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Abstract We address the mutual localization problem for latter perform an instantaneous inversion of the mapping
a multi-robot system, under the assumption that each robot is petween relative poses and measures.
equipped with a sensor that provides a measure of the relative In most of the early lter-based approaches, such as [1]
position of nearby robots without their identity. Anonymity o1 131 [4]. the RML bl - ived b I . !
generates a combinatorial ambiguity in the inversion of the (2, [ ]’_ [4], the problem 1Is S'o've y ltering out
measure equations, leading to a multiplicity of admissible the noise from the output of a vision-based sensor that
relative pose hypotheses. To solve the problem, we propose adirectly measures the relative poses between robots; at the
two-stage localization system based on MultiReg, an innovative same time, the Iter provides a solution to the CL problem.
algorithm that computes on-line all the possible relative pose In other works, the lter was also used to reconstruct the

hypotheses, whose output is processed by a data associator . ]
and a multiple EKF to isolate and re ne the best estimates. non-measured part of the change of coordinates; examples

The performance of the mutual localization system is analyzed include [5], where relative range-only measures obtained by
through experiments, proving the effectiveness of the method a combined RF/ultrasonic sensor are used; [6], where an ex-

and_, in particular, “ES robustness with respect tp false positives tension of [1] is presented for different sensing equipments;
(objects that look like robots) and false negatives (robots that 5,4 [7], where a detailed analysis is performed for range-
are not detected) of the measure process.
only measurement.

As for geometry-based approaches, the problem of esti-
mating the relative positions of robots in a formation by

This paper deals witmutual localization(ML) in multi- ~ '@nge-only measures or bearing-only measures has been
robot systems. ML problems are of great importance iffvestigated in [8], [9] and [10]. In the case of position
performing decentralized tasks that require data fusion, suéh€aring plus range) relative measures, it is possible to obtain
as cooperative map-building and formation control. Clearlyin€ relative pose of a robot respect to another by simply

the accuracy of the localization can signi cantly affect thgPr0cessing two bearing and one range measure [11].
quality of the task execution. A possible limitation of all the above methods is the as-

sumption that the relative measures also provide the identity

In a multi-robot system, we refer toelative mutual £ th b ¢ _ _ S h X
localization (RML) as the problem of estimating the relative® th€ robots. In fact, interesting situations that may arise
Q practice are:i) the identities of the detected robots is

poses (position and orientation) among the moving framé

attached to the robots. Assuming that each robot also has Hat known (anonympus measures),false positives (false
own xed frame, one can in addition de nabsolute mutual detected robots) anii) false negatives (undetected robots)

localization (AML) as the problem of estimating the relative occur in the fe'a“Ye p_osmon measurement process. The rst
poses among the various xed frames. If each robot is sehélnd the second situation t, for example, robot measurement
localized with respect to its own xed frame, the solution ofSystems based on a feature extraction module that looks for

| Characteristics that are common to all robots and may also

be found in other objects: for example, this happens when

To the best of our knowledge, no researchers have é e robots and some obstacle in the environment have the
far investigated the AML problem directly. Previous works>2Me SIz€, color, or shape, either by chance or by hostile

have addressed either the RML problem or the probler%amou age. The third situation accounts for the fact that
of cooperative localization (CL) of a multi-robot system inrObOtS within the sensing range may not be detected, e.g.,

: ; due to occlusions.
a common xed frame. Roughly speaking, two different . :
classes of approaches emergéer-based and geometry- A pioneering work that addresses the anonymous RML

based The former use Extended Kalman (EK) or particlt—:‘D :OS:‘?]?nltz Eiz]’n;n c\,’;z'gr:oagbigﬁr:g}:tissszigggt?mogggﬁ?m
Iters to estimate relative poses from measures, while th&"d prop P
anonymous bearing measurements. However, the method

