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Abstract—Many environmental applications require high fre-
quency, spatiotemporally distrib uted phenomenato be sampled
with high delity . This requires mobile sensing elements to
perform guided sampling in regions of high variability. We
propose here a multiscale approach for ef ciently sampling
such phenomena. This approach introduces a hierarchy of
sensorsaccording to the sampling delity , spatial coverage and
mobility characteristics. In this paper, we studied a two-tier
multiscale system where information from a low- delity , high-
spatial (global) sensoractuatesa mobile robotic node, carrying a
high- delity , low-spatial (spot measuement) sensor to perform
guided sampling in the regionsof high phenomenonvariability .
As a case study of the proposed multiscale paradigm, we
investigatedthe spatiotemporal distrib ution of light intensity in
a forestunderstory. The performance of the multiscale approach
is veried in simulation and on a physical system. Results
suggestthat our approach is adequatefor the problem of high-
frequencyspatiotemporal phenomenasampling and signi cantly
outperforms a traditional sampling approoachesraster scan.

I. INTRODUCTION

A broadclassof applicationsgncluding ervironmentalsam-
pling, medical applications,and precisionagriculturerequire
distributed sensingcapabilities[5]. This requirementis at-
tributed to the high frequeng spatiotemporabistribution of
the sensingphenomenaCharacterizingsguchphenomenavith
only static sensorgequiresan impractically large numberof
sensorsto be distributed acrossthe complete spatial extent
of the sampledphenomenakFor example, solar radiationand
atmospheripropertieshat display variability on a centimeter
scale are often requiredto be mappedover a large spatial
areawithin a forest (typical width of 50 m and length of
100 m). High delity samplingof such phenomenaover a
two dimensionalplane with a required spatial coverage of
over 1000m? andwith a requiredresolutiongreaterthan 10
samplesh? requiresanimpracticallylarge numberof sensing
elements.

Mobile sensing elements(mobile robots equipped with
sensors)offer an alternatve to a network of static sensing
elementdor high spatialcoveragebut at the costof increased
delay(samplinglateng). Oneapproachto reducesuchlateng
is to apply an adaptive samplingtechnique[?], [10], which
is a multi-stepapproachthat varies samplingdensity at each
step.In suchalgorithms,during the rst stepa mobile robot
performsa coarsescanof the completeenvironmentto extract
the regions of high phenomenorvariability. Then, selected

regionsaresampledwith higherdensityto improve the overall
sampling delity . Theadaptve samplingtechniquesreknown
to performwell in casesvherea phenomenoiis not changing
signi cantly. However, the lateng involved in extracting the
regionsof interest(high variability regions)is large andmakes
thesetechniqueaunsuitedfor samplingdynamic phenomena.
Note that mary environmentalphenomenare dynamic.

Another approachto reducesamplinglateng is to usea
combinationof static sensingelementsand mobile robots[1],
[2]. In [1], [2] a setof n static sensorsis deployed such
thatthe ervironmentis discretizedinto n regions (one sensor
in eachregion). Next, thesesensorsmonitor corresponding
regions for eventsof interest(suchas high concentrationof
a phenomenon)When an event is detected,the systemis
noti ed, andthe mobile robotis taslked to sampleonly in the
region of the sensotthattriggeredanevent. A distributedtask
allocationis implementedo dealwith taskprioritization. This
approachimproves the samplinglateng and can be applied
to dynamic phenomenaHowever, events occurring outside
the range of a static sensormight be missedaltogetherin
this approach.Thus, the performanceof the systemdepends
on the number of sensors(or the level of discritization of
the ervironment). This forces a tradeof betweenthe high
cost of the solution (too mary sensors)and high delity of
a phenomenomeconstructionNote alsothatin this approach
staticsensorsarenot necessarilyequiredto have high- delity
characteristicshecausehey canonly actastriggersand may
not be usedin sampling. Consequentlythis motivates the
needfor a singlelow costsensotthat canprovide low- delity ,
high-spatial(global) information.Sucha sensorcandetermine
regionsof importanceandtaskthe mobile robotsto samplein
thoseregions, thusimproving the sampling delity .

