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Abstract

Mobile robot teams are particularly suited to many applioatscenarios where infrastructure is
unavailable or damaged. For example, mobile robot teamsbeanseful for exploration in remote re-
gions or search and rescue after a disaster. Localizatiandividual robots in these teams is essential
for enabling many applications or improving the robot’s fmemance in particular tasks. However,
in infrastructure-less application scenarios, convensibtechniques for localization have many dis-
advantages such as cost, deployment time, inaccuracy amg\ense. Thus, there is a need for a
localization scheme that works in infrastructure-lesssres and is low-cost, quickly deployable and
energy-efficient while providing reasonable accuracy Fa &pplications.

In this paper, we propose CoCoBpordinatedCooperativeAd-Hoc localization. In CoCoA only a
subset of the robots in the mobile robot team are equippddextiernal localization devices (e.g. GPS,
or laser rangers with SLAM). Subsequently, while robot$qrer their tasks, the subset of robots with
localization devices help to localize other robots, avoglihe need for static landmarks to be deployed.
This is achieved using a modified Bayesian inference-basadization algorithm previously proposed
for localization in sensor networks. In addition, CoCoA rhoates this localization process using
multicast to put wireless devices in sleep mode periodiaaliich provides significant energy savings.
Using detailed simulations and localization models caltied from experimental data, we find that
CoCoA is effective in reducing energy consumption whileiging good localization accuracy.

Index Terms - mobile robots, wireless communication, lozaltion, cooperation, energy-efficiency.



1 Introduction

In many applications, mobile robot teams need to be deploygckly in an ad-hoc manner and
work without significant infrastructure support. Such srers arise when exploring remote terrains,
in disaster relief or when the system targets low costs. Istmach application scenarios, localization
is a critical system service required for the mobile robaints to operate effectively and efficiently.
For example, in search and rescue operation, the locatiaswfvivor needs to be indicated so that ad-
ditional personnel can be dispatched to the area. In thisrpaye explore how to provide a localization
system for mobile robot teams that work in such infrastriestess scenarios.

There are typically two extreme solutions to localizatinrsuch systems. On one extreme, all the
robots in the mobile robot team could potentially be equippwéh localization devices (e.g. GPS, laser
rangers with SLAM) so that no cooperation is necessary. Weweutfitting such devices @il robot
nodes increases system costs and energy drain. On the gtieane, each robot in the mobile robot
team could be provided with its initial position and depldyafter which it would rely on odometry
to localize itself. However, this technique is known to suffrom accumulated localization errors
due to the inherent difficulties in providing highly accwatdometry. The localization error is likely
to be exacerbated by the uneven surfaces encountered inapahgation scenarios. Improving the
performance of this technique would require more precigecbstly odometry devices and there are
limits to the accuracy possible even with costly devices.

In this paper, we propose the CoCoA system that takes a mgitdlend between these two extremes.
In CoCoA, only a subset of nodes in the mobile robot team isppga with localization devices in
order to reduce costs. Subsequently, CoCoA makes the roboperate in localizing each other using
RF beacons through cheap commodity IEEE 802.11 wireless citobile robot teams in many cases
already have such wireless devices for inter-robot or rébaperator communication and they can be
reused for CoCoA as well. It is well known that wireless trarssions consume energy heavily. Thus,
CoCoA also proposes to coordinate this beaconing in ordexdoce the energy usage of the mobile
robot team spent on localization. The coordination is acdeusing the Mobile Robot Mesh Multi-
cast (MRMM) [1] protocol which itself operates in an infragtture-less environment. In summary,
CoCoA provides a low-cost, quick way to deploy and localizétirobot teams for infrastructure-
less application scenarios. We evaluate CoCoA using éetaiimulations and localization models
calibrated from experimental data.

The rest of the paper is organized as follows: Section 2 decthe design of the CoCoA sys-
tem, and the two components that constitute it: the cooperkicalization and the energy-efficient
coordination. Section 3 describes the experimental metlogg. Section 4 gives the evaluation of
our system. Section 5 summarizes the related work. Finallgection 6 we conclude the paper and



discuss future work.

2 CoCoA Design

In this section, we describe the design of CoCoA. We firsestatr assumptions about the mobile
robots in the team as well as the RF communication mechaménthen describe the two key compo-
nents of CoCoA: (1) the cooperative localization algorittamd (2) the energy-efficient coordination
mechanism.