. . . does not take into account false positives or false negatives,
A. Franchi, G. Oriolo and P. Stegagno are with the . . L. . . .
Dipartimento di Informatica e Sistemistica, Univessitdi Roma Preventing its application to the aforementioned situations.
La Sapienza, Via Ariosto 25, 00185 Roma, ltaly. E-mail: In this paper, we address RML and AML problems

ffranchi,oriolo,stegagno g@dis.uniromal.t _ with anonymous measures affected by false positives and
The idea of a common xed frame presumes a certain degree of

centralization, because it is necessary that robots share some informatiorngtga_t'vels’ as formall'zed n _SeCt' .“' The proposed two-stage
the beginning of the task. localization system is described in Sect. Ill. The rst stage

I. INTRODUCTION

RML can be obtained in principle from the solution of AM
(and vice versa) by simple changes of coordinates.
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Fig. 1. Geometric setting for mutual localization problems. Triangles are
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robots, solid arrows are position vectors and dashed arrows are pose vectors.

Fig. 2. Robot detection and communication. Triangles are robots, black

is a muItipIe registration aIgorithm that generates on-line afolygons are occluding objects, and the grey region is the perception set.

the geometrically admissible RML solutions (Sect. IV). With a) NG

the aid of self-localization data, these are used to solve the \ 2.f4
AML problem via data association and multiple EK ltering \ S/
(Sect. V). Experimental results are presented in Sect. VI. f1§ _____ f A(F) = {1,2,5)

We take the following assumptions (refer to Figs. 1 and 2).

2)

3)

4)

5)

F={fi.fo. fs, fu: [5}
\ 2 A={(f1,1),(f3,5), (f1,2)}
N S A(fi)=1 AQ)=fi

Il. PROBLEM FORMULATION O, ! \fQ S AN = {fi, s fu}

o)
rf(j f7,\‘3 /.fﬂl
N = f1;:::;ng be the robot index set. Oy, NI O, \
. : . : fies :

EachR; (i 2 N) has two associated frames: »ed fli}? ~~~~~~~ [ '1[\> _______ 6
frame F7 and amoving frame F; (see Fig. 1). The Mo > \f, &
latter is rigidly attached to a representative p(_)igt of
the robot. Giveni;j . 2 N, denOt.e: bylti a”q ItJ" . Fig. 3. The structure of an observation (triangles are robots, points are
the 3-vectors describing the position and orientatiofeatures): a) An example observati@y by R1; b) Oy is irreconcilable

(pose respectively ofF; with respect toF;, and of Wwith Oa,lbgfaUS%Obng is afSSC;Ciate_d to a diffterdef;t feg?#fe: ‘bt)c iSb t
Fj? W|th I’eSpeCt tOFi?. Given Itj, |t iS immediate to Irreconcilianle wi a Decause real Ur& IS assoclated to a difrerent robot.

build the change of coordinate®; from Fj toFi. The  gyistence ofambiguoussituations (such as that in Fig. 6a),
con guration of robotR; |s}he pose Qﬁi with respect \yhere the same set of measures is obtained for different
to Fi" and is indicated by = (p’" )" (see Fig. 1). cqn gurations of the multi-robot system. As shown in Fig. 2,
EachR; comes with an independeself-localization e ropot detector is also prone faise positivegit can be
modulethat provides an esUmgﬂé of xi, i.e., the pose yeceived by objects that look like robots) datse negatives

of the robotR; in the frameF;’. (robots belonging t®, which are not detected, e.g., due to
EachR; is equipped with aobot detector a Sensor jine_of.sight occlusions). Hence, the measures coming from
device that measures thelative position'p; of other o 1510t detector will be generically referred tofeatures
robots, provided that they fall in a perception 8§ yhey might or not represent actual robots. False negatives
that is rigidly attached té-; (see Fig. 2). Note that no a1 pelonging taD. that do not receive messages) may
assumption is taken on the shapeldyf, in particular 554 affect the communication, whereas false positives may
the robot detector does not_ negd to be omnidirection e easily avoided by appropriate message coding.

