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Switching Multirobot Collaborative Localization
in Symmetrical Environments

F. Abrate, B. Bona, M. Indri, S. Rosa and F. Tibaldi

Abstract— This paper addresses and solves the problem of distribution is considered by using particle filters. Coop-
multirobot collaborative localization in highly symmetrical 2D erative localization approaches based on robust estimatio
environments. Symmetrical environments can be encountered techniques in which unknown but bounded error models

in logistic application scenarios, where a team of rovers moves are emploved for the sensor measurements. have also been
along several parallel corridors in a large surface, to perform ploy u » nav

surveillance and monitoring tasks. Because of the environment Proposed, e.g., in [7], [14].

symmetry, current algorithms fail to provide a correct estimate Two sub-problems can be distinguished within the local-
of the position and orientation of the rover, if its initial position ization frameworkposition trackingandglobal localization

is not known, no specific landmark is introduced, and no | the first one, the rover pose must be iteratively estimated
absolute information (€.g., GPS) is available: the rover can starting from an initial condition known with a given un-
estimate its position with respect to the walls of the corridor, ] g S 9 .
but it could not determine in which corridor it is actually ~ Certainty, while in the second one (the most challenging
moving. The proposed algorithm is based upon a particle in general) the correct global rover position with respect
filter cooperative Montecarlo Localization (MCL), as in [2], to the environment map must be determined without any
and implements a two-stage procedure that guarantees global iomation about its initial value, as well as startingrfro

localization as well as position tracking of each rover in a team. letel timati f its initial in th
The simulation tests, which investigate different numbers of a completely wrong estimation or Its Iniial pose as In the

involved rovers, their initial positions, and some possible critical so-calledkidnappeq rObOPVOl?'em- _
situations, show how the proposed solution can lead to the global ~ Many works available in literature use multirobot and/or

localization of each rover, with a precision sufficient to be used mutual localization to improve the quality of the self-
as starting point for the subsequent rover tracking. localization results that each single rover could achieve o
the basis of its own sensors only, implicitly assuming that
the information provided by such sensors would be sufficient
The multirobot case is one of the most challenging antp obtain amacroscopicallycorrect global localization, even
promising areas in the current and future mobile robotic not precise. Such an assumption does not hold when the
research, since a coordinated team of rovers can be s@wironment in which the rovers are moving is completely
cessfully employed in various application scenarios, éog. Symmetrical: in this case a correct global self-localaati
surveillance and monitoring tasks in different fields. cannot be performed by the single rover without any external
Independently of the particular application, the correchelp.
rover localization is always required and it consequently Symmetrical environments can be encountered quite easily
constitutes one of the most fundamental problems in mobil@ some application scenarios, like the one consideredisn th
robotics: [15] offers a comprehensive study of such a protaper, which deals with a team of rovers moving in a large
lem. The multirobot case potentially gives some interestinlogistic space to perform surveillance and monitoring sask
advantages, since the accuracy of the rovers position estiieé considered logistic space is intended as an indoor or
mates can be improved by a cooperative localization, evénitdoor area, where logistic and transport societies vecei
if communication and data sharing problems must be takeld store large quantities of goods, mainly bulky ones, as
into account. The most common approaches are based @tainers, cars, and other similar items. In order to aehie
Extended Kalman Filters (EKF) methods or on Monte Carl@n efficient occupancy of the area and facilitate the trarspo
Localization (MCL) methods. In the EKF approaches (seéperations, the free corridors of the area among the stored
e.g., [5], [6], [8], [9], [11], [13]) the data associationgt- goods form a regular grid, as in Figure 4. The resulting
lem is generally solved by using multi modal distributionssymmetry of the environment map precludes the correct
instead of a single Gaussian one, to approximate the positiglobal self-localization of each rover, if its initial paisin is
probabi"ty distribution, sometimes inc|uding iteratoothat nhot known, no Specific landmark is introduced to distinguish
propagate also an approximation of the posterior margingRch corridor, and no external information (like GPS) is
densities of the unknown variances. In the MCL methodavailable or exchanged with the other rovers: by using only

