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Abstract— Monitoring of ervironmental 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 three dimensions. For example, low distortion mapping of
critical solar radiation properties in forest ervironments may
require two-dimensional spatial sampling rates of greater than
10 samples=n? over transects exceeding 1000 m?2. Clearly,
adequate sampling coverage of such a transect requires an
impractically large number of sensingnodes.A new approach,
Networked InfomechanicalSystem(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 ervironmental mapping
demands.

This paper describesour work on a critical parts of NIMS, the
Task Allocation module. We presentour methodologiesand the
two basic greedy Task Allocation policies - basedon time of the
task arri val (Time policy) and distancefrom the robot to the task
(Distancepolicy). We presentresults from NIMS deployed in a
forestresewe and from a lab testbed.The resultsshow that both
policies are adequate for the task of spatiotemporal sampling,
but also complementeach other. Finally, we suggestthe futur e
direction of reseach that would both help us better quantify
the performance of our systemand createmore complexpolicies
combining time, distance, information gain, etc.

I. INTRODUCTION

A wide range of critical ernvironmental monitoring ob-
jectives in resourcemanagementervironmental protection,
and public health, all require distributed sensingcapability
for investication of large and comple three dimensional
spaceqd1]. Mappingof spatiotemporallydistributed phenom-
enagenerallyrequiresthat distributed sensorsbe immersed
in the ervironment under study [2]. Important examples
include 1. the measuremenbf spatiotemporallydistributed
solarradiation elds that directly determineghe distribution
of plantgrowth [3] and2. directmeasuremerdf atmospheric
microclimatevariablesandthe ux of waterandcarbondiox-

ide at the interface betweenthe atmosphereand ecosystems.
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Thefundamentabpatialheterogeneitandtemporalevolution
of ervironmentsrequiresthat measurementse distributed
andraisesmary challengedor high delity characterization
of ervironmental eld variables.

The aborve applicationsof distributed sensingall require
high spatiotemporal delity measurements Sincethe scale
of phenomendfor example,considersolar radiation) match
the scaleof the ernvironmentalstructure(for example, plant
structure)then the spatial mapping resolution may require
centimeterprecision.At the sametime, the spatial extent of
characterizatiomustmatchthe scaleof the ervironment.For
example,forestecosystemsequiremappingover characteris-
tic vertical extentfrom the forestcanopy topto oor in height
and mary 10sof metersof lateral extent.

Thecornventionalapproacho studyspatiotemporabariable
phenomenahas beento deplog/ static distributed sensors.
However, using static sensornetworks alone may lead to
measurementdistortion; often asa resultof improperspatial-
samplingdistribution (speci cally due to mismatchbetween
the spatial structure of the phenomenaand sensor node
placement).This may be inevitable becausehe rapid time
evolution of ervironmentalphenomenanay be unpredictable
at designtime. Further increasingsensomdeploymentdensity
may induceexcessie disturbanceo the sensecdervironment
and may be economicallyinfeasiblesinceevery nodein the
network must then be equippedwith a sensorcapableof
characterizinghe studiedphenomenon.

Since ervironmental dynamics drive unpredictableand
variable sensorcoverage requirements sensornode mobil-
ity may be exploited to ensureadequatecoverage.Mobile
sensornodes(in effect, robots) may respondto, adaptand
optimize sensing delity accordingto spatiotemporallyari-
able requirementsMobility, therefore,permits high delity
spatiotemporasampling while allowing the numberof robots
to be small (in relationto the numberof static sensorghat
may otherwiseachiese similar coverage).However, despite
thebene tsof amobileroboticsensomlpproachmeasurement
distortion may still occur Since navigation betweensam-
pling points takes time, unassistedobotic sensorsampling
may occur at a rate insufcient to samplerapidly varying
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Fig. 1. Map of solarradiationintensity obtainedin a forestecosystenby a
NIMS systemtransportinga light intensity sensorwithin the canoyy. Solar
radiationintensityis indicatedin contoursasit variesspatially accordingto
horizontaland vertical sensordisplacement.

phenomenaln the event that the robotic sensorsmay have
no prior information about the precise location of time-
varying phenomenonthen,in the worst case robotsmay be
requiredto samplethe entireervironmentto achieve adequate
coverage. This may delay data acquisition and induce a
potentialloss of sampling delity .

