
Submitted toIEEE/RSJ International Conference on Intelligent Robots and Systems
Aug 2005, Edmonton, Canada

TaskAllocation for Event-AwareSpatiotemporalSampling
of EnvironmentalVariables¤

Maxim A. Batalin andGaurav S. Sukhatme
RoboticEmbeddedSystemsLaboratory

Centerfor Roboticsand EmbeddedSystems
ComputerScienceDepartment

University of SouthernCalifornia
Los Angeles,CA 90089,USA

maxim@robotics.usc.edu,gaurav@usc.edu

Yan Yu1, RichardPon2, JasonGordon2, M. H. Rahimi1,
William J. Kaiser2, Gregory J. Pottie2, andDeborahE. Estrin1

Centerfor EmbeddedNetworked Sensing
1Departmentof ComputerScience

2Departmentof Electrical Engineering
University California, Los Angeles

Los Angeles,CA 90095
kaiser@ee.ucla.edu

Abstract— Monitoring of envir onmental phenomenawith em-
bedded networked sensing confronts the challenges of both
unpredictable variability in the spatial distrib ution of phenom-
ena, coupled with demands for a high spatial sampling rate
in thr ee dimensions. For example, low distortion mapping of
critical solar radiation properties in forest envir onments may
require two-dimensional spatial sampling rates of greater than
10 samples=m2 over transects exceeding 1000 m2 . Clearly,
adequate sampling coverage of such a transect requires an
impractically large number of sensingnodes.A new approach,
Networked Inf omechanicalSystem(NIMS), hasbeenintr oduced
to combine autonomous-articulated and static sensor nodes
enabling suf�cient spatiotemporal sampling density over large
transects to meet a general set of envir onmental mapping
demands.

This paper describesour work on a critical parts of NIMS, the
Task Allocation module. We presentour methodologiesand the
two basic greedyTask Allocation policies - basedon time of the
task arri val (Time policy) and distancefr om the robot to the task
(Distancepolicy). We presentresults fr om NIMS deployed in a
forest reserve and fr om a lab testbed.The resultsshow that both
policies are adequate for the task of spatiotemporal sampling,
but also complement each other. Finally, we suggestthe futur e
dir ection of research that would both help us better quantify
the performanceof our systemand createmore complexpolicies
combining time, distance, information gain, etc.

I . INTRODUCTION

A wide range of critical environmental monitoring ob-
jectives in resourcemanagement,environmentalprotection,
and public health, all require distributed sensingcapability
for investigation of large and complex three dimensional
spaces[1]. Mappingof spatiotemporallydistributedphenom-
ena generallyrequiresthat distributed sensorsbe immersed
in the environment under study [2]. Important examples
include 1. the measurementof spatiotemporallydistributed
solar radiation�elds that directly determinesthe distribution
of plantgrowth [3] and2. directmeasurementof atmospheric
microclimatevariablesandthe�ux of waterandcarbondiox-
ide at the interfacebetweenthe atmosphereandecosystems.

¤ This material is basedupon work supportedby the National Science
Foundation(NSF) underGrantNo. ANI-00331481.Any opinions,�ndings,
andconclusionsor recommendationsexpressedin this materialare thoseof
theauthor(s)anddo not necessarilyre�ect theviews of theNationalScience
Foundation.

Thefundamentalspatialheterogeneityandtemporalevolution
of environmentsrequiresthat measurementsbe distributed
and raisesmany challengesfor high �delity characterization
of environmental�eld variables.

The above applicationsof distributed sensingall require
high spatiotemporal �delity measurements. Sincethescale
of phenomena(for example,considersolar radiation)match
the scaleof the environmentalstructure(for example,plant
structure)then the spatial mapping resolution may require
centimeterprecision.At the sametime, the spatialextent of
characterizationmustmatchthescaleof theenvironment.For
example,forestecosystemsrequiremappingover characteris-
tic verticalextentfrom theforestcanopy top to �oor in height
andmany 10sof metersof lateralextent.

Theconventionalapproachto studyspatiotemporalvariable
phenomena,has been to deploy static distributed sensors.
However, using static sensornetworks alone may lead to
measurementdistortion;oftenasa resultof improperspatial-
samplingdistribution (speci�cally due to mismatchbetween
the spatial structure of the phenomenaand sensor node
placement).This may be inevitable becausethe rapid time
evolution of environmentalphenomenamay be unpredictable
at designtime. Further, increasingsensordeploymentdensity
may induceexcessive disturbanceto the sensedenvironment
and may be economicallyinfeasiblesinceevery nodein the
network must then be equippedwith a sensorcapableof
characterizingthe studiedphenomenon.