(see e.qg., [2], [4], [10], [12]) an arbitrary posterior pediility  itS own sensors (odometry, laser scanner, sonar, etcl), eac
rover could well estimate its position with respect to thdisva
This work was supported under the MACP4Log grant (RU/02feén  Of the corridor, but it could not determine in which corridor
Regione Piemonte. _ o _ it is actually moving.
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I. INTRODUCTION



localization problem, without forcing artificial asymmies to transform the measurements in a global reference frame
in the environment. The proposed solution does not use aspmmon to all rovers, and (c) to finally send these values to
external information (e.g., GPS), that could be unavadlablthe detected rovers via a wireless link.

in some indoor areas, but occasional noisy measurementd.et £ denote a time instant at which the position of the
coming from a compass sensor are sufficient to resolveth rover is detected by a set of roves(k) C R, (|R;(k)]
position ambiguity due to symmetry. The reported simufatiobeing its cardinality). The rovers belonging & (k) send
tests, which investigate different cases with respect & ththeir measurements to thigh rover, which collects them in
number of involved rovers, their initial positions, and sm the following vector:
possible critical situations, show how the proposed smfuti L1 .1
can lead to the global localization of each rover, with a Zi (k). gi- (k)

precision sufficient to be used as starting point for the hi(k) = : . 1)
subsequent rover tracking, within a two-stage localizatio #F (), gl gy

procedure. ’ ‘

The paper is organized as follows: Section Il describes tHg?Ch row of (1) contains an hypothesis on the position of

proposed localization algorithm call&MCL ; Section 11l is the i-th rover expressed in Cartesian global coordinates.

devoted to the tests designed and performed to demonstratd N€ Set of all the measureme]?ts received byittterover
the effectiveness of the proposed algorithm: Section IWgra UP 0 timek is then defined agf; = {hi(1), ..., hi(k)}.

some final conclusions and discusses future works. B. The algorithm
1. THE SWITCHING MULTIROBOT COLLABORATIVE We now describe the core of tt8MCL algorithm, which
LOCALIZATION (SMCL) runs onboard each rover and it is outlined in Algorithm 1.

A. Preliminaries ) i
t— .
The Switching Multirobot Collaborative Localization al- InﬁtuptutX@ (t )d E;“%gk)’ His Neniny Nomaz, Nagpr m

gorithm SMCL) allows each member of a group of rovers, it fiag = 1 then Position Tracking
moving in a highly symmetrical area (e.g., a large logistic [x".pux.l] = position_tracking (d: (), x* ", hi(k), 1)

space) to accurately localize itself and to correctly trask 3 [®;(t), #7°°"(t)]= DT _clustering(x:)
position over time. Th&MCL algorithm correctly operates 4 if 1> ny: then bt
for rovers endowed with at least sonar range sensors, 5a [uk] = loc_perf(¢;°*(t), hi(k))
monocular or an omnivision camera and a compass sensfr. L _the”

. o | flag=0;1=0
The camera is used to detect the positions of other rovegs end

when they are in the field of view; the measurement precisiog
may be improved using a laser range finder if available. % end

binary occupancy grid map of the environment is assuméd o
to be available 12 elseGlobal Localization

The algorithm first performglobal localizationover the 5 :P 'gf(l;ezxé’i(t) then
map in a decentralized way, exploiting the position estévat s | pi(t) = samplemotion_modeKd; (), pi(t — 1));
of the other rovers of the group, then realizes when the {ocaé else ifd;(t) = z:(¢) then
ization error estimate is lower than a given threshold, icays 17 wi(t) = measurementmodeld; (¢), pi(t), m)
to switch to a pureosition trackingalgorithm. Finally, the & >]$ >]<€ 1P <® t(rf) , wi(t))
algorithm allows rovers to detect a sudden increase in t I ! ( ):I_<LD i?x  Noins Noaw)
localization error, due for instance to kidnapping or feel [ A(1), ¢2°°1(1)] = DT _clustering(x’) ;
in proprioceptive sensors (e.g., wheel encoders ruptlme). 2, else
this case the algorithm switches agairgtobal localization 23 l=1+1;

Let R = {r; : i = 1,...,Ng} be the set of rovers 24 x" = KLD 2(x*, Nmin: Nnazr Nhyp, hi(k))
deployed in the area; with we indicate the time variable 25 [@3(t), $7°*(1)] = DT -clustering(x")

