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Abstract— We present a Multi Field Distrib uted In-network
Task Allocation (DINTA-MF) algorithm for online multi-r obot
task allocation (OMRTA) where tasks are allocated explicitly to
robots by a pre-deployed, static sensor network. The idea of
DINTA-MF is to compute several assignment�elds in the sensor
network and then distrib utively assign�elds to differ ent robots.
Experimental resultswith a simulated alarm scenarioshow that
our approach is able to compute solutions to the OMRTA prob-
lem in a distrib uted fashion and arguably in an optimal way. We
compared DINTA-MF with a simpler implementation (DINTA)
which usesone assignment�eld. The data show that DINTA-MF
outperforms DINTA as the number of robots increases.

I . INTRODUCTION

We are motivated by a particular application of wireless
sensornetworks,namely, multi-robot taskallocation(MRTA).
TheMRTA problemhasbeenwell-studiedin theroboticscom-
munity [1], and is simply statedas the problemof allocating
tasksto robots.Of particularinterestis the online versionof
the problem (OMRTA), where tasks in the environment are
geographicallyandtemporallyspread,androbotsneedto visit
task locations to accomplishtask completion.The problem
is to assigntasks to robots optimally in an online fashion.
Previous MRTA approachesin the roboticscommunityhave
focusedon performingthe taskallocationcomputationon the
robotsor at somecentralizedlocation external to the robots.
All the sensingassociatedwith tasksandrobot localizationis
typically performedon the robots.

In recentwork [2], we have proposedanalternative strategy
basedon the interactionbetweena sensornetwork andmobile
robots.Tasks,upon arrival, are allocatedimplicitly to robots
by a pre-deployed, static sensornetwork. In prior work [3],
[4] we have developedan algorithm for the deployment,and
maintenanceof sucha staticnetwork by robots.We have also
developedalgorithmsfor exploration and navigation [3], [4]
whererobotsusethe deployed network to ef�ciently explore
an unknown environmentand navigate to a designatedgoal.
In [2], we assumethenetwork is pre-deployed(throughmeans
outlinedin [3], [4]), androbotshave to performspatiallyand
temporallydistributed tasksef�ciently . Our solution [2] was
to allow the processof task allocation to occur in the static
network throughdistributedcomputationand implicit assign-
ment of robots to tasks.We termedthe approachdescribed

in [2] DINTA: Distributed In-Network Task Allocation. The
basicideaof DINTA is thatgivena setof tasksdetectedby the
network, every nodek in the network computesa suggested
motion direction for a robot if its in the vicinity of k. The
ensembleof suggesteddirections computedover all nodes
is called a Navigation Field. An adaptive distributed value
iterationalgorithmis usedto computethe navigation �eld.

In this paper, we proposea variantof DINTA, wheremul-
tiple navigational�elds (onefor every task)aremaintainedin
thenetwork at a giventime.Fieldsareassignedto robotsusing
a greedypolicy. We call this approachDINTA-MF (multiple
�elds). Thedifferencebetweenthis approachandtheprevious
approachis that in DINTA-MF every network nodecomputes
the direction that the robot should follow in its locality for
every task in the environment. Like our previous work on
DINTA, we consideran online task assignmentproblem, in
which tasksneedto beassignedto robotsin real time andthe
distribution of tasks' arrival is not known a priori.

Our work is broadly situatedat the intersectionof mobile
robotsandsensornetworks.Theunderlyingprinciple in inter-
actionbetweenthe network androbotsis: the network serves
as the communication,sensingand computationmediumfor
the robots, whereasthe robots provide actuation(mobility),
which is used,amongother things, for network deployment,
repair, andother tasks.

We study a particular experimental scenario,emergency
handling,asan experimentalsubstrate.In prior work [5], we
have useda similar scenarioto studythe role of opportunism
vs. commitment in MRTA. In our experimental scenario,
eventsin theenvironmenttriggeralarms.An alarmis spatially
focused,but hastemporalextent (i.e. it remainson until it is
turnedoff by a robot). Alarms are detectedby sensornodes.
The task of the team of robots is to turn off the alarms
by notionally respondingto the emergency signaledby each
alarm. This is doneby a robot navigating to the location of
the alarm, which causesthe alarm to shut off. The goal is
to minimize the cumulative alarmOn Time acrossall alarms,
over the durationof the entire experiment.Eachalarm's On
Timeis computedasthedifferencebetweenthetime thealarm
wasturnedoff by a robotandthe time thealarmwasdetected
by oneof the nodesof the network.