Since environmental dynamics drive unpredictableand
variable sensorcoveragerequirements,sensornode mobil-
ity may be exploited to ensureadequatecoverage.Mobile
sensornodes(in effect, robots) may respondto, adaptand
optimize sensing�delity accordingto spatiotemporallyvari-
able requirements.Mobility, therefore,permits high �delity
spatiotemporalsampling,while allowing thenumberof robots
to be small (in relation to the numberof static sensorsthat
may otherwiseachieve similar coverage).However, despite
thebene�tsof amobileroboticsensorapproach,measurement
distortion may still occur. Since navigation betweensam-
pling points takes time, unassistedrobotic sensorsampling
may occur at a rate insuf�cient to samplerapidly varying



Fig. 1. Map of solarradiationintensityobtainedin a forestecosystemby a
NIMS systemtransportinga light intensity sensorwithin the canopy. Solar
radiationintensity is indicatedin contoursas it variesspatiallyaccordingto
horizontalandvertical sensordisplacement.

phenomena.In the event that the robotic sensorsmay have
no prior information about the precise location of time-
varying phenomenon,then,in the worst case,robotsmay be
requiredto sampletheentireenvironmentto achieve adequate
coverage. This may delay data acquisition and induce a
potentiallossof sampling�delity .

A. Motivating Application

The requirement for a sustainableand precise mobile
sensornetwork monitoring capability for environmentshas
inspiredthe developmentof Networked InfomechanicalSys-
tems (NIMS). NIMS [4] introducesinfrastructure-supported
mobility with actuatedsensorsthat may autonomouslyex-
plore a three-dimensionalvolume.The NIMS approachpro-
videsan unprecedentedspatialextent andmotion resolution,
combined with sustainableoperation.The robotic sensing
methodsreportedin this paper reports are directed to the
applicationof high �delity mappingof solar radiation �ux
distribution in the forest environment.Solar radiationreach-
ing the forest �oor surface determinesthe growth of plant
structuresat this level. This radiationis spatially �ltered by
the complex ecosystemstructure[3]. The Photosynthetically
Active Radiation(PAR) spectralregion of solar light illumi-
nationcontributesto this growth and is directly measuredin
the investigation reportedhere. Figure 1 shows the results
for the �rst high resolutionmappingof PAR �eld variables
in a forest ecosystem.This map representsthe intensity of
PAR measuredin a vertical planewithin the mixed conifer
forestof the JamesSanJacintoMountainReserve [5] where
NIMS is permanentlydeployed (Figure 2) and continuously
operating.Note that the characteristicscaleof variability for
solar radiation is less than 1m and persiststhroughoutthe
ecosystem.

B. General Approach: CombiningStaticand Mobile Sensing

In previouswork [6] anew NetworkedInfomechanicalSys-
tems(NIMS) architecturethat combinedboth static and mo-
bile sensornodeswas introduced.This architectureachieved
a spatiotemporalenvironmentcoveragethat wasdramatically
advancedover that of eithersystemalone.It wasshown that
mobility allows the networked sensorsystemto alwaysseek
thespatiotemporalsamplingdistribution to achieveaspeci�ed
�delity of environmentalvariablereconstruction.It was also
demonstratedthat, mobility permits the NIMS system to
respondto initially unpredictableandvariableenvironmental
evolution.

In [6] static sensornodesare positionedin the volume
surroundinga transectin which the mobile node operates.
Every sensornodeis responsiblefor reportinga phenomenon
occurringin the vicinity. The mobile nodethen usessimple
task allocation to determinewhich nodehashigher priority
andthenutilizessamplingalgorithms(eitherrasteror adaptive
sampling)to sampleonly thevicinity of thenodethatdetected
the phenomenon. [6] experimentallyshows the bene�ts of
sucha strati�cation of the samplingtransect.

The rapid time rateof changeof �eld variablevalueleads
to a need for even higher performancein the responseof
the mobile sensingsystemto environmentalevents. In this
paperwe introducetwo new TaskAllocation algorithmsused
by NIMS and presentthe results of performanceanalysis
obtained directly in the �eld and operating in the forest
reserve [5]. In somecases,additionalperformanceanalysisis
obtainedfrom measurementson a physical testbedduplicate
of NIMS that includessensordatarecordsobtainedfrom the
�eld. This permits reproducible,repeatedmeasurementsof
the sameeventsfor a probeof systemperformance.