We proposea multiscaleapproad for ef ciently sampling
high frequeng spatiotemporaphenomenawith high delity .
This approachintroducesa hierarchyof sensorsaccordingto
the sampling delity , spatialcoverageand mobility character
istics. In this paperwe focuson a study of a two-tier system.
The rst tier is representecby a static low- delity high-
spatial coveragesensorproviding "global” information about
the ervironment. This informationis then usedto extractthe
regions of interest(regions of high phenomenorvariability).
The secondtier is representedy mobile robots with high-
delity low-spatialcoverage(spotmeasurementensorsThe



mobile robots are then actuatedto perform guided sampling
of the regions extractedby the rst tier sensor

We investigatedspatiotemporatlistribution of light intensity
undera forestcanojy as a casestudy of the proposedmulti-
scaleparadigm.We usedan imager(a camera)asa rst tier
sensorAn imagerprovidesa snapshobf the light distribution
over the experimentalarea. This snapshothas high spatial
coveragebut low delity dueto varyingsurfacere ectivity of
the ervironment,non-linearityof theimageranda smallrange
of possibleintensities(range of pixel valuescomparedwith
rangeof sensecphenomena)Global information provided by
the imageris usedby our algorithmto guide a mobile robot
equippedwith a PhotosyntheticallyActive Radiation (PAR)
sensotto obtainlow-resolution high- delity informationabout
incidentlight. Light is measuredas PAR which is de ned as
radiationin the 400-700nm waveband.Sincethe imagerpro-
videsan instantaneousnapshobf the completeervironment,
this techniqueis neither dependenbn the placementor the
numberof staticsensorsnor constrainedy the highfrequeng
of the sensedbhenomena.

The output of an imageris processedo producea set
of tasksrepresentingegions coveredwith sun- ecks (bright
light patches).Thesetasks are then assignedto the mobile
robots for servicing (sampling). Task Assignmentis a well
studiedproblemin Multi-Robot Task Allocation [?], and Op-
erationsResearchThe problemof Dynamic Vehicle Routing
(DVR) [8] in OperationsResearchis the application that
exhibits task attributes as in our system.Solutionsto such
a problem assumecertain task characteristicsIn our case,
task characteristicgre not known a priori. Therefore we im-
plementeda greedyheuristic-basedask allocation algorithm
wheretasksare prioritized basedon a utility servicetime and
sampledarea.

We presentan analysisof the performanceof our approach
using prerecordedreal datain simulation and on an actual
physicalsystem.

Il. ENABLING ROBOTIC PLATFORM

Therequiremenbf a sustainablendprecisemobile sensing
for ervironmental applicationsinspired the developmentof
Networked Info-MechanicalSystems(NIMS) [4]. NIMS in-
troducedinfrastructure-supporteghobility with mobile robots
carrying sensorsthat can autonomouslyexplore a three di-
mensionalvolume. Infrastructuresupportedmobility helpsin
preciselocation resolution, enabling actuationof the NIMS
nodeto performguidedsampling NIMS provideslarge spatial
coveragewith preciselocalization.Thesecharacteristicenake
NIMS an ideal robotic platform for studyinghigh frequeng,
dynamic phenomenawith high delity. A three dimensional
versionof NIMS, NIMS-3D [?], is shavn on Figurel. NIMS-
3D is a novel, rapidly deployable cable-basedobotic system
capableof accuratepositioningwithin its 3-dimensionakpan.
The systemis designedfor indoor and outdoor use. The
hardware is composedprimarily of commercially available
components.

1: NIMS-3D performinglight sensing
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2: An overview of a two-tier multiscalearchitecture Future
modulesandtheir data o w pathsaremarkedwith dottedlines.