We make the following assumptions:

1) The sensornetwork is predeployed in the environment
(onecouldusethealgorithmin [4] for automaticdeploy-
mentusingrobotsor rely on a manualdeployment).

2) In addition to deploying the network nodes, the de-
ployment algorithm also computesthe distributions of
transition probabilities P(s0js; a) from network node
s to s0, when the robot executesaction a [3]. The
appropriatedistributions are stored on corresponding
nodes.

3) An alarm requiresat least one robot to service it. To
turn off analarm,a robotneedsto appearin its vicinity.
Thus,the handlingof the alarmis purely notionalsince
that is not our focushere.

4) The nodesof the sensornetwork aretime synchronized
(high precisionis not required).Oneof several existing
techniquesmaybeusedfor this. As anexamplesee[6].

For completeness,we enumeratewhat we do not assume:

1) The robotsdo not have a pre-decidedenvironmentmap
or accessto GPS.

2) The environmentis not requiredto be static.
3) The robotsdo not performlocalizationor mapping.

Our key result is that the multi-�eld approach(DINTA-
MF) statistically outperforms our earlier implementation
(DINTA [2]). Further, DINTA-MF arguablyprovidesan opti-
mal solutionto anonlineassignmentproblemin termsof time
andassignedresources.

Thereare many applicationsof MRTA including security,
monitoring,andurbansearchandrescue(USAR) in theafter-
math of a naturalor man-madedisaster(e.g. building rubble
due to an earthquake or other causes).Further, the ability
of a sensornetwork to assigntasksto different robots, thus
servingasa multi-purposeinfrastructure,enablessolutionsto
problemsrequiring heterogeneousgroupsof robots. Imagine
a scenarioon a constructionsite which requirescooperation
of two distinct groupsof robots - transportersand builders.
Transportersconcentrateon delivering thematerialsto several
piles while builders choosethe type of material they need
from a correspondingpile and continueconstruction.Thus,
transporterrobotswould be guided(tasked) along a shortest
pathtowardsthe materialstorageareaor towardsthe pile that
requirescertainmaterialsthe most. While the builder robots
would be directedtowards a pile with requiredmaterialsor
towardsanotherbuilder needingassistance.In otherwords,the
network canbeusedasa distributedmulti-functionalmanager.
Notealsothateven thoughwe studytaskassignmentproblem
in the context of mobile robot task allocation, the proposed
systemcanbe appliedfor the generalonline taskassignment
problem where the resourcesare different from robots (e.g.
peopletrying to get outsideof the building would be guided
(tasked) to the closestexits, etc.).

I I . RELATED WORK

Our work is closely related to the body of literature on
using markers to aid mobile robot navigation. This idea has

received attention in coverageand exploration [3], [4], [7],
[8], [9], and navigation [3], [10], [11]. Ant-like trail laying
algorithms [10], [9] considera special caseof the marker
deployment approaches- when the distancebetweenthe two
consecutive markers is small. Therefore a trail is formed
that the robotscan follow and cover the environmentand/or
navigate. In thesecases,no inter-marker communicationis
necessary, indeedthe markersarepassive 'read-only'devices.

In [7], [8] the problem of graph coverage using a few
markers is considered.In both casesthe authorsstudy the
problemof dynamicsingle robot coverageof an environment
consistingof nodesand edges(a graph).The key result was
thattheability to taga limited numberof nodes(in somecases
only onenode)with uniquemarkersdramaticallyimprovedthe
cover time.