I I . NETWORKED INFOMECHANICAL SYSTEMS

Figure 2 shows a NIMS systemdeployed in the forest
reserve and continuouslyoperating.This systemincludesa
supportingcableinfrastructure,a horizontallymobileembed-
dedcomputingplatformpayload,imagesensingsystems,and
a vertically mobile meteorologicalsensorpackagecarrying
humidity, temperature,and PAR sensing nodes. Wireless
networking is incorporatedto link static sensornodes(sus-
pended)with thevertically andhorizontallymobileelements.
TheNIMS infrastructureis elevatedin theenvironmentwithin
theforestandthuslies above environmentalobstaclesto solar
radiation.The NIMS systemis deployed in a planartransect
of length70mandaverageheightof 15mwith a total areaof
over 1,000m2.

The introductionof staticsensornodesin a deploymentof
sensorsmust also be compliant to the complex forest envi-
ronment.This paperreportsa NIMS architecturedeveloped
to enabledistributedTaskAllocation incorporatingvertically
suspendedstaticsensorsthatarereferredto assensorstrands.
Sensorstrands,alsoexploiting infrastructure,aresuspendedin
theplaneparallelto theNIMS samplingtransect(Figure2a).
Every sensorstrand includes two sensorsseparatedby 1-
2 meters.Data from strandsensorelementsis sampledby
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Fig. 2. NIMS deployedat theJamesSanJacintoMountainReserve (http://www.jamesreserve.edu).This imageshows theNIMS cableinfrastructure,horizontal
transportnode(carryingan embeddedcomputingplatform, imagesensor, andvertical transportcontrol, andvertically mobile meteorologicalsensornode.

an embeddedsensornode basedon the Intel Star gateT M

platform.Communicationbetweenstrandnodesandthe mo-
bile, horizontalnodeoccursover an IEEE 802.11bwireless
interface. Figure 2b schematicallyshows the experimental
architectureat the JamesSan Jacinto Mountain Reserve.
As shown in Figure 2b, thereare threesensorstrandswith
six PAR sensorsdeployed in this transect.Note that each
sensorsamplesPAR values that are then consideredto be
representative of the light intensity in the vicinity of this
sensor. Hence,the samplingtransectis discretizedinto six
cells.Thesamplingscheduling(determiningwhereandwhen
to sample)is guidedby theTaskAllocation systemhostedon
the NIMS node.

I I I . TASK ALLOCATION ALGORITHMS

TaskAllocation (TA) is the problemof assigningavailable
resourcesto tasks. For a comprehensive overview of TA
formulationssee[7]. Therearetwo majorsubdivisions:of�ine
andonline. Of�ine TA is the problemof assigningresources
to tasks if certain information (e.g. the distribution of task
arrival times, relative task priority) is known a priori . The
assignmentprocessproceedsof�ine. Theof�ine TA problem,
in its most general form, is equivalent to the conjunctive
planningproblem[8] which is NP-Complete.

Our focus hereis on online task allocation.In online TA,
all informationaboutthe tasksbecomesavailableonly upon
task arrival. The assignmentof resourcesto tasksmust be
computedin real time, one at a time. It hasbeenshown [7]

that greedy algorithms for an online TA problem, that is
consideredin this paper, are 3-competitive to an optimal
of�ine solution. It has also been shown [7] that without
domain knowledge about the problem there is no solution
that is better than the one provided by greedyalgorithms.
Following the model in [9], we think of task assignment
occurring in decisionepochs. A decisionepoch is a period
of time duringwhich only the taskswhich have arrived since
the endof the previous epochareconsideredfor assignment.
Increasingthe decisionepoch to in�nity converts the online
TA into the of�ine TA problem.We modelthe NIMS system
as an online TA problem, since it is designedfor real-life
autonomous�eld applicationsin dynamicenvironments.

Our work is related to the body of work on the prob-
lem of online multi-robot task allocation (MRTA). For an
overview and comparisonof the key MRTA architectures
see[10], which subdividesMRTA architecturesinto behavior-
basedand auction-based.For example,ALLIANCE [11] is
a behavior-based architecturethat considersall tasks for
(re)assignmentat every iterationbasedon the robots' utility.
Utility is computedby measuresof acquiescenceand impa-
tience.Auction-basedapproachesincludetheM+ system[12]
and Murdoch [13]. Both systemsrely on the ContractNet
Protocol (CNP) that puts available tasks for auction, and
candidaterobotsmake 'bids' thataretheir task-speci�cutility
estimates.The highestbidder (i.e., the best-�t robot) wins a
contractfor the taskandproceedsto executeit.