2.1 Assumptions

We focus on an application scenario where many robots aitoserm a mobile robot network.
Each robot has a simple sensory ability and limited comprtat power. This makes it practical to
build a large number of such robots. The communication antbegobots is based on cheap open-
license wireless communication (IEEE 802.11b) at 2.4 GHhus Teflects our mobile robot testbed in
which mobile robots are equipped with laptops and PDAs aeddrsoco Wavelan 802.11b wireless
cards for communication. In addition, our testbed has 4rlesggers that can be used through the
laptop/PDA for robot applications. Thus, we assume thattsetuof nodes are equipped with laser
ranger receivers that provide localization through a SLA¥{ultaneous Localization and Mapping)
algorithm [2]. The size of this subset is a tradeoff betwesst and energy versus localization accuracy
and we study this in the evaluation.

2.2 Cooperative Localization

The first key component of CoCo0A is a cooperative beaconeblasalization scheme. In CoCoA,
robots that have localization devices transmit beacongevpeirforming their tasks and robots that do
not have localization devices receive these beacons tbdedhemselves. Whenever a robot without
a localization device receives an RF beacon from anothetyatexecutes a localization algorithm,
in order to refine its position estimate. This algorithm wast fproposed by Sichitiu et al. [3] for
localization instaticsensor networks. It uses the Received Signal Strengthdtai(RSSI) for ranging
and Bayesian inference to estimate the positions of theawmkmodes. We apply this algorithm to
mobile robot nodes.

Before running the algorithm, an offline calibration phaseecessary, which is described in the next
section. This phase constructs the PDF Table, which is¢tdreach node and maps every RSSI value
to a Probability Distribution Function (PDF) versus distan According to the algorithm, the robots
with localization devices periodically broadcast beacaokets as they move in the deployment area.
These packets contain the coordinates of the rohety ). When a robot without a localization device
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receives a beacon packet, it performs a lookup at the PDFe &atol obtains the probability distribution
function of the distance corresponding to the RSSI of thedepacket. Using this function, the robot
imposes the following constraint on its position estimatio

Constraint(z,y) = PDFrssi(d((x,y), (xB,yB)))

V(m,y) € [(mmma$max) X (yminaymam)] (l)

where P D Frss; is the probability distribution functioni((z, y), (x5, yg)) is the Euclidean distance
between the points with coordinates y) and(zg, yg), aNdzin, Tmazs Ymin, Ymae are the bounding
coordinates of the deployment area.

Bayesian inference is then applied and the new positiomeastiNew PosFE st is computed, based
on the old position estimateld PosE'st and the new constraiitonstraint:

NewPosEst(x,y) =
OldPosEst(x,y) x Constraint(x,y) (2)
[Zmaz [Ymaz O1q PosEst(x,y) X Constraint(z,y)

Tmin 'min

V(Ucay) € [(wminawmax) X (yminaymax)]

The initial position estimate for each robot is initializeda constant value, since in the beginning, a
robot is equally likely to be in any position in the deployrarea.

This process is repeated for each received beacon packetlyf-if the robot has received at least
three beacon packets, it uses the last position estimatesPtwscompute its best position coordinates
(z,7) as follows:

Ymazx

Tmazx
T = / / x X PosEst(x,y)dzdy
x

min Ymin

3)
Tmax Ymax
g = / y X PosEst(z,y)dzdy
x

min Ymin

Experimental Verification This algorithm assumes that, for each signal strength yéhgeproba-
bility distribution function of this value versus distanseGaussian. In our outdoor experimental tests
with our mobile robot equipment, we have found that this ag#tion correctly models the real world
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Figure 1. Probability distribution functions (PDFs) for two differeReceived Signal Strength values

for signal strength values up to -80dbm, which corresponghtgsical distances of up to 40 meters.
One example of this function is shown in Figure 1(a) for RSSb2dbm. For distances larger than
40m, the noise in the signal strength measurements flustalaie to multipath and fading, and the
probability distribution function of the signal strengtargus distance can no longer be approximated
by a Gaussian, as shown in Figure 1(b) for RSSI = -86dbm. Nhatiethis reflects our particular hard-
ware and may not be general for all configurations. Howewenrfost 802.11b cards which typically
have a transmission range of more than 150m, the Gaussiampssn is likely to hold for up to 40m
distances at which the signal strength will be high.