When the phenomenao be characterizeds changingat
a rate fasterthan the samplingrate of the mobile robot, the
constraintf the physicalsystem,suchassamplingtime and
averagespeed |imit the total amountof informationthat can
be gatheredfrom the ernvironment. Systemperformancewith
suchconstraintganbeimprovedby samplingthe ervironment
in an intelligent way. We presenta multiscale approachfor
intelligent samplingnext.

I1l. AN OVERVIEW OF A TWO-TIER MULTISCALE
ARCHITECTURE

We proposea multiscaleparadigmfor sensingapplications.
Theideabehindthe multiscaleis to arrangea setof sensorsn
a hierachicalsystemaccordingto the sampling delity , spatial
coverageand mobility characteristicsThis systemof sensors
then can be usedfor efcient high delity samplingof high
frequeng spatiotemporaphenomena.

In this paperwe focuson a study of a two-tier system.An
overview of the systems$ architectureis shavn on Figure 2.



In this architecture,high frequengy dynamic phenomenas
capturedby a rst-tier sensor The rst tier is represented
by a staticlow- delity high-spatialcoveragesensorproviding
"global” informationaboutthe ervironment.This information
is then usedto extract the regions of interest (regions of
high phenomenorvariability). Theseregions form a set of
samplingtasksfor second-tiersensorgo pursue.The second
tier is representeddy mobilerobotsequippedwith high- delity
low-spatial coverage(spot measurementyensors As shavn
on Figure 2, a set of new tasksis given as an input to the
TaskAllocation module.The taskallocationmoduleperforms
prioritization of tasksbasedon the selectedutility andassigns
the taskwith highestutility to the available mobile robotsfor
high- delity sampling.

An outputof the systemis a setof high- delity phenomenon
measurements a given region, which then can be usedby
scientists.In the future, we plan to augmentthe described
architecturewith two newv modules.The rst moduleis Task
Modeling (pleaseaeferto Figure2). TaskModelingwill collect
the completetaskinformationfrom the Task Allocation mod-
ule andbuild a modelof future taskarrivals anddistributions.
Task modelingwould further improve task allocationand at
the limit yield an optimal solution.

Another future module is phenomenoncharacterization
basedon the receved high- delity sensedvalues. This in-
formation can be usedto improve rst-tier sensordata pro-
cessingand seggmentation,as well as calibration. In theory
if the rst-tier sensoris calibratedin accordancewith the
spatiotemporalnonlinearitiesin the environment, the high-
delity phenomenorinformation can be extracted (or much
closerapproximatedydirectly from the rst-tier sensor

IV. SAMPLING LIGHT INTENSITY: A CASE STUDY

Samplinglight intensity undera forestcanoyy is usedasa
casestudy of a multiscaleparadigm.In this application,we
useanimager(a camera)asa rst-tier sensor The imageris
a high-spatial,low- delity sensorthat provides global infor-
mation aboutthe ervironment. This information is then used
to actuatethe mobile robot equippedwith a low-spatial,high-
delity PAR (light intensity) sensor(a second-tiersensor).In
this sectionwe describethe two main modulesof the system
- ImageProcessingand Task Allocation.

A. Image ProcessingModule

The ImageProcessingVlodule takesasan input a snapshot
of the ervironment capturedby the imager Snapshotsare
processedising the Open Source ComputerVision Library
(OpenCV)[9]. An overview of thelmageProcessinglgorithm
is shavn in Figure 3. The rst stepin image processingis
noise ltering, which is accomplishedhroughimage down-
samplingandup-samplingNext, we performthe sggmentation
of animageusinga pyramid sggmentationalgorithm|[3]. The
segmentedcoloredimageis then corvertedinto a gray scale
image. Then, in orderto achieve the bi-level (binary) image
we applyathreshold As aresult,white areagepresentegions
covered with sun- ecks (regions of importance)and black
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3: ImageProcessindAlgorithm

areasrepresentregions covered with shadev. Intermediate
resultsof thesestepsare shovn in Figure 4.