The proposedTA algorithmdiffers from the above MRTA
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approaches.It relieson a staticnetwork, andcommunication,
sensing,andcomputationaredistributed.The motivation for
the TA algorithmderivesfrom the needto ef�ciently sample
the phenomenainsteadof the entireenvironmentalspace.As
has beendiscussedin the introduction, it is impractical to
deploy suf�cient numbersof �x edsensorsto achieve required
sensing�delity . As will beshown, thesystemcombining�x ed
andmobilenodesenablesef�cient sampling.TA becomesthe
primarydriver of ef�cient datacollectionin this system,since
it allows the user to selecta subsetof the environment for
sampling,asopposedto samplingthe entireenvironment.In
addition,TA managessystemresources,so that resourcesare
not consumedunlessassignedmosteffectively.

A. Methodology

The generalonline TA systemfunctions in the following
way. Supposeat a givendecisionepochthesystemmaintains
a setof resourcesR = f r 1; :::; r n g andtasksT = f t1; :::; tk g.
Tasksareprioritized basedon a criterion C. C is an applica-
tion dependentfunction andcancombinesuchparametersas
task arrival time, task importance,etc. A set of assignments
A = (l = min (n; k) : f a1; :::; al g) is computedas follows.

8a2 A a = argmax j =(1 ;:::; jR j ) (U(r j ; t)) (1)

where t is the next unassignedtask accordingto C and
U(r j ; t) is the j-th resourceutility valuefor accomplishingt.
The assignedresourceand correspondingtask are removed
from R andT respectively, beforethe next assignment.The
utility function is chosen to be application and resource
dependent.In our model,onceassigned,resourcescannotbe
reallocated.After a resourcehascompletedits taskit becomes

availablefor a new assignment.In theterminologyof [14] we
adopta commitmentasopposedto an opportunismstrategy.

Thesystemconsistsof a mobilenodesuspendedon a cable
and a static sensornetwork. We assumethat the network is
predeployed whereeachnodeknows its location in a global
coordinatesystem.Thenetwork monitorstheenvironmentfor
eventsof interest(motion,changein light intensity, etc).The
problemthenis to prioritize the events,anddrive the mobile
nodeto a vantagepoint from which a particulareventis better
observed. Once the node arrives at the event location, the
local phenomenonis measured.In TA terminology, a robot
is a resource and a detectionby a sensornodeof an event
requiringperusalby a robot is a task.

Figure 3 shows two network topologiesthat we de�ne -
positionedon the ground(the 2D-case)and more generally,
in thevolumesurroundingthetransect(the3D-case).In order
for the TA systemto plan the node's motion the goal points
shouldlie in the transectplane.Hence,we project the nodes
locationsonto the transectplane.As a resultwe get a setof
points on a line l (2D-case,Figure 3a) or a plane ¦ r (3D-
case,Figure 3c), both of which lie in the transectplane.In
the 2D-case,l is the line wherethe transectplaneintersects
the groundplane.Since,the mobile nodecannotmove along
that line, we translatel to a parallel line l r on the transect.
We de�ne the projection function in the 2D-casePROJ l r

and3D-casePROJ ¦ r .
Basedon tasksprojectedlocationsTA dividesthe transect

into slices(2D-case,Figure3b), or generallycells (3D-case,
Figure 3d). With every projectednodek we associatea cell
Cn .

Note that a 2D systemis sometimespreferredbecauseit
is easierto setup in the �eld and for some applicationsa
2D perspective is enough.As an example,considerstudying
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Fig. 4. PAR dataacquiredby the �rst sensorstrandduring one of the �eld experiments.Eventsgeneratedand servicedare shown for Time and Distance
policies.Note that eventsare renderedtime of occurrencevs. the PAR valueof the event.
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sunlightintensityshiningthrougha forestcanopy. In this case
a sensornetwork with illumination detectorscanbeplacedon
theground.Supposenodek discoveredaninterestingreading
(say an abnormallight value). The TA systemthen would
guide the robot towards the goal point on l r computedby
PROJ l r . The mobile nodethen can study appropriateslice
Ck . The general3D-casesystemis investigatedin this paper.