A. Motivating Application

The requirementfor 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-dimensionabolume. The NIMS approachpro-
vides an unprecedentedpatial extent and motion resolution,
combined with sustainableoperation. The robotic sensing
methodsreportedin this paperreports are directedto the
applicationof high delity mappingof solar radiation ux
distribution in the forest ervironment. Solar radiationreach-
ing the forest oor surface determinesthe growth of plant
structuresat this level. This radiationis spatially Itered by
the complex ecosystenstructure[3]. The Photosynthetically
Active Radiation(PAR) spectralregion of solarlight illumi-
nation contritutesto this growth andis directly measuredn
the investication reportedhere. Figure 1 shavs the results
for the rst high resolutionmappingof PAR eld variables
in a forest ecosystemThis map representghe intensity of
PAR measuredn a vertical plane within the mixed conifer
forestof the JamesSanJacintoMountain Resere [5] where
NIMS is permanentlydeplosed (Figure 2) and continuously
operating.Note that the characteristicscaleof variability for
solar radiation is less than 1m and persiststhroughoutthe
ecosystem.

B. Genearl Approadc: CombiningStaticand Mobile Sensing

In previouswork [6] a new Networked InfomechanicaBys-
tems(NIMS) architecturethat combinedboth static and mo-
bile sensomodeswasintroduced.This architectureachieved
a spatiotemporaérvironmentcoveragethat wasdramatically
adwancedover that of eithersystemalone.It was showvn that
mobility allows the networked sensorsystemto always seek
the spatiotemporasamplingdistribution to achieve a speci ed
delity of erwvironmentalvariablereconstructionlt was also
demonstratedthat, mobility permits the NIMS system to
respondto initially unpredictableandvariableernvironmental
evolution.

In [6] static sensornodesare positionedin the volume
surroundinga transectin which the mobile node operates.
Every sensomodeis responsibldor reportinga phenomenon
occurringin the vicinity. The mobile nodethen usessimple
task allocationto determinewhich node has higher priority
andthenutilizessamplingalgorithms(eitherrasteror adaptve
sampling)to sampleonly thevicinity of thenodethatdetected
the phenomenon. [6] experimentallyshavs the bene ts of
sucha strati cation of the samplingtransect.

The rapid time rate of changeof eld variablevalueleads
to a needfor even higher performancein the responseof
the mobile sensingsystemto ervironmentalevents. In this
paperwe introducetwo new TaskAllocation algorithmsused
by NIMS and presentthe results of performanceanalysis
obtained directly in the eld and operatingin the forest
resere [5]. In somecasesadditionalperformanceanalysisis
obtainedfrom measurementen a physical testbedduplicate
of NIMS thatincludessensordatarecordsobtainedfrom the

eld. This permits reproducible,repeatedmeasurementsf
the sameeventsfor a probeof systemperformance.

Il. NETWORKED INFOMECHANICAL SYSTEMS

Figure 2 shavs a NIMS systemdeployed in the forest
resene and continuouslyoperating.This systemincludesa
supportingcableinfrastructure a horizontallymobile embed-
dedcomputingplatform payload,imagesensingsystemsand
a vertically mobile meteorologicalsensorpackagecarrying
humidity, temperature,and PAR sensing nodes. Wireless
networking is incorporatedto link static sensornodes(sus-
pended)with the vertically andhorizontallymobile elements.
TheNIMS infrastructurds elevatedin the ervironmentwithin
the forestandthuslies above ervironmentalobstaclego solar
radiation.The NIMS systemis deployed in a planartransect
of length70m andaverageheightof 15mwith a total areaof
over 1,000m?.

The introductionof staticsensomodesin a deploymentof
sensorsmust also be compliantto the comple forest ervi-
ronment.This paperreportsa NIMS architecturedeveloped
to enabledistributed Task Allocation incorporatingvertically
suspendedtaticsensorghatarereferredto assensorstrands
Sensostrandsalsoexploiting infrastructurearesuspendeth
the planeparallelto the NIMS samplingtransect(Figure 2a).
Every sensorstrand includestwo sensorsseparatedoy 1-
2 meters.Data from strand sensorelementsis sampledby



(a) Two SensorStrandsand NIMS Node

(b) Schematiaepresentatiomf the deployed NIMS.

Fig. 2. NIMS deplo/edat the JamesSanJacintoMountainResere (http://wwwjamesreser.edu).This imageshavs the NIMS cableinfrastructurehorizontal
transportnode (carrying an embeddedcomputingplatform, image sensorand vertical transportcontrol, and vertically mobile meteorologicakensomode.

an embeddedsensornode basedon the Intel Star gate™
platform. Communicatiorbetweenstrandnodesand the mo-
bile, horizontalnode occursover an IEEE 802.11bwireless
interface. Figure 2b schematicallyshavs the experimental
architectureat the JamesSan Jacinto Mountain Resere.
As shown in Figure 2b, there are three sensorstrandswith
six PAR sensorsdeplo/ed in this transect.Note that each
sensorsamplesPAR valuesthat are then consideredto be
representate of the light intensity in the vicinity of this
sensor Hence, the samplingtransectis discretizedinto six
cells. The samplingscheduling(determiningwhereandwhen
to sample)is guidedby the TaskAllocation systemhostedon
the NIMS node.