The nal stepin imageprocessings to extractnew regions
of interest. Theseregions are an input set of tasksto the
TaskAllocation module(describechext). We assumeonly the
regions covered with sun- ecks are the regions of interest.
Regions that were bright when sampledby the mobile robot
and becamecovered with shadev, accordingto the current
shapshotof the ervironment, were updateddirectly. Only
regionsthatwerepreviously coveredwith shadev andbecame
coveredwith sun- ecks are extractedastasks.This approach
was motivated by a higher degree of error found in image
informationfor bright regionsdue to non-uniformre ectivity
of the capturedsurface. Hence,low resolution samplingis
requiredfor bright regions.

Note that our focusin this paperis to shav the importance
of using a multiscale paradigmin studying high frequeng
spatiotemporalphenomenaand not on novel approachesn
image processing.However, the performanceof the image
processinganbe furtherimproved by applyingmore optimal
algorithmsfor segmentation thresholdsand task-etraction.

B. TaskAllocation

A setof tasksextractedby the ImageProcessingnoduleis
suppliedasinput to the Task Allocation module. The Multi-
RobotTaskAllocation (MRTA) problemhasbeenwell-studied
in the robotics community [?], and is simply statedas the
problem of allocating tasksto robots. Of particular interest
is the online version of the problem (OMRTA), wheretasks
in the ervironmentare geographicallyandtemporallyspread,
and robots need to visit task locationsto accomplishtask
completion (sampling). The problem is to assigntasks to
robotsoptimally in an online fashion.

Following the methodologydevelopedin [2], OMRTA con-
sistsof assigningavailablerobotsto samplingtasksaccording
to an online greedy heuristic that will maximize the utility
in a given time epoch.We have implementedtwo heuristics



(a) Imagecapturedat 10:00a.m. (b) Image after remaving noise by

up-samplingand down-sampling

(c) Segmentedgray-scaleémage (d) Binary image after applying a

threshold

4: Intermediateresultsof Image ProcessingAlgorithm

(a) Bi-level snapshobf the environ-
ment at 10:00 a.m. after applying
a thresholdto the sggmentedgray
scaleimage

(b) Reconstructe@rvironmentwith
Area as the heuristicand s = 4,
v = 40 cm/s

(c) Reconstructe@rnvironmentwith
Area as the heuristicand s = 6,
v = 40 cm/s

(d) Reconstructe@nvironmentwith
Time as the heuristicand s = 4,
v = 40 cm/s

5: Simulationresults

- SamplingArea and ServiceTime The Area heuristic gives
priority to samplingtasksof alargerarea(i.e. taskswith more
information). This heuristicis preferredwhen the aim is to

extract as much information as possiblefrom an unknown

ervironment. The Time heuristic, on the other hand, gives

priority to tasksthat requirelessservicetime (samplingtime

and travel time). This heuristicis useful when the purpose
is to sampleas mary tasks as possible. Hence, the Time

heuristicis useful when thereis a model of a phenomenon
distribution (i.e. even one sampleof the task is enoughto

predictits distribution) or whenthe aim is to cover as mary

tasksaspossibledueto differencesn spatialvariability of the

phenomenon.

Note that both the Time and Area heuristics are online
greedyheuristics.Ilt hasbeenshowvn in [7] that greedyalgo-
rithms provide a good approximatesolutionto the online task
allocationproblemsandin somecasesare within a bounded
limit of the optimalsolutionobtainedby of ine taskallocation
algorithms,wherethe task characteristicare known a priori.

V. EXPERIMENTS AND ANALYSIS

The performanceof the multiscale paradigmfor sampling
light intensity was testedand analyzedthrough simulations
and on a real physical system(pleaserefer to section 1) in
a laboratorysetting.

Imageswere capturedevery 15 secondsfrom the mixed
conifer forestof the JamesSanJacintoMountain Resere [6]
from 8:00 a.m.to 8:00 p.m. Note that the physicaldelay in
imageacquisitiondictatesthe decisionepoch[2] alsoequall5
secondsA down-looking imager capturedimages(768x480
pixels) of the understoryof a forest canopy covering an area
approximatelyé metersin lengthby 4 metersin width. Images
capturedbetweenl0:00a.m.and11:00a.m.wereanalyzedn
simulationand using NIMS-3D in a laboratoryervironment.

