)u'i:ig. 6. Two robots exploring the AIS laboratory of the Unsigy of
strategy will decrease for large teams of robots in smageiburg using our coordination approach.

environments. This can be seen in Figure 5. Note however,

that the overall time to complete the mission still gets $enal

the more robots are added to the task (the plot only shovmliilding has a size of approximately 37m x 14m and consists
the improvement of our approach vs. the frontier-basedf numerous of ce rooms and two long corridors divided by
approach). a door.

The team of robots was able to successfully explore the
environment using our coordination approach. The result of

Our coordination algorithm has been evaluated using @ne of the experiments can be seen in Figure 7. The gure
team of real robots. For this experiment, we used twshows the combined map of both robots after the exploration
identical Pioneer Il robots equipped with a laser range mdehad nished. It also shows the trajectories of both robots
and a standard laptop-computer. During the experiment botluring the exploration. The total exploration time was less
robots were connected via a wireless network. The robdhan nine minutes, each of the robots traveled approximatel
localization was achieved using a standard scan-matchid@Om.
approach. The relative starting poses of the robot were It can be seen that each of the rooms was explored by
manually set in the beginning. Figure 6 depicts the two reboexactly one of the robots. It can also be seen that both
during their exploration mission. corridors have been explored completely by one of the robots

The experiments were conducted in the lower oor ofwhile the other one was exploring rooms reachable from the
building 079 of the Freiburg computer science campus. Therridor. Another interesting effect is that the robots dat

Exploration time gain of our approach compared to atfeon
proach for the AIS lab in Freiburg (top) and the Bre@aatesium

B. Real Robot Experiments



(8]

[l
[10]
[11]

Fig. 7. Resulting map of the real world experiment including titajectories
of the two individual robots. [12]
block each other during the execution of their tasks. [13]

VIl. CONCLUSION

In this paper, we proposed a novel technique for coordinajtt4]
ing a team of exploring robots. We use a segmentation of the
environment to determine exploration targets for the iidiv [15
ual robots. By assigning each robot to a separate segment,
a balanced distribution of the robots over the environmei6]
is achieved. This leads to a shorter overall exploratioretim
compared to an approach which does not use our segmery
tation. Thus, our approach reduces the risk of interference
between robots and the amount of redundant work. We al
introduced an ef cient graph-based segmentation teclaiqu
for partially explored environments. Our approach has been
implemented and evaluated in simulation as well as Withg
a team of real robots. The experiments show a signi cant
improvement of the segmentation-based approach compared
to a standard frontier-based approach for structured indog,,
environments. Note that our approach is not limited to our
segmentation method. Using a heterogenous team of robots
for example, such a segmentation can be de ned based gﬁj

traversability constraints of the different robots.
[22]
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