Each R; has a communication modulethat can o ghjective is to solve thabsolute mutual localization
send/receive data to/from any other roBjt contained  ohjem for the generié-th robot, i.e., to estimatt?, for

in a communication seD. (see Fig. 2). We assume g  as a byproduct, this will also solve theelative
that Dp  De, so that ifR; can detectR; it can 4q| |ocalizationproblem, i.e, provide an estimate af ,

also communicate with it. Each message sentRly o1 g i Note that, if the anonymity assumption is removed,
contains: (1) the robot index (2) the estimate®’ o geometric computation o from x7, x7 (estimated by

as provided by the self-localization module (3) theye gelf-jocalization modules) ang,,  p (measured by the
measures coming from the robot detector. robot detectors) becomes a simple exercise.

The multi-robot system includes robotsR1;:::;Rp, b) @{‘)

7

The relative position measures provided by the robot ]
detector ar@nonymousin the sense that they do not include”- Observations
the indexj of the detected robot. This is true, for example, To clarify the structure of the information coming from a
when the detection process relies on features that are cornbot detector, we introduce the conceptbobkervationi.e.,
mon to all the robots. A consequence of anonymity is tha pairO := (F; A), whereF is a set of features expressed in
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Fig. 4. A scheme of the mutual localization system that run&ken

the moving frame attached to the robot, ahd F N is IV. MULTIPLE REGISTRATION WITH MULTIREG
afunctional relationon F N (this means thaA(f)j 1, At each stefk, the generic robdR; executes the MultiReg
wherej j denotes the cardinality of a set). In particular, 9ivenygorithm to perform a memorylessultiple registration

f 2 F, we denote withA(f) := fi 2N = (fii) 2 Agthe  3mong the observations coming frofy and all theR; s,
robot index (if any) associated to the featfiregiveni 2N, ; > Ci[k]; in our context, this means computing all the

we denote withA(i) := ff 2 F : (fi1) 2 Agthe feature (if ossiple relative posds; of the frames attached to tii 's
any) associated to ttieth robot (see Fig. 3a). Also, denote byusing purely geometric arguments.

A(F) := [ 12k A(f) the set of robot indexes appearingn
and byA(N) := [ ion A(i) the set of features dD that are A. Binary registration

associated to some robot. A featureis calledanonymous  MyltiReg uses binary registration as the basic tool. Given

whenA(f) = ;, i.e, f 62A(N). Two observation®: =  two observation®d; = (F1;A;) and O, = (F2;Az) such
(F1;A1) and Oz = (F2;Az) expressed in the same robotthatA,(F1)\ A,(F,) = ; (always satis ed in MultiReg, see
frame are said to bereconcilableif: Sect. IV-B), consider a candidate change of coordindtes

a) two different features are associated to the same robbgtween the two associated frames. LettihgF) = fqg 2
i.e.,9f1 2 Aj(N);9f, 2 Ax(N), with f; 6 f,, such R?9f 2 F : T(f)= qg, a binary relatorB  F; F; is
thatA.(f1) = Ay(f2) (see Fig. 3b), or if associated td@ as follows:(f1;f2) 2 B , k f; T(f2)k

b) two different robots are associated to the same feature,where is a given tting threshold The elements d8 (F1)
i.e., 9f 2 A1(N)\ Ay(N) such thatA,(f) 8 Ax(f) andB(F,) are theinliers of F, and F1, respectively. The
(see Fig. 3c). cardinality of B, denoted byjBj, is thenumber of inliers

Each robot detector provides an observation in which all Given > 0and > 0, performing abinary registration
features are anonymous, except for the feature at the orighh O1, O2 means nding a change of coordinat@s such
which is associated to the index of the measuring robot; thifat the associatefl is left- and right-unique, and satis es:

is called araw observation i) jB] andii) jJA(f1) [ Ax(f2)j2f0;1g 8(f1;f2) 2 B.
The rst condition is a constraint on theinimum number
Ill. THE MUTUAL LOCALIZATION SYSTEM of inliers (note thatjBj = jB (F1)j = B (F»)j). The second