The problem of multi-robot task allocation (MRTA) has
received considerableattention.For an overview andcompar-
ison of the key MRTA architecturessee[1], which subdivides
MRTA architecturesinto behavior-basedand auction-based.
For example,ALLIANCE [12] is abehavior-basedarchitecture
that considersall tasksfor (re)assignmentat every iteration
basedon robots'utility. Utility is computedby measuresof ac-
quiescenceandimpatience.Broadcastof Local Eligibility [13]
is also a behavior-basedapproach,with �x ed-priority tasks.
For every task there exists a behavior capableof executing
the taskandestimatingthe utility of robot executingthe task.
Auction-basedapproachesinclude the M+ system[14] and
Murdoch[15]. Both systemsrely on theContractNet Protocol
(CNP) that makes tasksavailable for auction,and candidate
robotsmake 'bids' thataretheir task-speci�cutility estimates.
The highestbidder(i.e., the best-�t robot) wins a contractfor
the taskandproceedsto executeit.

DINTA-MF (and DINTA), differs from the above MRTA
approachesin the following ways:

1) DINTA-MF relieson a staticnetwork, andcommunica-
tion, sensingandcomputationaredistributed.

2) The utilities of task assignmentsare propagated and
computedby the network basedon purely local com-
municationbetweenthe network nodes.

3) The systemdoesnot requiremobile robotsto be within
communicationrangeof eachother. Thenetwork is used
for propagating messagesbetweenthe robots.

4) Thesystemdoesnot placea limitation on thenumberof
robots.Thereis no computationor communicationover-
headassociatedwith increasingthe numberof robots.

5) The system does not require one robot to recognize
anotherrobot.

I I I . TASK ALLOCATION: OFFLINE VS. ONLINE

The Task Allocation (TA) problem has two major subdi-
visions: Of�ine and Online. Of�ine TA is the problem of
assigningresources(robots) to different tasks(alarms)if the
tasks' information such as arrival time distribution, tasks'
weight or priority, etc. is known a priori . The assignment
processis thus of�ine. An of�ine TA problem, in its most
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Fig. 1. Examplesof navigation �eld computedby DINTA.

generalform, is equivalent to the NP-Completeconjunctive
planningproblem[16].

We focus on the other version of the problem - Online
Task Allocation. In online TA, the information about the
tasksbecomesavailable only upon arrival and hencehas to
be computedin real time. Therefore, the task assignment
occurs in decisionepochs. A decisionepoch is a period of
time during which only the alarms which have arrived are
consideredfor assignment.It is shown in literature[17] that
theoptimalsolutionto onlineTA assignsthetasksin a greedy
fashion.Also [17] show that the greedyonline TA solution
is within a boundedlimit of an optimal solution obtained
by of�ine TA. In general,increasingthe decisionepoch to
in�nity turnsthe online TA into of�ine TA problem.We note
that several real-life applicationsinvolving mobile robots in
dynamicenvironmentsarenaturallyonline problems.

IV. THE BASIC APPROACH: DINTA

The basicideaof DINTA (see[2] for details)is that given
a set of alarm-weightpairs (ai ; wi ) detectedby the sensor
network, every nodek in the network computesa suggested
direction that a robot shouldtake if in the vicinity of k. This
computationresults in a direction which maximizesthe net
utility of the robots.The weight wi is an abstraction,which
is a scalarrepresentationfor several parameterslike priority,
magnitude,time (olderalarmsshouldbeserved �rst), etc.The
ensembleof suggesteddirections computedover all nodes
is called a Navigation Field. An adaptive distributed value
iteration algorithm is used to computethe navigation �eld.
An exampleof a navigation �eld for oneand threealarmsis
shown in Figure1.

It maybenotedthata parallelapproachfor theconstruction
of a navigation �eld hasbeenproposedin the sensornetwork
literature [11]. Insteadof value iteration [11] usespotential
�elds and the hop count to computethe magnitudeof the
directionalvectors.

The DINTA approach has two subsystems- Cover-
age/Exploration and Alarm Response. If no alarms are de-
tected,the systemoperatesin Coverage/Exploration [3], [4]
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Fig. 2. NodeArchitecturein DINTA.

mode. In this mode, the navigation �eld computedby the
network, causestherobotsto patroltheenvironment.If, on the
other hand,an alarm is detected,the systemswitchesto the
Alarm Responsemodewherethenavigation�eld computedby
the network guidesthe robotsto turn off alarms,therebyim-
plicitly solvingtheMRTA problem.TheCoverage/Exploration
modeis the samein DINTA andDINTA-MF.