2.3 Energy-efficient Coordination

The second key component of CoCoA is the energy-efficientdioation of the localization algo-
rithm. It is well known that wireless transmissions of data@uch more expensive than computation
in energy costs. In fact, this is the reason for performingragsive aggregation of data before for-
warding them in wireless sensor networks. Apart from lingtthe number of wireless transmissions,
another fundamental technique to conserve energy is to wa#tesleep periodically. This is useful
because typical 802.11 radios (e.g. the Lucent Wavelan —@omoco) consume as much energy
being idle, as when receiving packets [4]. Thus, signifiear@rgy savings are only possible if radios
are put in sleep mode instead of idle mode (50mW versus 900iH@yever, this requires that nodes
be synchronized to some extent. We design CoCoA to requiseamarse-grained synchronization
achievable through wireless communication among the ragbbots. Once synchronized, the nodes
coordinate their wake-sleep periods such that energy isszwad:

The time-line of CoCoA operations is depicted in Figure 2.sAswn in the figure, time is divided

1The wake-sleep periods regulated by CoCoA can be easilj@ditpaccommodate scenarios when the radios need to
be awake because of the application tasks.
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Figure 2. Energy-efficient coordination in CoCoA.

into successive beacon periods (T). Within each beaconghexismall fraction is set aside as a transmit
period (t). Both the robots with localization devices and thbots without such devices are coarsely
synchronized to follow this time-line. The functions thath type of robot performs are also depicted
in Figure 2.

The robots with localization devices transrhiRF beacons during the periodifter every beacon
periodT. k beacons are used for increasing the reliability of beacdredyg. Our evaluation uses
k=3. The RF beacon is sent via UDP broadcast. Each beaconditioadto the IP and UDP headers
(20 bytes each), contains the location (x and y coordinaiEf)e sending robot obtained from the
localization devices. The robots without localizationideg wake up during each transmit period and
use the beacons to execute the localization algorithm predén the previous section. Following this
transmit period, the robots without localization devices wdometry to estimate their position until
the next transmit period. At that point the robots throw awsir currently estimated positions and
find a new position using the beacons. If certain robots doetsive any beacons, they continue with
their old estimated position from the previous beacon gerio

To achieve coarse-grained synchronization, we use MRMMuiMdrobot Mesh Multicast), a pro-
tocol specifically designed to provide multicast operaiiomobile robot networks, proposed in [1].
This allows us to reuse the 802.11 wireless device used ¢alil@ation to also perform synchroniza-
tion.

MRMM [1] allows CoCoA to build a virtual mesh of robots from vah control packets for synchro-
nization can be delivered to each robot in an energy-efficieanner. MRMM (Mobile Robot Mesh
Multicast) is based on the ODMRP (On Demand Multicast Raufnotocol) [5] multicast protocol
developed for mobile ad hoc networks. MRMM is an extensiothef ODMRP protocol with spe-
cific features for efficient operation in mobile robot apptions. Both protocols consist of two major
phases:

e Mesh construction and maintenance: A mesh is created ussubset of the mobile robots



part of the network. The mesh is a structure in the network shat all group members are
part of the mesh and certain number of non-members are tednd forward packets so that
no disconnections occur and some redundancy is presens mMésh has to be dynamically
reconfigured and adaptable to disconnections due to mpobilit

e Data delivery: Data packets are broadcast by robots thgizat@f the mesh so as to be received
by all the group members at that point in time.

MRMM broadcasts a JOIN QUERY message in order to construceshnfor data delivery. The
JOIN QUERY is rebroadcasted by nodes in the mobile robototwConsider a set of nodes (robots)
G that make up the entire mobile robot network. A JOIN QUER¥st from among thesg nodes,

a set of noded” C @ that are on the path from the source to all the group membehe s&t of
group members is denoted a5. MRMM exploits the mobility knowledge present in mobile aib
networks, i.e. the knowledge df..;, v andt in order to run anesh pruning algorithmThe objective

of the pruning algorithm is to select a new set of nodes- F' that maximizes the lifetime of the
mesh without greatly affecting the redundancy and pathtlengf the resulting mesh formed by the
set of noded”. SinceP is generally smaller thaf', the number of rebroadcasts and consequently the
overall control overhead will be reduced in MRMM. Anothergartant consequence of this is that the
data packets will travel over a sparser mesh resulting irrtavamber of data transmissions required
to deliver all the data packets. Thus, MRMM will have an imyd forwarding efficiency.

CoCoA synchronization using MRMM is depicted in Figure 3 avatks as follows. At the begin-
ning of the deployment, one robot designated assyrecrobot, begins to send SYNC messages using
the data delivery mechanism of MRMM. These SYNC messageseareat the beginning of every
beacon period by the Sync robot. A SYNC message containsettieds’’ andt. Each node upon
receiving a SYNC message, sets up its internal timers fapshgy and waking up the radio accord-
ing to the specified values @f andt in the packets. This allows a human operator to dynamically
adjust these values to depend on the application by nogjfihe Sync robot to advertise new values.
The SYNC message is broadcast down a sparse mesh (depidtegline 3), set up dynamically by
MRMM, until it reaches every mobile robot. The mesh autopaly adjusts to mobility, thus allows
CoCoA synchronization to work with mobility as well.