The mutual localization system running & is com- requires that, for any pair of featurds; (f ) that are related
posed by a cascade of two subsystems, as shown in Fig.by.B, eitherf; or f, (or both) must be anonymous. In fact,
The rst subsystem is a memoryless registration algorithrbeing A;(F1) \ Ax(F2) = ;, a ‘double’ assignment would
called MultiReg Denote byCi[k] N the set of (indexes certainly represent a con ict.
of) robots from whichR; receives data in the time interval OnceT has been determined, a new observafin =
[tk 1;tk). At each stefk, the inputs of MultiReg are a set of (F12;A12) is generated, whete;, = F1[ T(F2) andAq,
observations: one is provided directly by the robot detectoF1, N is such that for any 2 F, it is

while the others come from the robots @[k] through the 8 AL(f) it f 2 As(N)
communication module. The output of MultiReg is a Sgt % Al(f ) it f 2 T%A (N))
of hypotheses on the relative poses for eachj 2 C;[K]. _ 2 . 2
. . Ap(f)y= _ AxB(f)) iff 2B(F2)nA1(N)
The second subsystem, callddAEKF, is a variable- E ALB(F ) if f 2 T(B(F)NT(Ax(N))
size array of components, DAEKFj 2 [ k_, Ci[h], each ot otherwise ! 2

consisting of alata associatoand amulti-EKF. The input of

DAEKF;, at stefk, is the sett; of current hypotheses oty.  wheref := T (f) (see Fig. 5). For our purposes, the
At the same time, each DAEKRalso receives the estimatesoutput of the binary registration (callesblutionin the fol-

%7 andkj?,j 2 Ci[k], respectively from the self-localization lowing) is the tripler (O1;0,) = ( T; O12;jBj). Clearly, for

and thg communication f)module. The output of DAEKE  a given pair of observations there may exist multiple changes
a set' f‘] of estimates oft; , for eachj 2 [ k_, Ci[n]. In the of coordinates that satisfy the above conditions, and therefore
following, we detail the structure of MultiReg and DAEKF. multiple solutions. We call two solutionsreconcilable if
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TABLE |
MULTIREG ALGORITHM FOR THEIi-TH ROBOT

inputs
= f::5;,0;:::0, with Oj = (Fj;Aj) jCij + 1 raw observations
variables
"= e ) partial solution at thé-th iteration
(o] partial registered observation at th¢h iteration
U N indexes of the unregistered observations atltteiteration
output _
Fig. 5. Sets of indexes/features involved in a binary registration with th& O= foi'ysiing set of solutions (in shared memory)
associated relations. .
algorithm

their corresponding observations are irreconcilable. In t@ férll_l(tg3j;c:l:;;03>' ©1= 0i, Us = Ni, X() =

following, we assume that th(_a binary reg|strat|0n algorithm ,  _ [o02 , r(0i;0)

returns a nite set of irreconcilable solutions. b =f =(T;0;:jBj)2 jjBj=max;s; g ;thisis
The combinatorial essence of the problem suggests the the subset of of elements that maximize the number of inliers

use of probabilistic techniques, while the presence of out- & compute a maximal subset of irreconcilable solutions

; . d. perform a least square estimation for everg ~, substitutingT

liers (i.e., features observed by only one robot) calls for a  with that minimizing the mean square error among the inliers and

robust estimation paradigm. We chose RANSAC [13] for recomputingd  accordingly

binary registration because it has both this properties. Our € fork 8 2 = with

implementation follows from the algorithm presented in [14] > icz_'*l_z io L i

. ) . ) X i 'th =("tq g1ty ticiio 1))
for a binary lidar scan registration and can be found in [15]. i, ity =t

) ) ] iv. U1 = Ujnfsg wheres is the index of the raw observation
B. Multiple registration added in