Theseimageswere experimentallyveri ed (by analyzingim-
ageduringothertimesof thedayandchanginghe parameters
for image processing)o be representatie of the spatialand
temporalvariationsoccurringin the transectthroughoutthe
day. The imagescapturedconstitutethe information sensed
using a high-spatial,low- delity sensor(imager) and were
processedto extract a set of tasks that representpossible
regions that could be sampledusing the low-spatial, high-
delity PAR sensorcarriedby the mobile agent.

A. Experimentsn Simualtion

In simulation,the servicetime for a particulartaskdepends
on the samplingtime, the density of the rasterscan,andthe
averagespeedof the mobile robot. We computedthe service
time in simulationasfollows:

Tservice = Tsamp + Ty avel while _sampling + Tinter _task tr avel
! wm Xem % * Yem | d
= — = teamp t —————" 4 =
S S \% \%

where Tsamp is the sampling time to gather one sample,
Tir avel while sampling IS thetravel time while samplinga given
task, Tinter _task _.tr avel IS the time to travel from the previous
task to the currenttask, w and h are the width and height
of the boundingrectangleof the currenttask, X¢n andyem
arethe width and heightin cm of the transectcapturedn the
image,s is the samplingdensity v is the averagespeedof the
mobilerobotandd is the distanceraveledfrom the previously
servicedtaskto the currenttask.

A samplingtime of 0.1 secondsworked well for sensing
light intensity The samplingdensitywas varied from s = 4
to s20, wherehighervaluesof s imply sparsersampling.For
example,whens = 20, every 20th pixel is sampledand the
restarelinearly interpolated The averagespeedof the mobile
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6: Simulationresultsfor Area and Time heuristics.The graphon the left comparesnormalizedsampledareafor different
densitiesand speedsThe graphson right comparesiormalizednumberof servicedtasks.

robot was varied from 40 cm/s to 500 cm/s. We performed
experimentsfor the Time and Area heuristics.A commitment
policy was followed while servicingthe tasks.Thatis, if the
robot startedservicing a particulartask, all the imagesthat
arrived while the task was being servicedwere ignored and
only the image that arrived immediately after the task was
completely servicedwas processedo extract a newv set of
tasks.

For comparatie analysis,performanceof eachheuristicat
eachsamplingdensity and averagespeedwas normalizedto
the absoluteperformanceachiezable. To normalizethe amount
of informationsampledn termsof area,the total information
availablebetweenl0:00a.m.and11:00a.m.wascalculatecby
takingthedifferencebetweerconsecutieimagesandcounting
the number of white pixels in the differencedimages. To
normalize the amount of information in terms of serviced
tasks,the total numberof tasksin eachprocessedmagewas
calculatedand averagedover eachsamplingdensityto getthe
total numberof tasksfor a given averagespeed.

1) Time vs. Area heuristics: Figure 6 shavs the per
formancefor each heuristic (Area and Time) improves by
decreasinghe sampling density (increasingthe value of s)

and increasingthe averagespeed.Decreasingthe sampling
densityresultsin agreaterchangen performanceasscompared
to increasingthe average speed.A decreasein sampling
density results in a decreasein sampling time (Tsamp )as
well as a decreasein Ty avel whie _sampling - Reductionin

Tir avelwhile sampling 1S dueto a decreasen the total linear
distancethat the nodehasto travel while performinga raster
scan.

If the amount of information extracted is basedon the
sampledarea the Area heuristicperformsbetterthanthe Time
heuristic.Thisis becausédor the Time heuristic,the majority of
time is spenttraveling betweenthe tasksso Tinter _task _tr avel
is thedominatingterm,while for the Areaheuristicit is almost
negligible. However, if the amountof informationextractedis
basedon the numberof servicedtasksthenthe Time heuristic
performsmuch better This is becausdn the Area heuristic,
the robotis often committedto samplinga task with a large
areaand may miss several images(andthereforetasks)of the
ervironment.