3 Methodology

We use the Glomosim simulator [6] to evaluate the perforreafcCoCoA. Glomosim is a widely
used mobile wireless network simulator with a detailed aocueate physical signal transmission
model. We implemented the robot movement model as well aslametry model (described below)
in Glomosim.
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Figure 3. Coarse grained synchronization in CoCoA.

Movement and Odometry Models: The movement model used for the robots is as follows. As the
simulation starts, each robot is given a random command t@nwa random destination in the given
area and starts moving towards the chosen destination sjtle@d chosen uniformly between 0.1 and
Umae Meters/second. We vary,., as 0.5m/s and 2.0m/s to study its impact on the performance of
CoCoA. Once the robot reaches the destination, it is giveewarandom command (to move to a new
destination with a newly chosen speed). This effectivelydat® the movement of a group of robots
performing tasks: each robot moves towards a particular, gerforms a task, and then moves to the
next position.

We implemented an odometry model in Glomosim to simulaterti®ts actual movement with
errors in position estimation. We assume odometry dispi&ce error to be zero-mean Gaussian with
standard deviation 0.1m/s and assume the angular odomeint@ also be zero-mean Gaussian with
standard deviatioh0°.

Energy Model: Since our wireless communication is based on IEEE 802.11doet the energy
model and measurements of IEEE 802.11 wireless cards inf§éJuse a wireless network interface
with a 2 Mbps bandwidth. Our simulations model the energynspetransmission, reception, idling
and sleeping along with the energy spent in powering the @awahd off.

Metrics: The following metrics are evaluated for the CoCoA systenm:L@calization error— The
distance between the real position of the robot and wheredbet estimates itself to be; and (2)
Energy consumption The total amount of energy consumed by the the robot teasofamunication
and localization. This includes energy spent during sendird receiving both data and control packets
as well as energy spent when the wireless device is idle de@psnode.
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Figure 4. Localization error over time using only odometry.
4 Performance Evaluation

In this section, we evaluate the performance of CoCoA andsiigate the impact of the different
configuration parameters. In all the simulation experimmente assume a total of 50 mobile robots
operating in an area of size of 40008. Half of the robots are equipped with localization devices
unless otherwise stated. The robots move according to themment model defined above. The
simulation time is 30 minutes.

The outline of the evaluation is as follows: We first examioe/twell the extreme approach of only
using odometry given an initial position estimate perforé& then evaluate the performance of our
RF localization algorithm by itself. Next, we evaluate thexfprmance of CoCoA, which combines
odometry with RF localization in comparison to the previbwe approaches. Finally, we study the
impact of various parameters on CoCoA performance and dstrade its energy-efficiency.

4.1 Localization using only odometry

In this section, we show how the localization error growsréwvee when the mobile robots rely only
on odometry. In this experiment, the robots are providet ieir initial coordinates, but during the
simulation duration of 30 minutes, they only use odometrgntntain an estimate of their positions.
Figure 4 depicts the average localization error over alBiheobots at each second for the simulation
duration, for two different maximum speeds: 0.5m/s and 2m/s

Figure 4 shows that, in spite of the instantaneous varigtithe average localization error increases
significantly over time. After half an hour, it becomes largean 100m for both speeds. Thus, using
only odometry is not accurate enough for a robot to maintaia@urate estimate of its position over
a long period of time, even when the robot is initially proadwith its real position. The reason for
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this is that the odometry error is accumulated over timeudd explains it with an example. This
example shows the path followed by a robot and the estimat#ddysing odometry. We denote by
(x;,y;) the real positions of the robot and By;, y;) the positions estimated using odometry. As we
can see in this figure, the robot starts at position y; ). At that moment the position estimate! , /)

is the same as the real position (we assume that the robatvglpd with its initial position). When
the robot reaches at positidn,, y-), due to the odometry displacement error, it estimate itsdde

at (x},y5), which is different thar{z, y»). Furthermore, when the robot turns Bt (z2, y-), due to
the angular odometry error, it estimates a turrghywhich is different thart. This, combined with
the displacement error will result in the robot estimatitsglf to be at(«%, v}), when it actually is at
(x3,y3). In general, if we use only odometry for the location estiorgtthe error can be very large
after a long period of time. For example, in Figure 5, the tldnal position estimatézg, yi) is very
far from its real final positiofize, y).

This shows that odometry is useful only for a small periodrogt, after which, robots need to update
their position estimates using external devices. Figurelgshus to define the period T during which
the robots can use odometry without a significant degraadatigheir position estimates. Every T
seconds, the robots equipped with localization devices t@transmit beacons with their coordinates,
and the other beacons reset their position estimates. Qdlyjdhe period T depends on the accuracy
required for a specific application.