Figure 2 shows the data �o w on a network node. Alarm
Responsemode proceedsas follows. If a node receives an
ALARMmessagewith identi�cation a of thenodethatdetected
thealarm,weightw (estimationof thealarm's importance)and
hopcounth (estimationof how far away nodea is), thealarm
is placedon the list L of currently active alarmsaccording
to its utility V (Utility Update block). We de�ne the
utility as the ratio V = w

h . Note that DINTA maintainsonly
onenavigation �eld . Thusthe utility is usedby eachnodeto
determinewhich alarmit shouldcomputea directionfor. Low
hop countsequateto high utility so all things being equal,a
node will maintain a direction commandfor a neareralarm
comparedto one further away.

Every node maintainsa current alarm variable, which is
the elementof L with largest utility. If the current alarm
changes,the Task Allocation block computesa new
task assignmentfor a robot (discussednext) and reroutesthe
alarm messagewith incrementedhop count to neighboring
nodes.In theglobalperspective, prioritizing betweenthetasks
accordingto their utility value resultsin creationof multiple
superimposednavigation �elds (for examplethreealarmscase
of Figure1). Note that if Sensor Data block indicatesthat
an alarmis detectedby the nodeitself, thenthe nodeinitiates
a messageALARM(thisNodeID,w, 0). The General Task
block representsthe Coverage/Exploration subsystem,in case
L is empty.
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The directioncomputationproceedsaccordingto equations
1 and2 andfollows a distributedvalueiterationAlgorithm. A
thoroughdiscussionof the approachcanbe found in [2].

It is importantto note that DINTA doesnot make explicit
assignmentsof tasks to robot or speci�c robot subgroups,
which mayresultin suboptimalbehavior bothin termsof time
and wastedresources(several robotsmight pursuethe same
task).Considerthe casewhen the robotsareclutteredin one
region (onesub�eld) andtherefore,canall beattractedtowards
the samealarm or simply ignore other alarms,dependingon
the implementation.

V. THE MULTI-FIELD APPROACH: DINTA-MF

DINTA-MF is basedon maintainingmultiple navigational
�elds, one for every alarm at the sametime and assigning
those�elds to differentrobotsusinga greedypolicy. In other
words,every nodein the environmentcomputesthe 'optimal'
directionthat the robot shouldfollow (whenin the vicinity of
thatnode)for every alarmin theenvironment.Figure3 shows
the data�o w on a network node.

A. Philosophy

DINTA-MF usesa staticnetwork andmobilerobotscooper-
atively. Thenetwork providesa 'sensor'thatis 'stretched'over
theenvironmentandthuswidensthe rangeof applicationsfor
groupsof robots that do not cover the whole environment -
'can't be everywhereat the sametime'. Thus, an alarm can
be detectedeven thoughno robot is within sensorrange.In
addition, mobile robots can communicatethrough the static
network even if they are not within communicationrangeof
eachother. Theotherbene�t of usingthenetwork is distributed
computation.First, there is no redundantcomputation(on
eachseparaterobot).Second,sinceevery nodeof thenetwork
updatesits statebasedonly on the stateof its neighborsand
robotsin thevicinity, thesystemis scalable.Third, utilities are
computedin the network distributively and propagated from
the alarm (the goal node).Another bene�t is that the robots
usedcan be very simple since they do not needto localize
and map the environment- they navigate by listening to the
suggestionsfrom the sensornetwork.

TheDINTA-MF approach,like DINTA, hastwo subsystems
- Coverage/Exploration andAlarm Response. If no alarmsare
detected,the systemoperatesin Coverage/Exploration mode.
In this mode,the navigation �eld computedby the network,
causestherobotsto patroltheenvironment.For detailson how

that is enabledsee[3], [4]. If, on the otherhand,an alarmis
detected,the systemswitchesto the Alarm Responsemode
wherenavigation �elds are computedby the network, which
guidethe robotsto turn off alarms,therebyimplicitly solving
the MRTA problem.