26 if 1> ng then

that clocks the whole localization algorithm. With(t) we

— best k
indicate data coming form theth robot proprioceptive and . [i] = locperf(g:*(¢), Hy)

if Mk S Mihd then

exteroceptive sensors at timeln particular we have that 59 R N
di(t) = oi(t) if proprioceptive measurement 3/ end
7 a z;(t)  if exteroceptive measurement 2 ond

The proprioceptive measuremeanf(t) is used to perform
. . . 34 end
dead-reckoning, while the exteroceptive measuremgit} 5o
contains the range measurements given by the range sensgrs| end
Each rover is able (a) to measure the positions of the otteer
rovers in the field of view of its vision sensor in its locaP8 eg\‘? ithm 1: The SMCL algorith docod
reference frame, concurrently with tlECL algorithm, (b) gorithm € algorithm in pseudocode




The algorithm is basically organized in two stages. Th&he best hypothesis at tinteis defined as
first stage is active when the rover perforgisbal localiza-
tion (lines 12-38), while the second stage is active wheng!®*!(t) = max(®;(t)) = [p2*!(t), B! (t), WPt ()] (2)
the rover performsposition tracking (lines 1-10). At the wi
beginning it always enters the first stage, and switches
the second stage when the localization performances
sufficiently accurate. Similarly, when the rover isposition
tracking it continues to monitor its localization perfor-

%\/itching between position tracking and global localiaati
a ; :
Is based on the followingccordancefunction:

mances. In case of Iocqllzatlon perforrnance degradatien, t k. |Ri(a)l @) — 2 ) + (7 (a) — B (D)
algorithm switches again tglobal localization =y : )T d ,
Both the stages are based on particle filters [15]; observing — ¢=k—n j=1 nlfi(q)l

the global localization pseudo-code in Algorithm 1, it can 3)

be noticed the typical prediction phase at line 15 and th&neren is the length of the sliding window used to compute
update phase at lines 17-18. The prediction phase compufB€ average of (3), and it is equal 1o, if the rover
the vectorp,(t) containing the predicted pose (in terms ofS In global ‘localization and to n, if the rover is in
global coordinategz, y, 6}) for each particle, while the position tracking The inner summation of (3) averages the

purpose of the update phase is twofold. It gives the vectdiStances among the elementsipfk) and the best position

w;(t) containing the importance factors for each particlelYPotheses of the-th rover. The outer summation of (3)

and it verifies if vectorh;(k) contains position estimates performs a moving average of length on the results of
outside the map. If this is the case, such estimates ajfé iNner summation. Therefors, measures the accordance
weighted using a Bivariate Normal Distribution. Then, af€tween the actual belief on the position of then rover

line 19, the algorithm verifies if it has received a vectorf"‘nd th(.a.averag_e of the beliefs that the other rovers have on
of measurements; (k) from other rovers of the seR;(k) 'S Position at time. _ N

at time k. If R;(k) is empty, a classicullaback-Leibler ~ When p is lower than a certain threshold,. (empiri-
Divergence(KLD) Resampling occurs (see [15]N,ni» and cally determined) the algorithm switchesgosition tracking
Nynas initialized at line 13 are respectively the lower andThis phase is aimed to track the position of the rover over
upper bound of the number of particlé§,,; employed in time, and it is implemented in a classic way (see [1p)).

the resampling algorithm. If insteat; (k) is not empty, a 1S computed also during the position tracking phaseuf
modified version of the KLD Resampling has been implebecomes greater than a given thresheld,, the algorithm
mented (line 24). The idea is to exploit the relative Cagiesi SWitches again tglobal localization

position measurements (contained in vedipfk)) that the

i-th rover receives from the other rovers Bf(k) to remove I11. SIMULATION TESTS AND RESULTS

the ambiguity on localization due to the symmetry of the

environment. To achieve this goal, the algorithm distiisut  In this section we demonstrate the effectiveness of the pro-
a subsetV;,, of the resampled particle séf;;q around the posedSMCL algorithm, carrying out a series of localization
elements of the vectoh;(k). A new boundN/,,. on the experiments in simulation.

number of particlegVy, is set as: The software used to simulate the rovers and their envi-
ronment is calledViobileSim[1]. It is based on theStage
library [3], and it simulates MobileRobots platforms. We
where Ny, is the minimum number of particles that canperform experimenFs with a team of simulat_ed Pioneer 3 DX
be Gaussianly distributed around the elements;0k), and rovers, endowed with sonar sensors. The simulator embeds a

henceN},, > Ny,,. Therefore it holds thad,,i,, < Nyq < model of the behavior of sonar range sensors, provides rover
4 ‘ odometry pose estimation with cumulative error, and allows
max* . . .

