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Abstract—This paper presents a multi-robot mapping and
localization system. Learning maps and efficient extpration of
unknown environment is a fundamental problem in molde
robotics usually called SLAM (simultaneous localizabn and
mapping problem). Our approach uses a team of mola robots
which uses scan-matching and fast-slam techniguesorf
mapping. The single maps generates for each robot @more
accurate than map generated by odometry data. Whea robot
detects another, send its processed map and the resrobot
can generates a global map very accurate. This wayime
necessary to build the global map is reduced.

Index Terms— Multi-robot SLAM, scan-matching, fast-
slam, rao-blackwellised particle filter.

I. INTRODUCTION

L

robotics. This problem is usually
(simultaneous localization and mapping problem@[13, 4,
5, 6], which includes estimating the position oé ttobot
relative to the map and building a map using theseey
input and the estimated robot’s pose.

their relative locations and share a map of the dahey
explored so far, then effective coordination carabkieved
by guiding the robots into different, non-overlappiareas
of the environment [9], [10], [11]. However, if tmebots do
not know their relative locations, then it is fas$ obvious
how to effectively coordinate them, since the rebdd not
share a common map or frame of reference [7].

Map merging task consists on building a consistendel
of an environment with data collected from differesbots.
If the initial locations of the robots are knownapnmerging
is a rather straightforward extension of a singtdot
mapping [12], [13], [14]. If robots do not know theelative
locations is more difficult, since it is not cleaow and
where the robots’ traces should be connected.

One of the hardest problems in robotic mappindnad of
loop closure [15]. When robot navigates a largdecyt the

EARNING maps and efficient exploration of unknown€nvironment, it faces the hard data associationoofectly

environment is a fundamental problem in mobil€onnecting to its own map under large position rsrrgo
called SLAMScale to large-scale environments, one option stsgin

transform sequences of laser range-scans into ddome
measurements using range-scan registration teamidis],
which reduces the well-known particle deprivatiookgem
[17][18].

The problem of exploration of an unknown environmen Rao-Blackwellized particle filters have been intiodd as

has been extensively studied, firstly using singidot
systems with a variety of sensors and later usi@ms of
robots. The first implementations of multirobot Exption

effective means to solve the simultaneous locatinaand
mapping (SLAM) problem. This approach uses a partic
filter in which each particle carries an individumap of the

systems were simple extensions of the single robfvironment [19], [20]. The main problem of the Rao

implementations. Multiple robot systems are mormgiex
than other distributed systems because they hadeaiowith
a real environment, which is more difficult to mbdance it
is dynamic, unpredictable, noisy, etc. Thereforbge t
extension to multiple robots systems brings seveek
challenges and difficulties [7][8]: coordination obbots,
integration of information collected by differemthots into a
consistent map and dealing with limited communaati
Multirobot exploration systems are usually classifias
centralized and decentralized. Centralized systebtsin
solutions close to the optimal but are computatigna
intensive and have a single point of failure. Oa tther
hand, decentralized systems are flexible and rohbust
frequently achieve significantly suboptimal solato
Therefore, the difficulty of the coordination taskongly
depends on the knowledge of the robots. If the t©know
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Blackwellized approaches is their complexity, meadun
terms of the number of particles required to bugd
accurate map. To solve this, Hahnel et al [15] dosd
Rao-Blackwellized patrticle filtering and scan matchwith

an improved motion model that reduces the number of
required particles. Grissetti et al. [21] presantadaptive
technique to reduce the number of particles in @-Ra
Blackwellized particle filter for learning grid mspthey
propose an approach to compute an accurate proposal
distribution taking into account not only the mowar of

the robot but also the most recent observations @hastic
decrease the uncertainty about the robot's posé¢hén
prediction step of the filter.

This paper presents a system for map merging feoraral
robots. The objective is to built a highly accuratap of
unknown environment with initial position of robots
unknown using Rao-Blackwellized particle filteringd scan
matching and compare them.