Decreasingthe sampling density (increasingthe value of
s) resulted in improved performancefor both heuristics.
However, the improved performancecomesat the cost of
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reconstructiorerror. Figure 5b,5¢ shavs that decreasinghe
samplingdensity leadsto jaggededgesfor the sampledtask
(dueto linear interpolation)resultingin a large reconstruction
error. Reconstructiorerroris calculatedby countingthe num-
ber of pixels in the sampledimage (after interpolation)that
are differentfrom the bi-level form of the inputimageandis
normalizedwith the total amountof information available in
the sampledregion. This normalizederror ratio for different
valuesof sis shavn in Figure7. Reconstructiorrrorincreases
as samplingdensitydecreases.

We also performedan experimentto comparethe perfor
manceof a multiscale approachto a traditional full raster
scanof the ervironment. The rasterscansimply samplesthe
completeenvironmentwith a desiredsampling density We
implementedhe rasterscanwith anaveragespeedof 40 cm/s
for all samplingdensities(the resultis shavn in Figure 6a).
Figure6aillustratesthatfor correspondingpeedsa multiscale
approachperformsbetter than a simple rasterscanin terms
of the amountof informationextractedfrom the ervironment.
The multiscaleparadigmyields greater delity aswell. Since
the rasterscanalsohasa commitmentpolicy, the information
extracted by samplingthe completetransectarearesultsin
greatererror becausea phenomenons dynamicand changes
drastically while the raster scanis still undervay. This is
evident from the numberof imagesprocessedn the raster
scan.They varied from 1 imagefor s = 4 to 9 imagesfor
s = 20. The total number of imagesprocessedusing the
same average speedas the raster scan) using a multiscale
approachvaried from 13 imagesfor s = 4 to 121 images
for s = 20. Thus, a multiscale approachcapturesmore up-
to-dateinformationfrom the ervironmentresultingin greater
delity .

2) Multi-Robot Experiments: The performanceof a mul-
tiscale approachwith multiple mobile nodeswas analyzed
in simulation. The samplingdensity was setto s = 6 and
the average speedto v = 60 cm/s, while the number of
robots was varied and the performancewas analyzedusing
normalizedsampledarea.Resultsare shovn in Figure8. The
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8: Performanceof multiple mobile sensingagentsat s=6 and
speed=6@m/s

horizontalline in the graphrepresentthe maximumamountof

information that can be extractedat s = 6 andv = 60 cm/s.
This maximum value equals0.59 while the total maximum
amountof informationpossibleis 1. This differenceis caused
by our commitment policy which results in some images
being skipped.Initially, an increasein the numberof robots
resultsin a proportionalincreasdn the informationextracted.
However, as the numberof robots continuesto increasethe

additional information gatheredcomesfrom tasksthat have

much smaller areasand thus do not proportionally add new

information. (This resultis only representatie of the chosen
samplingdensity averagespeed,and phenomenorsampled.
It may not be extrapolatedto representhe genericscaling of

performancewith an increasingnumber of robots for other
sensingapplications.)

B. Experimentswith the PhysicalRobotic System

While interfacing with the physical system,we projected
the black and white imagesin a 2-dimensionalregion that
was scannecy the NIMS-3D robot (referto Sectionll). The
projectedmagespannedinareaof 110cmin lengthby 93 cm
in height,de ning the region in which the mobile nodecould
move. Note that the original image representan areaof 4m
in heightand 6m in width. Therefore,in the implementation
of our algorithm on a real systemwe used an appropriate
corversationratio.