4.2 RF Localization

The previous section demonstrated the need for externadeteto improve localization accuracy.
In this section, we use the Bayesian RF localization metlesdibed in Section 2 @ithout odometry
and measure the localization accuracy achieved. For tipsrarent, robots with localization devices
every T seconds transmit beacons with their coordinates fansmit period t = 3 seconds, and in the
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Figure 6. Localization error over time using only RF localiz ation. Impact of different beacon periods

is depicted.

same time, the rest of the robots execute the localizatgoridhm and update their position estimates,
which remain the same, until the T-second period expires.

The results of our evaluation are depicted in Figure 6 fdied#nt values of T. Note that the local-
ization error is only reported for nodes that are not equippéh localization devices. The results
show that compared to using odometry, the localization r@oyuis significantly improved by using
RF localization. We observe that the localization errordmees minimum in the beginning of every
period T, and it increases with time, as the position esesibecome stale. Figure 6 also shows that
the accuracy depends on the selected period T. Larger Tesdhe accuracy over time, because the
robots update their positions less often. On the other heatatger T can reduce energy consumption
as we will demonstrate in the later half of the evaluation.

In addition to providing improved accuracy in comparisorottometry, RF localization does not
require an initial position which makes it easy for robotbéadeployed arbitrarily. However, in CoCoA
we propose to incorporate odometry information as well addeBlization so that the localization
error is reduced when beacons are not received (e.g. dudtonkepartitions or in the rest of a beacon
period, before the robots with localization devices tramsmain their coordinates). We explore the
performance of CoCoA in the next section.

4.3 CoCoA: RF Localization and Odometry

In this section, we evaluate the performance of CoCoA, wbarhbines RF localization and odome-
try. We start by comparing the localization error over time@oCoA in the previous scenario, against
the two previous approaches: using only odometry and usihgtbe RF localization algorithm. For
this comparison we selected T = 100 sec. The evaluationtsesn@ shown in Figures 7(a), 7(b) for the
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two different maximum speeds.

We observe that CoCoA offers significantly higher accuraoynpared to the other two approaches,
since it combines the advantages of both. For example, theage localization error over time for
a maximum speed 2 m/s is only 6.5m with CoCoA, while it is al#2rm when only the localization
algorithm is used.

Figure 8 shows the Cumulative Distribution Function (CDF)h® localization error in CoCoA for
three different time instances (in the end of a beacon pgusicbefore the start of the next transmit
period, in the end of a transmit period after localizatios baen completed, and in the middle of a
beacon period while the radio is sleepir%gseconds after the transmit period is over).

As expected, the localization is best right after beacoaseeived at time 804s. Since T=100s, the
time instant 804s is right after a transmit period has oezlrThe CDF also shows that the locations
do deteriorate over time but not significantly. These resigimonstrate that CoCoA improves not only
the overall average localization error but also reduceddbaization error of a large fraction of the
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nodes. For example, Figure 8 shows that more 90% of the rdlawts a localization error lower than
10m.

In the next two subsections, we study the performance of @o@anore detail, in relation with
two important parameters: the perigdand the number of robots equipped with localization devices
CoCoA offers one more important advantage, in addition éldicalization accuracy. It reduces the
energy consumption, by putting the radios of the robotsdesmode during each period T and waking
them up in the beginning of the next period. We also studysefiext in the next section.

4.3.1 Impact of Beacon Period

In this section, we evaluate the impact of the beacon péfiadd discuss how this should be chosen to
provide a good tradeoff between localization accuracy aedgy consumption. The evaluation results
are shown in Figures 9(a), 9(b).

Figure 9(a) shows the localization error over time for foiffedent beacon periods: 10, 50, 100
and 300 sec. In general, a small T improves the localizatcmuracy over time, since it gives the
robots the chance to update frequently their position egés1 However, we surprisingly observe that
for very small T (T = 10 sec) the average error over time becowarse (it is about 7m for T = 10
sec, 5m for T = 50 sec and 6.6m for T = 100 sec). This shows tleapdisition updates due to the
localization algorithm are not always accurate. Some “l@Hcons, e.g. beacons received from long
distances may deteriorate the performance of the algoriffanthis reason, the algorithm should not
be executed arbitrarily frequently, but only when the edwoe to odometry has become quite large.

On the other hand, a very large value for T reduces energyiogpi$on, since the radios are in sleep
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mode most of the time, and there is a limited number of tragsimmns/receptions which consume much
energy. This is shown in Figure 9(b). In this figure we alsomstite energy consumption for CoCoA
without coordination, i.e., when the radios do not go to tkeg mode, but they remain idle when they
do not send or receive beacons. We observe that in that casaéingy consumption is 2.6 to 8 times
larger than the case with coordination, depending on thedseperiod T.