B. Alarm Response

The following describesbehavior of a node in the sensor
network. If a nodereceivesan ALARMmessagewith identi�-
cationa of the nodethat detectedthe alarm,the systemtime
t when the alarm was detectedby node a and hop count h
from this node to the nodedetectedthe alarm (nodea), the
alarmis placedon the list L U A of currentlyactive unassigned
alarmsaccordingto its time t.

This portion of the systemexecutesin decision epochs.
As describedabove, a decision epoch is a period of time
during which only recentlyarrived alarmsare consideredfor
assignment.For purposeof clarity andeaseof explanationwe
considera decisionepoch to be equalto onealarm,but easily
can be generalizedto n alarmsor time units. Hence,in the
experimentsdescribedhere,we assignonealarmat a time.For
a givendecisionepoch, if thelist L U A is notempty(i.e. it con-
tainsactiveunassignedalarms)andthereareunassignedrobots
in thevicinity, theDirection Computation block starts
to computethe assignmentdirection for an alarmof smallest
time t in the list. List L C D containsdirection assignments
computedfor alarmsof list L U A .

A nodedecideswhich robot shouldbe assignedto a partic-
ular alarmbasedon whererobotsarerelative to thealarms.In
a givendecisionepoch every nodethathasrobot in its vicinity
sendsout a ROBOT-SYNCH-MESSAGE thatcontainsrobot's
id, alarm id, and the hop count to the alarm. A node pro-
cessessuch responsesin Robot Synchronization and
passesthis information to the Task Assignment block.
Givensharedinformationaboutthealarmsandrobotsrelative
positionsto thesealarmsthe Task Assignment block of
every node assignsthe robot with shortest distance.Ties
are broken in favor of robots with smaller IDs. Note also
that in order to guaranteethat the system is in the same
decisionepoch (i.e. computesassignmentsfor thesametasks)
a time-synchronizationmechanismis needed.The General
Task block implementsthe coverage/exploration algorithm
describedin [3], [4] in caseL U A is empty.

The task allocation problem for emergency handling can
be formulatedasguiding robotstowardsa speci�c goal node
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(closestto alarm). Hence,the problemcan be consideredas
the problem of navigation. A node computesthe direction
assignmentsin the Direction Computation block as
follows. We assumethat the network is deployed and every
nodehasa discreteprobability distribution of the transitional
probability P(s0jsC ; a) (probability of arriving at node s0

given that the robot startedat node sC and commandedan
actiona). The readeris referredto [3] for detaileddiscussion
on how suchdistributionscanbe obtained.Figure4 shows a
typical discreteprobability distribution for a nodeper action
(motion direction).Note that in practicethe probability mass
is distributedaroundneighboringnodesandzerootherwise.

Note that the nodethe robot transitionsto dependsonly on
the nodeclosestto the robot and the action the robot takes.
Thusthenavigationproblemis modeledasa Markov Decision
Process[18]. To computethebestactionat a givennode,value
iteration [19] is usedon the set of nodesS ¡ sg, wheresg

is the goal node.The generalideabehindvalueiterationis to
computethe values(or utilities) for every nodeandthenpick
the actionsthat yield a path towardsthe goal with maximum
expectedvalue.The value is incrementallycomputed:

Vt +1 (s) = C(s;a) + max
a2 A (s)

X

s02 S¡ s

P(s0js; a) £ Vt (s0) (1)

whereC(s;a) is thecostassociatedwith moving to thenext
node.Usuallythecostis chosento beanegativenumberwhich
is smaller than ¡ (minimal r ewar d)

k , wherek is the numberof
nodes.The rationaleis that the robot should'pay' for taking
an action(otherwiseany paththat the robot might take would
have the samevalue),however, the costshouldnot be too big
(otherwisethe robot might prefer to stay at the samenode).
Initially the value of being at the goal nodeis set to a large
numberandof theothernodesto 0. Giventhevalues,anaction
policy is computedfor every nodes as follows:

¼(s) = arg max
a2 A (s)

X

s02 S¡ s

P(s0js; a) £ V (s0); (2)

Thestandardvalueiterationalgorithmassumescentralcom-
putation.However its not dif�cult to implementa distributed
version.The ideais thatevery nodein thenetwork updatesits
value and computesthe optimal task assignment(navigation
action)for a robot in its vicinity on its own. Oncethe current
alarm has beenchanged,every node starts the computation
of the optimal task assignmentby updatingvaluesaccording

to Equation 1. Note that the values of neighboring nodes
are neededas well, hence, the node queries its neighbors
for correspondingvalues. Note that value iteration can be
consideredasa form of DynamicProgramming.[20] showed
how to compute general Dynamic Programmingproblem
distributively.