The algorithm to scan matching that we have implaet
is an extension of the approach presented in [46¢re the
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problem of concurrent mapping and localization dan \
treated as a maximum likelihood estimation problem, Nl
which one seeks to find the most likely map gives data:

Letmbe a map. At time the map is written:

m = {<OT , S1>}t=o,...,T @) D

whereor denotes a laser scan asdts pose, and tis time

index.
The goal of mapping is to find the most likely ngipen e I
the data, that is: | [
argmaxP(m|d, ) )
m —_

where data fis a sequence of laser range measurements & N
odometry readings:

d ={s,.8 5. 18] 3) T

wheresdenotes an observation (laser range s@dgnotes

. - . Fig. 1. Department of Electronics map (Corridom8l &).
an odometry reading, an@re time indexes. g P P )

The map likelihood functiof(m | d) can be transformed

into the following product [18]:
P(mldt)=/7EP(m)I---I|]P(0T Im.s)O0 | =
t=i : ] o -
T-1 Li k- : {/,.j\ \'\' w\ — ! £
[[]Pls.:la.s)dsl.ds @ iy L ad
=0 i i ‘g g
t 4y '\ &Y A
where Ois a normalizer ané(m)is prior over maps which, e —-"'“71
if assumed to be uniform, can safely be omittedusThhe 1 “: =
map likelihood is a function of two terms, the nootimodel, T W
g )

P(s+1 | & s ), and the perceptual modé(o, | m, 5 ). If

' > i : Fig. 2. Map obtained using odometry and laser déttzout tion.
stationarity is assumed (i.e., neither model depemd the 9 ap obtained using odometry and laser ut correction

time index t), the time index can be omitted anstead oy W
write P(s | a, s), for the motion model anB(o | m, s) for R |
the perceptual model. =~ A
Next, an example of performance of SLAM using scar” R A
matching compared with simple odometry and dat - & P [
representation is commented: S e
Figure 1 shows a manufactured map from Department BN
Electronics of University of Alcala (corridor 3 arnd). e }
Figure 2 shows the map obtained using odometrylaset ) I
data without any correction and figure 3 shows iap s‘-‘g ‘ [
obtained using scan-matching SLAM. It can be ses th id - L\_L__,.._u__.m;‘ ] s
scan-matching SLAM solves the errors existing usin T\‘ - e E"""‘““
1 k
odometry and laser data. |’1 3 = k.
L

Fig. 3. Map obtained scan-matching SLAM

Ill.  GRID-BASED FASTSLAM

This algorithm adapts the FastSLAM algorithm to
occupancy grid maps. This way, we can obtain amettc
representation of environment that it does not ireqany
predefined landmark, and therefore can model anyitr
types of environments. The pseudo-code for griccthas
FastSLAM [22] in each iteration is the following:

For i=0 to M do



X; = motion model(a,, X,_;)
Wi = model madot’xti—l’rni—l)

mi = update_mafo,, xti_l, mi_l)
Xo =X (x,m.w)

endfor

For i=0 to M do
Draw i with probabilitya-M

Add (x,m)to X
Endfor

Figure 4 shows the map obtained using grid-fastslam

Fig. 4. Map with Fast-SLAM.

IV. RAO-BLACKWELLIZED MAPPING
The key idea of the Rao-Blackwellized particleeiil{21]

for SLAM is to estimate a posterig(x, | 01, 8t about
potential trajectories; of the robot given its observations
0.1 and its odometry measuremerdg; and to use this

posterior to compute a posterior over maps anddrajies:

P(Xy, MOy, 85,) = P(M Xy ,04,) P(Xyy|Oy . Bs,) (5)

This can be done efficiently, since the posterigranaps

One of the most common particle filtering algorighiis
the Sampling Importance Resampling (SIR) filter.R&o-
Blackwellized SIR filter for mapping incrementally
processes the observations and the odometry readiag
they are available. This is done by updating adésamples
representing the posterior about the map and #jectory
of the vehicle.

This is done by performing the following four steps

Sampling: The next generation of particl@&ti is

obtained from the current generatio#n , by sampling

from a proposal distributior;TT()([|Ol.t ,Ay) -

Importance Weighting: An individual importance
weightw is assigned to each particle, according to

W = POdow, )
7% |0y 8y, )
The weightsw account for the fact that the proposal

distribution B in general is not equal to the true
distribution of successor states.

(6)

Resampling: Particles with a low importance weight
w are typically replaced by samples with a high
weight. This step is necessary since only a finite
number of particles are used to approximate a
continuous distribution. Furthermore, resampling
allows to apply a particle filter in situationswhich

the true distribution differs from the proposal.

Map Estimating: for each pose sampb&{, the
corresponding map estimaﬁ}i is computed based

on the trajectory and the history of observations
according to p(m{‘x'lt ,0,,) -

Figure 5 shows the map obtained using an improgridy
based SLAM with Rao-Blackwellized particle filters.

R e
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p(rﬂxm,on)can be computed analytically given the ° i L

knowledge ofk;., andoy .