After the resampling phase, a clasBiensity-Treeclustering Multiple rovers simulation. _ _

[2] (lines 3, 21, 25) is always performed, that provides dhe simulator has also been improved by adding a simple

vector of hypothese®;(¢) on the position of the-th rover simulated vision sensor, a compass sensor, and the support

and the best hypothesi,.;(t). The vector of hypotheses for communication among rovers.
is defined as We consider a simulated environment of a large logistic area

1 1 1 (see Figure 4). The occupied black areas can be thought
pi (), % (1), Wi (1) to represent containers or similar bulky items stored by
i(t) = : ) transport societies before distribution. The dimensiothef

p?i(t)l(t)’ Z?i(t”(t), Wi\@(t)\ (t) whole environment i80 x 65 m, the black areas at# x 10
_ m and the corridors arg m wide.
where |®;(t)| is the cardinality of®;(¢), X/ are the covari- The symmetry of the environment makes global localization
ance matrices relative to the the posggst), and finally a really difficult task, which the proposé8MCL algorithm
W/ (t) are the weights associated to each hypothesis, repuccessfully performs, as the following experiments show i
resenting their level of confidence, with=1,...,|®;(¢)|. different situations.

N, :Nmaz_Nhypy

max



A. Experiment 1 are interested in evaluating the average localizationrerro
The first experiment demonstrates the trend of the locaMONg the repetitions of the experiments, we defff(¢) as

ization error for a team of rovers moving in a symmetricafe average o#/(t) for the i-th rover over 50 realizations.

environment and communicating their relative positiond an!h€ results are shown in Figure 2. The localization error

absolute heading - if available - when they are in the field

of view. We define the following quantities:

— p3dut
— p3dx2
— p3dx3

p3dx4
— p3dx5
— p3dx6

ef(t)y =
20 =

V@0 — atesr @) + @ (6) - et 0)? @
0% (1) — 6 (1) )

where ¢?(t) is the distance between the ground-truth
Cartesian position of the-th rover @?*(t),4?*(¢)) and its
Cartesian position estimation given by the best hypothesi:
while ¢ (t) is the difference between the real heading and th:
actual heading of the best hypothesis. The pose infornetior
of the best hypothesis are given hy°s!(t) and can be
extracted byp?***(¢), defined in (2).
The experiment consists in initializing randomly the pose
of N = 6 rovers in free areas of the map, let them
move according to a simple obstacle avoidance behavior,
and monitoring the localization errorg (¢) and ef (¢) for
i =1,...,Ng up tot = 1600 s. The results are shown

e (t) [m]

Fig. 2.

Experiment 2: average localization errors.

ef(t), i = 1,..., N decreases approximately linearly for
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all the rovers; the remaining error of about 5 m would
further decrease extending the simulation time up to
1600s, as in Experiment 1. TheMCL algorithm is not
susceptible to variations in the initial positions of theets,
even if the environment is symmetrical. This fact has an
important impact on the application side, in particular whe
considering robotic applications in logistic spaces, sitite
algorithm does not require any particular initial formatio
of the rovers, avoiding any human intervention to initially
place the rovers in a specific area of interest.