After the values are computed,every node computesan
optimalpolicy for itself accordingto Equation2. Neighboring
nodesarequeriedonceagain for the�nal value.Thecomputed
optimal action is stored at each marker and is sent as a
SUGGESTIONmessage,to any robotsin the vicinity.

Theactionpolicy computationis doneonly onceperalarm,
and does not need to be recomputed.The value update
equationshave to be executeduntil the desiredaccuracy is
achieved.For practicalreasonstheaccuracy in ouralgorithmis
setto 10¡ 3, which requiresa reasonablenumberof executions
of the value updateequationper state(approx.20) and thus,
the list of valuesthat every nodeneedsto storeis small (20).
Sincethe computationandmemoryrequirementsaresmall it
is possibleto implementthis approachon the real nodesthat
we plan to use(the Mote [21]).

Note that if neighborsof all nodes are known exactly
(per every direction node has at most one neighbor), then
P(s0js; a) = 1. Hence,equations1 and 2 reduceto maxi-
mization of utilities of neighboringnodesonly. In this case
the systemwould converge after a single iteration.

VI . SIMULATION EXPERIMENTS

In our experimentswe usedthePlayer/Stage[22], [23] sim-
ulation enginepopulatedwith simulatedPioneer2DX mobile
robots equippedwith 180± �eld-of-view planar laser range
�nders (usedfor obstacleavoidance),wirelesscommunication
anda motebasestation(to communicatewith themotes,used
as network nodes).A network of 25 Motes was predeployed
in a testenvironment.Thecommunicationrangeof motesand
robots was set to approximately4 meters.The task of the
teamof robots is to serve alarmsby navigating towards the
point of alarm and minimize the cumulative alarm On Time.
Eachalarm's On Time is computedasthe differencebetween
the time the alarm was served by a robot and the time the
alarmwasdetectedby oneof thenodesof thesensornetwork.
We conductedexperimentsin an environmentof 576m2 with
robotgroupsizesvarying from 1 to 4, 10 trials pergroup.For
experimentsthe scheduleof 10 alarmswasdrawn (time-wise)
from a Poissondistribution, with uniformly distributednodes
that detectedthe alarm.The parameterof Poissondistribution
was set to ¸ = 1

60 , which meansthat the expectednumberof
alarmsis 10 in 600 seconds.

Theimplementationof theproposedapproachin simulation
proceedsas follows. If there are no alarmsdetectedin the
environment, then the robots execute exploration algorithm
of [3], [4]. If an alarm is detected,the network computes
task assignments(navigation �elds in our case).Once the
tasks are computedat every node, the robots changefrom
EXPLORATION to ALARM mode,andtraversethe directions
suggestedby the network. When a robot reachesan alarm
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node, the robot injects an ALARM-OFF messageinto the
network. Note that if thereare multiple alarmsactive at the
sametime,severalnavigation�elds will beproduced.Figure5
shows the On Time comparisonfor DINTA and DINTA-MF.
In order to test the similarity betweenthe pairs of datasets
for DINTA and DINTA-MF, we ran the T-Test. The T-Test
producedthefollowing p valuesfor correxpondingdatapoints:
0.9139for the �rst pair of points which meansthat they are
similar, 0.0081,0.0897,0.091for thelast threepairsof points,
which meansthat they aredifferent.Note that with onerobot
the performanceof both algorithmsis aboutthe same,which
is due to the fact that both approachesreduceto the same
solution.Although,despitethe fact thatenvironmentbecomes
saturatedwith robots,the proposedapproachoutperformsits
predecessorasthenumberof robotsin theteamincreases.The
reasonbehindthis is thatevery nodein thenetwork computes
alarm assignmentfor every alarm and henceall unassigned
robots are assignedan alarm, which is not necessarilythe
casewith one assignment�eld. Note also that DINTA-MF
doesnot wasteresources(robots),whereasin DINTA, several
robotscanpursuethe samealarm.