At each stefk, R; executes MultiReg on the set made 3. the solution of each branch is put in the set of soluti¥r(s)

by its own raw observatioD; = fFi;A;g and the raw

observations); = fFj;A;g, forj 2 Ci[k]. Let N be the of the algorithm is the multiple registration of the raw
set of the indexes of the robots whose observations are in observation®;, O,, O3 (Fig. 6b). The MultiReg instance on
Since MultiReg is a memoryless algorithm, we diom the R; performsjCyj = 2 iterations. At rst iteration, the raw
following. As stated before, it i$Aj(F;)j = 1, 8) 2 N , observationO; is chosen as partial registered observation
and\jon Aj(Fj) = ;. Weset j = nO; and, for any Oz, and the indexes of the other observations are put in the
N N ,weset y = nfQ;:j 2 Ng. The output is the set of the unregistered observatiods. Then, two binary
setX() = fitj;gon  where'ty = fiii;'tjh;iiigon ,  registrations are performed betwe®a and O, O; respec-
whose generic elemehty, is a estimate oft; . tively (Fig. 6¢). The results are put inre f 1; 2; 3; 40,

A pseudocode description of MultiReg is given in Table land = is selected as the subset of elements dhat
MultiReg executegC;| iterations. Step 1 initializes the rst maximize the number of inliers. Then, a maximal subset
iteration. At step 2a, during thieth iteration,jC;jj | binary f 1; 30 = ~ of irreconcilable solutions in is
registrationg (O ; O) are performed between the observatiocomputed (Fig. 6d). In the second iteration, for eacl2 ~
so far obtained®j, and the raw observatiol® 2 y,. Their (i = 1;3) the algorithm forks, initializing a new branch with
solutions are stored in . At step 2b, the solutions with the O, = O ,, and deleting the index of the registered robot
maximum number of inliers are stored in, and at step 2C  from Uy : in particular in the rst branch we sd, = f3g
is computed as a maximal subset of irreconcilable solutiorand in the second), = f2g. The rst branch executes the
of . At step 2d, the estimated change of coordindies binary registration betwee®, and O3 (Fig. 6el), nding
in is tuned, for each 2 ~, by minimizing the mean the solution 5, and the second executes a binary registration
square error of the inliers pairs using the algorithm in [16]betweenO, and O, (Fig. 6e2), nding the solution ¢.

At step 2e, MultiReg forks if~j branches, one for each

27 1f =fT ;0 ;jB jg2 ~is a solution given by the V. DATA ASSOCIATION AND EK FILTERING
registration ofO; with Os, the new iteration of the branch
starting from is initialized with Gj,; = O as partial
registered observation and/.; = Ujnfsg as set of indexes
of unregistered observations. A branch is terminated with
solution if the set becomes empty. Otherwise, at {i@&j-th
iteration the branch contains a solution that is irreconcilabl@"®:
with the solutions of all the other branches. The algorithm 1) The estimates provided by the self-localization modules
returns as output the set of all solutions found in all branches.

At the k-th step, the DAEKF subsystem running on robot
R is composed by an array ¢f K_, Ci[h]j components
nQ;r:ee Fig. 4). Each component is assomated to a rBpa?
[ ¥=; Ci[h] and provides estimates tigc At stepk its inputs

An example of MultiReg execution is shown in Fig. 6 for Akl = Xk + wilk]
a simple ambiguous con guration (Fig. 6a). The objective Rkl = x7[K]+ wl[K];
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Fig. 7. A scheme of th®AEKF j which estimateétj?.

EKF; , a new lter is added to EKF, initialized with the
triple f'tjm [K]; 27 [K]; 27 [K]g.

At each step, anarkis associated to each ElKFgiven by
the number ohits (steps in which a hypothesis is associated
to that Iter) in the lastL[k] steps, whereL[k] is the
backward horizonThe EKF; with the highest mark provides
the best current estimate krf An EKF; whose mark goes
below a certain thresholdmin is removed from the EKF
array. The model equation of tbe glel;neric FﬂKfused to
estimate the constant parametgr, is 'tj[k] = 'tj[k  1].
The measurement equation, the Jacobian matrix and the
expression of the Kalman gain can be found in [15].