To estimate the posteriorp(xl.t|olt,am) over the

potential trajectories Rao-Blackwellized mappingesusa
particle filter in which an individual map is assted to

every sample. Each map is built given the obsermai,

and the trajectorya;; represented by the corresponding
particle. The trajectory of the robot evolves adaug to the
robot motion and for this reason the proposal ithistion is

chosen to be equivalent to the probabilistic odoyn@iotion
model.

Fig. 5. Map with grid-based Rao-Blackwellized SLAM.



V. ARCHITECTURE

A. Robots

studying the robot localization. This source impéens the
motion, perception and detection models. Besidesitaal
simulator has been developed for testing the deteatodel

Four robotic platform have been developed based esing visual information and the localization prege

PeopleBot, pioneer DX and pioneer AT
ActivMedia Robotics [23] (see figure 6). Its areuture is
composed of four large modules: environment peroept
navigation, human-machine
services. The perception module is endowed witlhh@eis,

bumpers, sonar ring, laser sensor and a visioersybased
on a PTZ (pan-tilt-zoom) color camera connected tame

grabber. The human-machine interface is composed
loudspeakers, microphone, a tactile screen, thee SAfEZ

camera used in the perception module, and wiréléssrnet

link. The high-level services block controls thestref the

modules and includes several tasks of tele-assistarle-

monitoring, providing reminding and social inteiant[24].

P3-DX
Fig. 6. Robots.

P3-AT

B. Navigation module

The navigation module combines information fro
perception module for carrying out different taskke core

of this module is CARMEN (Carnegie Mellon Robotrig. 7. original image.

Navigation Toolkit) [25] which is an open-sourcdlection
of software for mobile robot control. CARMEN is mddr
software designed to provide basic navigation pives
including: base and sensor control, obstacle awvaciela
localization, path planning, people-tracking, arapping.

interface  and high-levede

robots of

C. Detection model

Robots must possess the ability to sense each. dthe
tection model describes the probability that tabds at
location x, given that robot m is at location xdgrerceives
robot n with measuremeny.r

To determine the relative location of other robatar
&’[Sproach combines visual information obtained faomon-
board camera with proximity information coming from
laser range-finder. Camera images are used to tdetieer
robots and together with laser range-finder sca@sised to
determine the relative position of the detectedbta@nd its
distance.

The robots are marked by a unique and colored enaok
facilitate its recognition (green cylinder). Thisayy the
marker can be detected regardless of the robdéstation.

To find robots in a camera image, our system filtgrs
the image by employing local color histograms (If&ce
color). Thresholding is then employed to search tfoe
marker’s characteristic color transition. If fourthis implies
that a robot is present in the image.

Once a robot has been detected, we process det obje
detected (size and position in the image) and dkerlscan
for calculating the relative location of the rol{ete figures
7 to 9). This multi-sensor technique has been gtoebust
in practical test. Currently, images are analyzed

approximately at a rate of 10Hz, this rate is sigfit for the
application at hand.

When a robot detects to the other one a detentafel is
generated (usually type Gaussian) that it represém:
probability that the detected robot is in this poifhis
detection model carries out the adjustment of Hrtigles by
means of Collaborative Monte Carlo localization.

This source has been modified to implement the imult

robot localization, because CARMEN only permits ker
with a single robot, and different initial distritoon for



Fig. 8. Processed image.
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Fig. 9. Laser scan. Robot'detect'ed.

VI. MULTIROBOT MAP MERGING

This section describes how to build a map from da
obtained by multiple robots. Nowadays, we are wagkuith
scan-match [16], grid-based fastslam [15] and beaded
fastslam with Rao-blackwellized patrticle filter [2ih map
merging and compared them. To do it, we have mexdlifi
some code and parameters in algorithms (GMappiry a
GridSLAM) obtained from OpenSlam.org [26] which
provides SLAM researchers a platform for publishihgir
algorithms.

In this initial work we focus our goal in developgira
multirobot map merging using scan-match technifjlext, a
merging map example is commented working with scal
match technique (see figures 10 to 14). The gohdik the
corridor 3 and 4 from Department of Electronics o
University of Alcala. Figure 10 shows the traje@sr
followed for each robot and figure 11 shows thebglamap
using CARMEN. Robot 1 explores across corridor 4 an
Robot 2 explores corridor 3, each robot built istial map
and calculates its pose any time. When robot 1 snextot
2, robot 2 send its map to robot 1. Robot 1 usegtrtial
robot 2 map and the detection model (robot 2's po:
detected) to generate the global map (Fig. 14).

Fig. 10. Robots trajectories.

Fig. 11. Complete map obtained using CARMEN.

Fig. 12. Partial map built by robot 2.
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