C. Experiment 3

In this experiment the same situation of Experiment 1 is
considered, but at a certain time a correctly localized rove

of the team is kidnapped and moved to another part of
the logistic area. This experiment models a set of realistic
situations that may lead a rover to lose its localization
in Figure 1. In this experiment all the rovers are correctlynformations (e.g., due to intermittent failures in the wise
localized after approximately 220 seconds, with a remaininencoders). In Figure 3 the plots eff(t) ande?(¢) are shown
position error approximately equal to 30 cm. As soon afor ¢ = 1,..., Ny, while Figure 4 reports a sequence of
global localization occurs, theSMCL algorithm running images representing what happens in simulation; the rover
on each rover switches tposition tracking This can be p3dx2is kidnapped at approximately= 2000 s (Figure 4
noticed observing the plots relative to the rop8dx2 whose (b)), and theSMCL algorithm localizes again the rover at
position and heading errors suddenly decrease at the same 2150 s (Figure 4 (g)). Notice that the incorrect position
time. information of the roverp3dx2 influences for a while the
roverp3dx5 as soon ap3dx2seegp3dx5and communicates

its incorrect position hypotheses. Howey8dx5is able to
In this experiment we analyze the robustness of thguickly recover correct localization.

SMCL algorithm with respect to random variations in )

the initial position of the rovers. We consider again &- Experiment 4

team of N = 6 rovers and we repeat 50 times the This final experiment has been designed to understand
experiment described in the subsection IlI-A, each timéow localization performance of th8MCL algorithm is
setting randomly the initial position of the rovers. Since w affected by the number of rovers in the team, both in terms

Fig. 1. Experiment 1: localization errors.

B. Experiment 2
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=

Fig. 4. Experiment 3: snapshots of the kidnap experiment.

Position error

wheree? (t) is the average for theth rover over 20 realiza-

= 100 e tions. The results forNg = 2,3,6,9 are reported in Figure
= o s 5. It can be clearly seen that two rovers are not sufficient
Sk —— pao
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Fig. 3. Experiment 3: localization errors. 1
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of Cartesian position error and of time required to switch to
position tracking Fig. 5. Experiment 4: average localization errors.
We define the average position error among Mg rovers L o
of the team as: to resolve the ambiguity in localization, but as soon as

three rovers are employed, the localization error goeswbelo

Ne 10 m after nearly 500 s; increasing the number of rovers
Ef (t) = e; (1) (6) upto six and nine strongly improves the performances. In
f ~ Nr particular with 9 rovers, on average the error becomes lower



than about 0.5-0.6 m aftgr = 450 s (see Figure 5). This a team of only six rovers can perform the localization task
is particularly important in practical applications, sinthe with acceptable results.

localization error decreases and the path planning algosit Future works will include experimental tests, to confirm
become more effective for the rovers relying only on theiin practice the effectiveness of the proposed approacighwhi
position estimations, thus allowing rovers to accomplisiai has been demonstrated in this paper only by means of

more reliable way the task assigned (e.g., handling hamardosimulation tests.

events collaboratively).
The statistics relative to the first switching timeposition
trackingare reported in Figure 6, which shows for each group{%}

(3]

— minst.

(4]

(5]

Switching time [s]

(6]

(7]

6
# of rovers

(8]

Fig. 6. Experiment 4: switching tposition trackingtimes for groups of
rovers of increasing cardinality.

El

of Ng rovers the minimum first switching time foosition (10]

tracking among all the realizations of all the rovers (blue
column), the average first switching time (green column) anid1]
the maximum first switching time (red column). Observing
in particular the green columns we can state thtbal [17]
localizationon average speeds up when the number of rovers
is increased. [13]
IV. CONCLUSIONS
[14]

The paper has shown how the problem of correct local-
ization of rovers can be successfully solved by the proposed,
SMCL algorithm, even in a highly symmetrical environment.
Thanks to the cooperative action of all the rovers of the feam
the approach allows the avoidance of agyhocintervention
to force artificial asymmetries in the environment, and/or
the use of coded landmarks to distinguish different regions
of the area. The proposed solution can then be usefully
adopted in practical applications each time a team of vesicl
must autonomously move in an area characterized by a
regular grid of corridors or streets. The robustness of the
SMCL approach with respect to the initial position of the
rovers is an important advantage in practice, since it lets
the initial formation of the team be completely arbitrary.
Moreover, the automatic switch from position tracking to
global localization prevents the occurrence of macrosaipi
errors, due to temporary failures or rover kidnapping. l§na
it is worth noticing that, even if the performances become
better as the number of rovers increases, the tests show that
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