From Figure 9(a) we observe that the localization error smé€hange a lot when T changes from
50 sec to 100 sec. Also from Figure 9(b) we observe that theygrmensumption changes very slowly
for T larger than 50 sec. Hence, the values between 50 andetOfrs the best for the beacon period
T, offering both high accuracy and low energy consumption.

4.3.2 Impact of Number of Localization Devices

In this section, we evaluate the performance of CoCoA wittednt fractions of nodes equipped with
localization devices. Reducing the number of such nodascesicosts but can lead to inaccuracies in
localization due to fewer beacons in the system. A small rermobrobots equipped with localization
devices may affect the localization accuracy in two waysstFsome robots may not be able to receive
any beacons, and they will localize themselves using onbnuatry, for one or more beacon periods
T. Second, a robot may receive very few beacons, all from ¢hstgnces or from one side of the robot,
and in that case the localization algorithm will have poanaacy.

The evaluation results are shown in Figure 10. For this expsart we varied the number of robots
with localization devices from 5 to 35. In this figure we obhsethat the average error over time
does not increase a lot, when we reduce the robots with fatadn devices from 35 (5.2m) to 25
(5.9m). Thus, by installing localization devices on onlyflwd the robots, we can achieve an average
localization error over time less than 6m and a maximum ées® than 10m, by significantly reducing
the cost. Depending on the application, we can reduce theeges more, by using only 15 robots
with localization devices, which gives an average error tivee of about 8m and maximum error less
than 12m.

In summary, the results demonstrate that CoCoA is an ergdfgyent, cost-effective and easily
deployable architecture for localization of mobile robiotenfrastructure-less environments.

5 Related Work

Robot localization is a widely studied problem in robotids.can be defined as the process of
maintaining an estimate of the robot’s location with resgedts environment. We can distinguish
two cases for localization. The case when there is no a gkiwwledge of the robot’s location is
known asglobal localization and it is a particularly challenging task. The case wherrdhet has
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Figure 10. Impact of number of robots with localization devi ces on localization error.

some initial estimate about its position, and it tries torefihis estimate, using observations from
the environment, is known gsose maintenanceMany different localization techniques have been
proposed since the problem first appeared. Some of them aderdekoning, triangulation, Kalman
Filter, Bayesian approaches and topological approaches.

Dead reckoning is the simplest approach for pose maintenafice robot keeps track of how far
it moves in each direction, and then it adds these distamcés tnitial position estimate, in order
to obtain an updated position. The most common way to do $hig/iusing an odometer. The use
of an odometer only is not enough for accurate localizatimtause the odometry errors are added
to the initial position estimate, and the total error is anaolated over time. Hence, for long-term
localization, the robot has to periodically update its posiusing external references, e.g., landmarks
equipped with GPS devices [7, 8, 9, 10, 11, 12, 13, 14, 15, 16].

When distance to three or more landmarks is known, triatigumlar multilateration can be used
respectively to estimate the robot’s position. This apphodepends highly on the quality of the dis-
tance measurements to the known landmarks. If the measnote@e@ not accurate enough, which is
usually the case for RF signals, due to phenomena such agfatiadowing, multipath propagation,
etc., the localization error can be large. In such casesg expensive devices have to be used for mea-
surements (e.g. acoustic devices and lasers) or more amatgalitechniques, such as Kalman Filter,
Bayesian or topological approaches.

Kalman Filter [8, 9, 10, 11] represents the robot’s posigstimate as a Gaussian distribution, and
it uses sensor data from both dead reckoning (odometry) =ietdnal observations to obtain a new
distribution. Kalman Filter works only when we can assured #il distributions are linear. If this
assumption does not hold, Bayesian approaches can be gseadnsuch as Markov localization [12,
13], or Monte Carlo localization [14, 15]. All Bayesian appches use a grid representation of the
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environment, and estimate the probability of the robot tinbeach grid. Another way of representing
the environment is by using a topological map, represerdedgeneralized Voronoi graph [16].

In [17], the authors propose the use of 802.11 wireless deviar robot localization and apply a
method similar to ours — system calibration followed by Bage interference. The main difference
of this work compared to CoCoA is that it was proposed for ordocalization. This means that
signal strength measurements cannot be mapped to distasicgsGaussian functions, since in in-
door environments signal strength is highly affected bynoimeena such as multipath propagation and
fading. Instead, a signal strength map is built during systalibration and the system learns the
signal strength observed at a number of positions. Thene8awy interference uses the measured sig-
nal strength value (and not the distance), and selects atherlgarned positions the one with signal
strength closest to the measured value as the robot’s gositi

Multi-robot localization, where robots cooperate to lamakach other, has also been studied during
the last 10 years. The basic principles can be found in [7grevlthe authors propose a scheme called
“Cooperative Positioning”. In this scheme some of the relkmtt as landmarks, helping others to
estimate their positions. No localization devices are usethce robots periodically change roles;
localized robots stop moving and act as landmarks, whiletshcting as landmarks are allowed to
move and estimate their new positions, based on the new akgdmObviously this adds accumulated
errors. To minimize these errors extra constraints are g@agon robots movement.