I1l. TASK ALLOCATION ALGORITHMS

TaskAllocation (TA) is the problemof assigningavailable
resourcesto tasks. For a comprehensie overviev of TA
formulationsseg[7]. Therearetwo majorsubdvisions:of ine
andonline. Of ine TA is the problemof assigningresources
to tasksif certaininformation (e.g. the distribution of task
arrival times, relative task priority) is known a priori. The
assignmenprocesproceedof ine. Theofine TA problem,
in its most generalform, is equialent to the conjunctive
planningproblem[8] which is NP-Complete.

Our focus hereis on online task allocation.In online TA,
all information aboutthe tasksbecomesavailable only upon
task arrival. The assignmenbf resourcesgo tasks must be
computedin realtime, one at a time. It hasbeenshavn [7]

that greedy algorithms for an online TA problem, that is
consideredin this paper are 3-competitve to an optimal
ofine solution. It has also been shovn [7] that without
domain knowledge about the problem there is no solution
that is better than the one provided by greedy algorithms.
Following the model in [9], we think of task assignment
occurringin decisionepots A decisionepod is a period
of time during which only the taskswhich have arrived since
the end of the previous epochare consideredor assignment.
Increasingthe decisionepod to in nity convertsthe online
TA into theof ine TA problem.We modelthe NIMS system
as an online TA problem,sinceit is designedfor real-life
autonomouseld applicationsin dynamicervironments.

Our work is relatedto 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 subdiZidesMRTA architecturegnto behaior-
basedand auction-basedFor example, ALLIANCE [11] is
a behaior-based architecturethat considersall tasks for
(re)assignmenat every iteration basedon the robots' utility.
Utility is computedby measuresf acquiescencand impa-
tience.Auction-basedpproachemcludethe M+ systen[12]
and Murdoch [13]. Both systemsrely on the ContractNet
Protocol (CNP) that puts available tasks for auction, and
candidateobotsmale 'bids’ thataretheir task-speci cutility
estimatesThe highestbidder (i.e., the best- t robot) wins a
contractfor the taskand proceeddo executeit.

The proposedTA algorithmdiffers from the abore MRTA
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Fig. 3. Different SN topologiesand correspondingrojectionsonto the transect.

approachedt relieson a staticnetwork andcommunication,
sensing,and computationare distributed. The motivation for
the TA algorithmderivesfrom the needto ef ciently sample
the phenomendnsteadof the entire ervironmentalspace As
has beendiscussedn the introduction, it is impractical to
deploy sufcient numbersf x edsensorgo achiese required
sensingdelity . As will beshawn, the systemcombining x ed
andmobile nodesenablesfcient sampling.TA becomeghe
primarydriver of ef cient datacollectionin this systemsince
it allows the userto selecta subsetof the environmentfor
sampling,as opposedo samplingthe entire ervironment.In
addition, TA managesystemresourcesso thatresourcesare
not consumedunlessassignedmost effectively.

A. Methodolagy

The generalonline TA systemfunctionsin the following
way. Supposeat a given decisionepochthe systemmaintains
asetof resource®R = fry;::;rpgandtasksT = ftq;:::; tk0.
Tasksare prioritized basedon a criterion C. C is anapplica-
tion dependenfunction and cancombinesuchparameterss
task arrival time, taskimportance etc. A setof assignments
A= (I = min(n;k) : fag;:::; a0) is computedasfollows.

8aza@ = argmax;=( ;:; jrj) (U(rj ;1)) 1)

wheret is the next unassignedask accordingto C and
U(r;;t) is thej-th resourceutility valuefor accomplishing.
The assignedresourceand correspondingask are removed
from R and T respectiely, beforethe next assignmentThe
utility function is chosento be application and resource
dependentln our model,onceassignedresourcesannotbe
reallocatedAfter aresourceénascompletedts taskit becomes

availablefor a new assignmentln theterminologyof [14] we
adopta commitments opposedo an opportunismstratayy.