B. TheTaskAllocation System

Our system is a special case of the TA methodology
describedabove - with only one resource(mobile node)for
taskassignment.We considerthe problemof assigningtasks
oneat a time. In this casethegreedyassignmentis obviously
optimal. Considertask assignmentEquation1. Since there
is only one mobile node,the next task with highestpriority
(accordingto criterion C) is assignedto the mobile node,no
matterwhat the mobile node's utility function might be. In
thispaperweconsidertwo basicgreedypolicies,onebasedon
a task's arrival time (we term it the time policy) andanother
basedon the distanceto the task (we term it the distance
policy). In our systemthesepolicies essentiallyde�ne the

taskprioritization criterion C.
TheTaskAllocationsystemconsistsof two algorithms,one

runningon thestaticsensornodesandtheotheron themobile
node.The algorithmof staticnodesis simple - retrieve data
from the sensors,processit, and deliver to the mobile node
via a wirelesslink.

The algorithm running on the mobile node is as follows.
Supposethe mobile nodereceives the sensordata from the
staticnodei . This datais analyzedandif thereis a difference
greaterthana thresholdin thecurrentsensordatawith respect
to the previously storedvalue,a samplingtaskfor the sensor
node i is created.The task for the robot is then to travel
to the location of the node that generatedthe task (after
that a samplingpolicy can be applied to the vicinity of the
static node,but this is not our focus here).Next, if the task
generatedby nodei is not storedin a setof currentlyactive
tasksTa , it is addedto this set.If themobilerobotis available
for the next taskandTa 6= 0, the next task is extractedfrom
Ta accordingto thecriterionC. We implementedtwo policies
for the criterion C - time policy (tasks with smaller time
stampget priority) and distancepolicy (taskscloser to the
robot get priority). Note that sincethe systemdoesnot have
any prior knowledge about the spatiotemporalvariation of
eventarrival, simplegreedyscheduling(timeanddistance) is
appropriate.In our future work, aswe will learnmoreabout
the natureof the phenomenon,we plan to incorporatethat
knowledge into the task allocation process.Next, basedon
thetaskinformationthemobilenodeneedsto computea goal
point. If the task's position is p then the goal position will
be PROJ l r (p) in 2D-caseandPROJ ¦ r (p) in 3D-case(see
Figure3). The robot thenmovesto the computedlocationof
the task. After the robot completesits last task it becomes
available for reassignment.

IV. EXPERIMENTAL RESULTS

Weperformedasetof experimentsusingour taskallocation
system and comparedtwo policies - Time and Distance.
The differencebetweenthe two policies is the priority in
which the tasks are ordered prior to assignmentto robot
occurs.First, a setof experimentswasconductedon a NIMS
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Fig. 6. PAR dataacquiredby the sensorstrandson August21st2004,from 10:33 till 20:00.

deployed in The JamesSan Jacinto Mountain Reserve (as
shown in Figure 2). Note that becauseof spacelimitations,
only representative graphsarepresented.Figure4 shows the
representative PAR datafrom sensor1 and2 collectedduring
theoperationof theTimepolicy (Figure4ab)andtheDistance
policy (Figure 4cd). Figure 4 also shows points in time
when events were generatedand servicedby both policies
for 2 sensors.Note that events are generatedin response
to �uctuations in PAR. As shown in Figure 4, events are
generatedproportionallyto thedensityof the 'spikes' in PAR
dataandcover all signi�cant 'spikes' of PAR data.

As anevaluationmetricof thetaskallocationpolicy perfor-
mancewe usethe task(event)OnTime. A taskOnTime is the
differencebetweenthe time the task (event) was generated
(or registered)by the systemand the time it was serviced
by the robot. Figure 5 shows the comparisonbetweenthe
cumulative eventOnTimeof theTimepolicy andtheDistance
policy. For visualizationpurposes,in Figure5 event's OnTime
is presentedin a form of a zero-meanGaussiandistribution. It
follows that the Distancepolicy hassmalleraverageOnTime
with smallerdeviation.

Theseexperimentsshow that the presentedtaskallocation
systemachieves spatiotemporalsamplingwith both policies.
However, in order to comparethe performanceof the two
policies we needto run eachon the sameand longer set of
data.