Different approaches can be found in [18], [19], [20], and][2n [18] a sample-based version of
Markov localization is proposed. Teams of robots localimmselves in the same environment using
external landmarks, and probabilistic methods are therniamag to synchronize each robot’s belief
whenever a robot detects another. The algorithm requiegghb robots be equipped with cameras and
laser range-finders in order to detect each other.

A Kalman-Filter approach is used @ollective Localizatiorproposed in [19]. Each robot collects
information about its own motion and shares this informratiath the rest of the team during update
cycles. A Kalman Filter processes the available positignirfiormation from all the members and
produces a pose estimate for all of them. The paper focushswro decompose the single Kalman
filter in smaller communicating filters. Note that this medirelies entirely on external landmarks; no
attempt is made to sense other robots. In [22], the methodeméed to include resource-constrained
localization. Constraints on the available bandwidth, @i ws communication and processing re-
guirements limit the number of measurements that can beepsed at each time step. The authors
take these constraints into account and formulate an amiion problem, whose solution provides
the optimal sensing frequencies in order to maximize théiposaccuracy for the whole group.

A different approach in which no external landmarks are iregucan be found in [20]. In this
method each robot can measure the relative pose of nearbisr@ising either vision or scanning laser
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range-finders) and changes to its own pose (using either ettlpror inertial measurement units). A
combination of Maximum Likelihood Estimation and numefigptimization is then used to infer the
relative pose of each robot in the team.

Finally in [21] a method for simultaneous localization andpbuilding (SLAM) is proposed. The
robots estimate the position of static landmarks and Ieeahemselves with respect to landmarks and
other robots, using a set theoretic approach.

In contrast to these previous works, CoCoA is a general marpochitecture which allows mobile
robots to cooperate and coordinate in localizing each pthignout the need of external landmarks,
and without the need of expensive localization devicesllest on all robots. Moreover, CoCoA is not
tied to a specific localization technique. In this paper, \@eehimplemented a Bayesian technique in
the CoCoA localization component. Other approaches caelidtegrated in CoCoA as well. CoCoA
provides the means for any specific localization techniqusetused in a cooperative and coordinated
manner.

6 Conclusion and Future Work

In this paper, we proposed CoCoA: an architecture for logt;cquickly-deployable and energy-
efficient localization for mobile robot teams in infrasttuie-less environments. CoCoA equips few
robots with localization devices, such that in the procéggedorming their own tasks, they cooperate
and help to localize the other robots. In addition, CoCoArdowtes this localization process using
multicast to put wireless devices in sleep mode and prosagsficant energy savings. CoCoA pro-
vides reasonably accurate locations which can be usefah&my applications. For example, CoCoA
coordinates are good enough to enable scalable geograypiticg [23] of messages and data among
the robots or to a controller. The average localizationreég@bout 8m when only one third of the
robots are equipped with localization devices. This candsdul for many applications, such as search
and rescue operations, since survivors can be locatedwdthi Pinpointing the exact location of the
survivor is then trivial once more resources are deploydbdarea.

There are also several interesting avenues for furthesiigation. One area is to use the robots
that do not have localization devices but are already Ipedlto also initiate beaconing. This could
potentially reduce the need for robots equipped with laedilon devices and lower costs. On the other
hand, itis hard to ascertain the goodness of the locationteplar node has and using such techniques
could potentially increase localization errors. Anotheeraue for investigation is whether and how
CoCoA coordinates can be used to improve the performangeeedsof more fine-grained localization
techniques (e.g. using a laser ranger). We are also inter@stietermining how transmission power
control can be used to increase the distance that nodes @a@ieA architecture can cooperate. It is
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interesting to investigate the noise distributions of RRdm#s when operating over special hardware
that supports power control. In this paper we evaluated @oging simulations. A testbed evaluation
requires a large number of robots, which are not currentilable in our testbed. This is a focus of

our future work. However, we believe CoCoA would work welldmeal world deployment since our

simulation model is based on data from real wireless sigredsurement tests and not a theoretical

model. Thus, we expect a close correlation between our aimulresults and a real world deployment
of CoCoA.