The systemconsistof a mobile nodesuspendedn acable
and a static sensormetwork. We assumethat the network is
predeplged whereeachnodeknows its locationin a global
coordinatesystem.The network monitorsthe ervironmentfor
eventsof interest(motion, changen light intensity etc). The
problemthenis to prioritize the events,and drive the mobile
nodeto a vantagepoint from which a particulareventis better
obsened. Once the node arrives at the event location, the
local phenomenoris measuredin TA terminology a robot
is a resouce and a detectionby a sensornode of an event
requiring perusalby a robotis a task

Figure 3 shavs two network topologiesthat we de ne -
positionedon the ground (the 2D-case)and more generally
in the volumesurroundinghetransec{the 3D-case)In order
for the TA systemto plan the nodes motion the goal points
shouldlie in the transectplane.Hence,we projectthe nodes
locationsonto the transectplane.As a resultwe get a setof
pointson a line | (2D-case,Figure 3a) or a plane|  (3D-
case,Figure 3c), both of which lie in the transectplane.In
the 2D-case| is the line wherethe transectplaneintersects
the groundplane.Since,the mobile nodecannotmove along
that line, we translatel to a parallelline |, on the transect.
We de ne the projection function in the 2D-caseP ROJ,,
and3D-casePROJ: . .

Basedon tasksprojectedlocationsTA dividesthe transect
into slices(2D-case Figure 3b), or generallycells (3D-case,
Figure 3d). With every projectednodek we associate cell
Cn.

Note that a 2D systemis sometimespreferredbecauset
is easierto setupin the eld and for someapplicationsa
2D perspectie is enough.As an example,considerstudying
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and Distancepolicies. The OnTime of events generatedby all sensorsis
consideredDotted (blue or lighter) graphsshow the distributionsat original
mean.

sunlightintensityshiningthrougha forestcanoyy. In this case
a sensometwork with illumination detectorcanbe placedon
the ground.Supposenodek discoveredaninterestingreading
(say an abnormallight value). The TA systemthen would
guide the robot towards the goal point on |, computedby
PRQJ,, . The mobile nodethen can study appropriateslice
Ck. The general3D-casesystemis investigatedin this paper

B. The Task Allocation System

Our systemis a special case of the TA methodology
describedabore - with only one resource(mobile node)for
taskassignmentWe considerthe problemof assigningtasks
oneatatime. In this casethe greedyassignments olviously
optimal. Considertask assignmentEquation 1. Since there
is only one mobile node,the next task with highestpriority
(accordingto criterion C) is assignedo the mobile node,no
matter what the mobile nodes utility function might be. In
this paperwe consideitwo basicgreedypolicies,onebasedn
a task’s arrival time (we termit the time policy) and another
basedon the distanceto the task (we term it the distance
policy). In our systemthesepolicies essentiallyde ne the

task prioritization criterion C.

TheTaskAllocation systemconsistsf two algorithms,one
runningon the staticsensomodesandthe otheron the mobile
node.The algorithm of static nodesis simple - retrieve data
from the sensorsprocessit, and deliver to the mobile node
via a wirelesslink.

The algorithm running on the mobile nodeis as follows.
Supposethe mobile node receves the sensordatafrom the
staticnodei. This datais analyzedandif thereis a difference
greaterthanathresholdn the currentsensodatawith respect
to the previously storedvalue,a samplingtaskfor the sensor
nodei 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 appliedto the vicinity of the
static node, but this is not our focus here).Next, if the task
generatedy nodei is not storedin a setof currently active
tasksT,, it is addedto this set.If themobilerobotis available
for the next taskand T, 6 O, the next taskis extractedfrom
T, accordingto the criterion C. We implementedwo policies
for the criterion C - time policy (taskswith smaller time
stampget priority) and distancepolicy (taskscloserto the
robot get priority). Note that sincethe systemdoesnot have
ary prior knowledge about the spatiotemporalariation of
eventarrival, simplegreedyscheduling(time anddistancg is
appropriateln our future work, aswe will learnmore about
the nature of the phenomenonwe plan to incorporatethat
knowledgeinto the task allocation process.Next, basedon
thetaskinformationthe mobile nodeneedso computea goal
point. If the task's positionis p then the goal position will
be PROJ,, (p) in 2D-caseandPROJ:  (p) in 3D-case(see
Figure 3). The robotthenmovesto the computedocation of
the task. After the robot completesits last task it becomes
available for reassignment.