Note that spaceand time requirementsfor DINTA-MF are
linear in the numberof alarms,which makes it realistic for
implementationon our target node platform (the mote). In
addition we plan to extend the proposedapproachto allow
online groupingof robotsfor morecomplex tasks.

VI I . CONCLUSION AND FUTURE WORK

In this paperwe introducedDINTA-MF: Multi Field Dis-
tributed In-Network Task Allocation for solving the Online
MRTA (Multi Robot Task Allocation) problem.DINTA-MF
allows us to combinethe bene�ts of a sensornetwork with
mobility and functionality of robots. The systemcomputes
task assignmentsdistributively in-network while, at the same
time,providing avirtual sensorandcommunicationdevice that
'extends' throughoutthe whole environmentandhasobvious

Fig. 6. Mobile robot anda Mote in experimentalsetting.

bene�tsover traditionalOMRTA approaches.Thefundamental
assumption,though,is the existenceof the sensornetwork on
which robotscanrely.

We comparedDINTA-MF with an earlier implementation,
which reliesonmaintainingasinglenavigation�eld consisting
of several sub�elds.Theexperimentaldatashow thatDINTA-
MF outperforms DINTA. The difference in the On Time
metric is not large though.Thereasonis that theexperimental
environment is not large and the occurrenceof alarms is
ratherinfrequent.Hencetheenvironmentandconditionsof the
experimentarebettersuitedfor DINTA. Anotheradvantageof
usingDINTA-MF is that it doesnot wasteresources,whereas
in DINTA, several robots can pursue the same alarm. In
general,DINTA-MF proposesa solution which can handle
alarms(tasks)of high frequencies,representsa multi purpose
distributedmanagerthat cansolve a large variety of problems

There are several advantagesin using DINTA-MF as op-
posedto otherMRTA approaches.The sensornetwork allows
robot to detecta goal (alarm)even thoughthe alarmis not in
robot's sensorrange.In addition,mobilerobotscanusesensor
network to relaymessagesif they arenot in thecommunication
rangeof eachother. Oneof theotherbene�tsof usingDINTA-
MF is distributed in-network computation,which 1. avoids
redundantcomputationby updatingthe stateof a nodebased
only on the stateof its neighborsand robots in the vicinity
(scalability),2. computesutilities in thenetwork distributively
and propagatesfrom the goal state(alarm). Another bene�t
is the easeof determiningrelative distanceto the goal (for
determiningutilities) by consideringhopcountsfrom thegoal
node. Note also that robots implementingDINTA-MF can
be quite simple - they do not needto localize and map the
environment- they cannavigateby listeningto thesuggestions
from the sensornetwork.

In futurework we planto extendthecurrentimplementation
of DINTA-MF to allow assignmentof tasksrequiringgroups
of, potentiallyheterogeneous,robots,which would allow more
complex task assignmentsas well as group formations.We



also plan to conduct further experimentsboth in simulation
and hardware in varying environments,with tasksof varying
complexity, requiringdifferentnumbersof robots.Thesystem
would have to assign not only a task, but also combine
robots in a group if a task requiresparticipationof several
robots. We have completeda set of initial real hardware
experiments.Figure 6 shows Pioneer2DX mobile robot and
a mica 2 mote during one of the experimentaltrials. In our
experimentsa sensornetwork of mica 2 moteswasdeployed
in a cubicle-like environment. The goal was to computea
navigation �eld and navigate the robot towardsthe nodethat
detectedthe alarm.We conducted50 experimentaltrials for 5
different goal nodes.Eachtrial was successful.Currently we
are working on further hardware experimentswith multiple
goalnodesanddistributedtaskassignmentalgorithm(DINTA-
MF). Our preliminaryresultsshow that thesystemis compact
enoughto �t in our target sensornetwork nodeplatform (the
Mica2 mote).Furtherexperimentsareconductedto checkthe
reliability of the systemandpossibleimplementationfor real-
world applications.
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