Acknowledgment

This work was supported in part by the National Science Fatiod under Grant [1IS-0329061.

References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

S. M. Das, Y. C. Hu, C. Lee, and Y.-H. Lu, “An efficient groq@mmunication protocol for
mobile robots,” inProc. of IEEE ICRA2005.

M. W. M. G. Dissanayake, P. Newman, S. Clark, H. F. Durféfttyte, and M. Csorba, “A solu-
tion to the simultaneous localization and map building (8)Aroblem.”|IEEE Transactions on
Robotics and Automatigrol. 17, no. 3, 2001.

M. L. Sichitiu and V. Ramadurai, “Localization of Wireds Sensor Networks with a Mobile
Beacon,” inProc. of MASSSeptember 2004.

L. M. Feeney and M. Nilsson, “Investigating the energysomption of a wireless network in-
terface in an ad hoc networking environment,Aroc. of IEEE INFOCOM April 2001.

S.-J. Lee, M. Gerla, and C.-C. Chiang, “On-Demand MalsicRouting Protocol,” ifProc. of
IEEE WCNQC September 1999.

X. Zeng, R. Bagrodia, and M. Gerla, “Glomosim: A libramyrfparallel simulation of large-scale
wireless networks,” iProc. of PADS Workshop/ay 1998.

R. Kurazume, S. Nagata, and S. Hirose, “Cooperativetiposng with multiple robots,” inProc.
of the IEEE International Conference in Robotics and Autboma1994.

R. Smith and P. Cheeseman, “On the representation amdatgin of spatial uncertaintyJournal
of Robotic Reasearghkol. 5(4), pp. 56—68, Winter 1987.

18



[9] A. Davison and N. Kita, “3d simultaneous localisatiordanap-building using active vision for a
robot moving on undulating terrain,” iRroc. IEEE Conference on Computer Vision and Pattern
RecognitionDecember 2001.

[10] J. Guivant and E. Nebot, “Optimization of the simultans localization and map building al-
gorithm for real time implementationJournal of Robotic Reasearctiol. 17(10), pp. 565-583,
2000.

[11] J. F. Leonard and H. Durrant-Whyte, “Mobile robot lazation by tracking geometric beacons,”
IEEE Transactions Robotic and Automatjeol. 7(3), pp. 376—-382, 1991.

[12] D. Fox, W. Burgard, and S. Thrun, “Markov localizatiaor fmobile robots in dynamic environ-
ments,”Journal of Artificial Intelligence Researchiol. 11, pp. 391-427, 1999.

[13] K. Konolige and K. Chou, “Markov localization using eetation,” inProc. of IJCA] 1999.

[14] D. Fox, W. Burgard, F. Dellaert, and S. Thrun, “Monte loalocalization: Efficient position
estimation for mobile robots,” ifroc. of AAA] July 1999.

[15] S. Thrun, D. Fox, W. Burgard, and F. Dellaert, “Robustnteocarlo localization for mobile
robots,”Artificial Intelligence Journal2001.

[16] B. Kuipers and Y.-T. Byun, “A robot exploration and maipg strategy based on a semantic
hierarchy of spatial representationggurnal on Robotics and Automatic Systemd. 8, pp.
47-63, 1991.

[17] A. Ladd, K. Bekris, A. Rudys, L. Kavraki, and D. Wallact®n the feasibility of using wireless
ethernet for indoor localization|EEE Transactions on Robotics and Automatieol. 20, 2004.

[18] D. Fox, W. Burgard, H. Kruppa, and S. Thrun, “A probaditilc approach to collaborative multi-
robot localization,”Autonomous Robatsol. 8, 2000.

[19] S. Roumeliotis and G. Bekey, “Distributed multirobatchlization,” IEEE Transactions on
Robotics and Automatiorol. 18, 2002.

[20] A. Howard, M. Mataric, and G. Sukhatme, “Localizatiar mobile robot teams using maximum
likelihood estimation,” inProc. of the IEEE International Conference on IntelligemttiRts and
Systems2002.

19



[21] M. D. Marco, A. Garulli, A. Giannitrapani, and A. VicindSimultaneous localization and map
building for a team of cooperating robots: a set memberspigaach,” IEEE Transactions on
Robotics and Automatiorol. 19, 2003.

[22] A. Mourikis and S. Roumeliotis, “Optimal sensing segies for mobile robot formations:
Resource-constrained localization,”Rnoc. of Robotics: Science and Systef805.

[23] P. Bose, P. Morin, I. Stojmenovic, and J. Urrutia, “Ragtwith guaranteed delivery in ad hoc
wireless networks,” ifProc. of ACM DialM WorkshopAugust 1999.

20