IV. EXPERIMENTAL RESULTS

We performedasetof experimentausingour taskallocation
system and comparedtwo policies - Time and Distance
The difference betweenthe two policies is the priority in
which the tasks are ordered prior to assignmentto robot
occurs.First, a setof experimentsvasconductedon a NIMS
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deplojed in The JamesSan Jacinto Mountain Resere (as

shavn in Figure 2). Note that becauseof spacelimitations,

only representatie graphsare presentedFigure 4 shavs the

representadie PAR datafrom sensorl and?2 collectedduring

theoperationof the Timepolicy (Figure4ab)andthe Distance
policy (Figure 4cd). Figure 4 also shavs points in time

when events were generatedand servicedby both policies
for 2 sensors.Note that events are generatedin response
to uctuations in PAR. As shawn in Figure 4, events are
generategbroportionallyto the densityof the 'spikes' in PAR

dataand cover all signi cant 'spikes’ of PAR data.

As anevaluationmetric of the taskallocationpolicy perfor
mancewe usethe task (event) OnTime A taskOnTimeis the
differencebetweenthe time the task (event) was generated
(or registered)by the systemand the time it was serviced
by the robot. Figure 5 shavs the comparisonbetweenthe
cumulative eventOnTime of the Time policy andthe Distance
policy. For visualizationpurposesin Figure5 event's OnTime
is presentedn aform of a zero-mearGaussiardistribution. It
follows that the Distancepolicy hassmalleraverageOnTime
with smallerdeviation.

Theseexperimentsshav that the presentedask allocation
systemachieres spatiotemporasamplingwith both policies.
However, in orderto comparethe performanceof the two
policies we needto run eachon the sameand longer set of
data.

A. TA Policies: Time vs. Distance

In orderto comparethe performanceandcharacteristicef
the two policieswe have recordeda setof sensorstranddata
(approximately9 hours and 30 minutes)spanningone day.
Thenwe canreplaythe stranddatathroughthe sameinterface
asin the eld systemin our lab testbedsystem.The testbed
systemis computationallyidentical to the NIMS system(at
theJamedResere) andhasthe samesuiteof physicaldevices,
suchasmotorsandsensorsHence thebehaior of thetestbed
is virtually identicalto the NIMS at the JamesResere.
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PAR dataacquiredby the sensorstrandson August21st2004, from 10:33till 20:00.

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

Figure 7 shawvs data from Sensor5 (third strand) and
generatedevents by Distance policy (Figure 7a) and Time
policy (Figure 7b). Note that both policies generateevents
sothatthe spikesin the PAR dataare covered,which in turn
meanghateachof thosespikescanbe sampledoy the system.
Figure 7 also shavs a good spatiotemporalphenomenon
‘coverage'by both policies.

Figure 8 shavs a magni ed view of part of the datafrom
sensor3 (secondstrand).Generatedand servicedeventsare
dravn onthis gure, for Distancepolicy (Figure8a)andTime
policy (Figure8b). Note that at certainpointsin time, dueto
inherentdifferencesbetweenthe two policies we considey
someevents are generateddy one policy and not generated
by the other As a result, the OnTime for samegenerated
eventsis different.

Finally, Figure 9 shavs a comparisonof the performance
of both policies as a measureof cumulative event OnTime
Figure 9a shaws 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
smallerthethresholdmoreeventsaregenerateéndhencethe
systemspendamoretime to serviceall events.Figure9aalso
shaws that thereis no signi cant differencein performance
betweenthe two policies.If we considerFigure9arepresent-
ing the comparisonof averagevaluesof the policies, or the
meansthen Figure 9b shavs the comparisonin deviation of
both policies from the mean.Figure 9b also doesnot shav
signi cant differencebetweenthe two policies.
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V. CONCLUSIONS AND FUTURE WORK

Virtually all environmentalmonitoringapplicationsrequire
a high delity characterizatiorcapability for ervironmental
variables.This implies a high spatiotemporabamplingrate.
Networked InfomechanicalSystemgNIMS) combiningboth
x ed and mobile nodeswas introducedfor addressinghis
problem. In this paper we presentedthe Task Allocation
componentof NIMS. Speci cally, we introduceda system
in which static nodesact astriggersfor the sensorsampling
eventsto 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 performedextensize experimentsof the two policieson

15 16
Time of day (in hours)

(b) Time policy. Magni ed view of datafrom Sensor3

Event generationand servicingby both policies. Note that in somecaseseventsare generatedat different times and the OnTime of someevents

the NIMS deplo/ed at JamesResere andon our lab testbed.
The main conclusionthat we candraw is thatit appearghat
both policies are adequatdor the problemof spatiotemporal
sampling.However, from the presentedexperimentalresults
follows thatthe 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 the proposedaskallocationsystemandconstruct
amodelof the studiedphenomenoriNext, we planto improve
the performanceof the TA systemwith domain knowledge
obtainedfrom the model,which, in turn, would provide better
datafor the modelimprovement.We also plan to investicate
the performanceof our TA systemfrom the perspectie of
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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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