VI. EXPERIMENTS

The proposed ML method has been implemented and
validated using the MIP experimental software, described
Fig. 6. An example of MultiReg execution in a simple ambiguous situation’! [18] and available athtt;?://www.dis.uniromal..it/
a) actual con guration b) raw observations of the robots c) results of thibrob/software/MIP . In particular, we have simulated the
bi”bafy fefg,iS”atiO”,T Elemeleﬁ?l a”dfozi)os dl) Sfelf]Ctig_ﬂ of a maximal - rohots with Player/Stage in the testing phase, and used an
subset of irreconcilable solutions of e1) result of the binary registration . ]
for the rst branch e2) result of the binary registration for the second brancﬁ’a.'Ctual team of 5 Khepera 1l robots in the experimental phase

(see Fig. 8). Each robot is equipped with a Hokuyo URG-
Wherewf[k] and w?[k] are gaussian noises with zero04LX laser range nder, that has a 24@ngular range and

mean and covariancd®’[k] and®7[k]. Note tha®’[k] & I_irnhear rgntgg (t;\rtitcia_lly "”?“eol' t? 2 tm. wraction aldorith
is available provided theR, 2 C, [k]; e robot detector is a simple feature extraction algorithm

Lo that inspects the laser scan searching for the indentations
2) The set of hypotheses about the relative po .
) yp . HOsk] made by the vertical cardboard squares mounted atop each
" [k]= fri e (K] g robot in the shadow zone of the range nder. Since each

square can givé 12 cm wide indentations of the laser scan,
depending on the relative orientation between the measuring
&nd the measured robot, the detector cannot distinguish

provided by MultiReg. Here,‘tjh [k] is a gaussian
random variable with unknown mean and covarianc

'Qjn [K]. among robots and obstacles whose size is in the same range.

Each DAEKF (see Fig. 7) is composed by @ata as- Moreover, the squares are identical, and therefore the features
sociator (DAj) and a variable-sizenulti-EKF (EKF; =  are anonymous. Accurate measures ofiﬂp?eto be used as

fiii EKFj;::g). The data associator is a ‘nearesiground truth are taken in advance by a human operator. Self-

neighbor-like’ memoryless algorithm [17] in charge of dis-|ocalization is obtained by simple dead reckoning.
patching each relative pose hypothests [k] produced  Fig. 9 refers to the early steps of a 5 min experiment
by MultiReg to the appropriate EKF of the array. This involving ve robots (numbered 04) and four deceiving
EKF; , taking2/ k], ff[k] and'tj, [k] as inputs, produces an obstacles. The results shown are those produced by the
estimate f‘j'| [K] of itj', together with its covariance matrix. mutual localization system running on robRt; at 10Hz,
Atostep k, DA; converts eachtjh [k] to one hypothesis which is the same frequency of the laser range nder.
on't;, usingkf[k], 27[k] and geometric computation. Then,Note that the initial con guration of the team is highly
the covariance-weighted distance of each hypothesis frosymmetrical, and therefore very ambiguous for MultiReg;
the estimate of each EKFis computed. Each hypothesis ismoreover, it contains several occlusions. At the beginning
used as input for the Iter with the closest estimate, providethe best available estimates far, R,, andR 3 are wrong,
that the distance is smaller tham@aximum distancémax. due to occlusions and symmetry; however, as the experiment
For each hypothesi%tjm [k] which is not associated to any proceeds, correct estimates are quickly identi ed and prevail.

3978

Authorized licensed use limited to: Universita degli Studi di Roma La Sapienza. Downloaded on December 31, 2009 at 09:08 from IEEE Xplore. Restrictions apply.



Fig. 8. The 5 Khepera Ill used in our experiments. A cardboard square is
placed in the shadow zone of the URG-04LX to allow robot detection.

Fig. 10. Errors and mark for the best estimate on the pose of the xed
frame of R 1 with respect to that oR 4. The light lines in the background
refer to all other hypotheses on the estimate. Each light line represents the
life of an estimate. Plotting is interrupted for estimates whose normalized
mark goes below 0.15.