A. TA Policies: Time vs. Distance

In orderto comparetheperformanceandcharacteristicsof
the two policieswe have recordeda setof sensorstranddata
(approximately9 hours and 30 minutes)spanningone day.
Thenwe canreplaythestranddatathroughthesameinterface
as in the �eld systemin our lab testbedsystem.The testbed
systemis computationallyidentical to the NIMS system(at
theJamesReserve)andhasthesamesuiteof physicaldevices,
suchasmotorsandsensors.Hence,thebehavior of thetestbed
is virtually identical to the NIMS at the JamesReserve.

Figure 6 shows prerecordedsensorstrandPAR measure-
mentsfor all threestrands(six sensors).We usethis datafor
all of the following experiments.We conductedexperiments
for two policies (Time and Distance), for three different
thresholds(10, 25, 50). As discussedin Section III-B, a
thresholdis usedby our systemto determinewhento trigger
an event (a task)and is a measurein units of PAR.

Figure 7 shows data from Sensor5 (third strand) and
generatedevents by Distance policy (Figure 7a) and Time
policy (Figure 7b). Note that both policies generateevents
so that the spikesin the PAR dataarecovered,which in turn
meansthateachof thosespikescanbesampledby thesystem.
Figure 7 also shows a good spatiotemporalphenomenon
'coverage'by both policies.

Figure8 shows a magni�ed view of part of the datafrom
sensor3 (secondstrand).Generatedand servicedeventsare
drawn on this �gure, for Distancepolicy (Figure8a)andTime
policy (Figure8b). Note that at certainpointsin time, dueto
inherentdifferencesbetweenthe two policies we consider,
someeventsare generatedby one policy and not generated
by the other. As a result, the OnTime for samegenerated
eventsis different.

Finally, Figure 9 shows a comparisonof the performance
of both policies as a measureof cumulative event OnTime.
Figure9a shows the changein averageOnTime for different
values of the threshold. It follows that OnTime becomes
smaller (the systemrespondsto events faster) with bigger
threshold values. This result is expected, however - the
smallerthethreshold,moreeventsaregeneratedandhencethe
systemspendsmoretime to serviceall events.Figure9aalso
shows that there is no signi�cant differencein performance
betweenthe two policies.If we considerFigure9a represent-
ing the comparisonof averagevaluesof the policies,or the
means,thenFigure9b shows the comparisonin deviation of
both policies from the mean.Figure 9b also doesnot show
signi�cant differencebetweenthe two policies.
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Fig. 7. Estimationof PAR �uctuations with event generationdensitiesby both policies.
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Fig. 8. Event generationand servicingby both policies.Note that in somecaseseventsare generatedat different times and the OnTime of someevents
variesdependingon a policy.

V. CONCLUSIONS AND FUTURE WORK

Virtually all environmentalmonitoringapplicationsrequire
a high �delity characterizationcapability for environmental
variables.This implies a high spatiotemporalsamplingrate.
Networked InfomechanicalSystems(NIMS) combiningboth
�x ed and mobile nodeswas introducedfor addressingthis
problem. In this paper we presentedthe Task Allocation
componentof NIMS. Speci�cally, we introduceda system
in which staticnodesact as triggersfor the sensorsampling
events to occur by the NIMS node. We describedthe two
basic task allocation policies that we have used- the time
policy (taskswith more recenttime stampsget priority) and
the distancepolicy (taskscloserto the robot get priority).

We performedextensive experimentsof thetwo policieson

theNIMS deployedat JamesReserve andon our lab testbed.
The main conclusionthat we candraw is that it appearsthat
both policiesareadequatefor the problemof spatiotemporal
sampling.However, from the presentedexperimentalresults
follows that the time policy performsbetterthanthe distance
policy in some casesand vice versa. In general,however,
the performanceof both policies basedon greedyalgorithm
is similar. In our future work, we plan to analyzethe data
gatheredby theproposedtaskallocationsystemandconstruct
amodelof thestudiedphenomenon.Next, weplanto improve
the performanceof the TA systemwith domain knowledge
obtainedfrom themodel,which, in turn,would provide better
datafor the model improvement.We alsoplan to investigate
the performanceof our TA systemfrom the perspective of
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Fig. 9. Comparisonof an averageOnTime andOnTime in a form of a zero-meanGaussiandistributionsfor Time andDistancepolicies(p). Threedifferent
thresholds(t) used.The OnTime of eventsgeneratedby all sensorsis considered.

information gain. That is, given a particular set of events
generatedand servicedwhat is the information gain of the
systemfor two policies?
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