Another experiment, in which two robots are used
as deceiving mobile obstacles (they do not communicate
their measures), is shown in the accompanying video.
See alsonttp://www.dis.uniromal.it/labrob/research/
mutLoc.html  for more details and other experiments.

A. MultiReg running time

The running time of MultiReg, which accounts for most
of the cycle time of our mutual localization system, depends
on the numbej | of raw observations it receives in input,
as well as on the ambiguity of the multi-robot system
Fig. 9. Above: stroboscopic motion in the early steps of the experimen%.on g_uratlpn_. _Npte thatm_an J :. n .In unambiguous
(roboté are numbered 0 4). Below: the best estimates for the same steﬁguatlons’J iU J_ 1):_2 binary reg_|5tratlons_ are _needed 'FO
(lighter impressions indicates older estimates) and the measured featupg®@duce a solution; since each binary registration requires
measured by the robot detectors (small dots). constant time in the worst case, the time complexity of

MultiReg in this case i®(n?). In ambiguous situations, as
A clip of this experiment, including step-by-step commentsmany as(n  1)! irreconcilable solutions may exist, leading
is contained in the video accompanying the paper. to ano(n!) time complexity.

Fig. 10 summarizes the result of the experiment in terms of Fig. 11 reports some statistics on the running time of
estimation errors (cartesian and angular) and marks assignddItiReg as a function of j and of the number of so-
by DAEKF ; to the available hypotheses on the relativdutions it nds. The rst plot shows that the upper bound
pose of theR; xed frame with respect to that oR4. increases exponentially, the lower bound is constant and the
The timescale is 150 sec. Note in particular how the bestean value time has an approximately quadratic increasing
estimate, easily identi able by the three (darker) lines thatate. These results are consistent with the above theoretical
achieve the smaller errors and the higher mark, appears omigediction. In the second plot, the mean value increases
5 sec (approximately) after the beginning of the experimenlinearly whereas upper bounds are higher for small numbers
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mechanism from the DAEKF subsystem to MultiReg. More-
over, the ‘nearest neighbor’ policy of the data association can
be avoided by resorting to a particle lter that samples also
on data association, such as that developed in [19]. Work
in progress also deals with the application of the developed
system to decentralized tasks, such as formation control and

cooperative exploration.

(1]
(2]
(3]
(4]

Fig. 11. Max-min (horizontal ticks) and average (circles) values of (5]
the running times (ms) of MultiReg with respect to the number of input
observations and the number of solutions. Data based on 63898 executions
of MultiReg during 38 real robot experiments. [6

of solutions. This is due to the fact that small solution 7]

numbers were much more frequent (about 25000 samples

against a few dozens). All things considered, our experiment[sg]

indicate that the proposed mutual localization system can

easily run at 10 Hz for a team of ve robots. o]
VII. CONCLUSIONS

In this paper, we have presented a novel method for mutual
localization in multi-robot systems. In particular, our tech{10]
nigue allows to estimate the changes of coordinates among
the various robot frames using relative position measures that]
are anonymous as well as affected by false positives and
negatives. The data available to each robot are processeg
by the MultiReg algorithm to obtain a set of hypotheses
on the relative pose of the other robots of the team. The
anonymity hypothesis causes an ambiguity in the inversidh’!
of the observations, that is solved using a multi-hypotheses
Iter. Satisfactory performance has been obtained both in
simulations and in real robot experiments, showing that t
proposed localization system is applicable in practice.

One possible problem with the proposed approach is that
the running time of MultiReg may increase considerabI)Ll5]
if the number of its solutions grows. However, the case
with factorial number of different solutions is obtained
only in particular con gurations in which a subset of the[16
observations are roughly the same. We are currently devel-
oping a theoretical study of the ambiguity introduced b
the anonymity hypothesis, aimed at reducing the numb i
of MultiReg solutions by generating in linear time a single
representative for each class of equivalent solutions. AnothEgl
possible technique to reduce the complexity might be the
use of some threshold on the number of the registered)
observations. Another improvement would be obtained by
considering only solutions that are suf ciently close to the
currently available estimates, so as to introduce a feedback
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