A motor poweredspoolingsystemis a major componenbf
NIMS-3D [?]. Control of the motor systemis accomplished
througha PID controller that ensurespreciselocation map-
ping. Motors usedin the systemare 24V DC sub-fractional
horsepaver gearmotors.In our experimentsthe mobile node
achieved a maximum speedof 200 steps/swith a step size
of approximately0.014 cm. The use of a PID controller
necessitatea settle or wait-period at the end of eachmove.
The averagewait-periodwas 3 secondsPositioninformation
about the mobile node was generatedhree times a second
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differentsamplingdensities

while the sampledvaluesfrom the PAR sensomwerecollected
at10Hz. The positioninformationwastheninterpolatedo get
a physicallocation correspondingo eachPAR sensorvalue.

Trendssimilar to simulationwere obsened whenthe two-
tier multiscale approachwas implementedon a physical
system.Resultsare shovn in Figure 9 for a peak speedof
2.4 cm/s. The position coordinatesof the mobile node were
extracted three times every second,while the PAR values
were sampledat 10 Hz. PAR informationwas gatheredwhile
the node was moving and intermittent valuesthat were not
sampleddirectly were interpolated.

As discusseckarlier the imagein Figure 5arepresentshe
bi-level form of the snapshotof the ervironmentat 10:00
a.m. This image was projected from the VGA, while the
mobile robot performeda full rasterscanto reconstructthe
image.Figure 10ashaws the reconstructeenvironmentusing
the PAR values obtained from the sensorwhen the robot
moved in 1 cm incrementsalong both the horizontaland the
vertical axis. Note that PAR information was collectedeven
when the robot was moving. The values were interpolated
and mappedto the pixelsin the image.Figure 10b shavs the
pixels thatwere actuallysampledwhile performingthis raster
scan.lIt took around12 hoursto completethis rasterscan.
Then we modi ed the motion of the mobile robot to move
continuouslyalongthe horizontalaxis while still moving with
a stepsize of 1 cm in the vertical axis. The reconstruction
with this techniqueis shavn in Figure 10c with Figure 10d
representinghe locationsthat were sampled.This rasterscan
took only 40 minutes. As is evident from the imagesin
Figure 10b and 10d, considerableeconstructiorerror is due
to nonlinearmotion of the physicalsystem.NIMS-3D is still
under developmentand feedbackfrom theseexperimentsis
being usedto further improve the system.Any improvement
in the physicalsystemwould resultin furtherimprovementin
the sensingperformanceusing a multiscaleapproach.

(a) Reconstructeeervironment from a rasterscanof 1 cm along
both axises

(b) Samplediocationsin a rasterscanof 1 cm along both axises

(c) Reconstructedervironmentwith a continuousscanalong the
horizontalaxis anda 1 cm scanalongthe vertical axis

(d) Sampledocationswith a continuousscanalongthe horizontal
axisanda 1 cm scanalongthe vertical axis

10: Resultsusingthe physicalsystem



VI. CONCLUSIONS AND FUTURE WORK

In this paper we proposeda multiscaleparadigm for ef -
ciently samplinghigh frequeng spatiotemporallydistributed
phenomenawith high delity . We describeda two-tier mul-
tiscaleapproachwhereinformationfrom a low- delity , high-
spatial (global) sensoractuatesa mobile robotic node, car
rying a high- delity, low-spatial (spot measurementensoy
to perform guided samplingin the regions of interest(high
phenomenomwariability). As a casestudyof the proposednul-
tiscale paradigm,we investigatedhe spatiotemporadistribu-
tion of light intensityin a forestunderstory The performance
of the systemusing a multiscale paradigmwas analyzedin
simulationand with a real systemin a controlled laboratory
ervironmentusing prerecordedeal data. Samplingdensities
andthe speedof the mobile robot was varied.

We implementeda greedy heuristic-basedask allocation
algorithm in which taskswere prioritized basedon a utility
(Area and Time). Simulationsshaved that if the amountof
information extractedis basedon the sampledarea,the Area
heuristicperformedbetterthanthe Time heuristic.However, if
the amountof information extractedis basedon the number
of servicedtasks then the Time heuristic performed much
better Results shaved the performancefor each heuristic
(AreaandTime) improved by decreasinghe samplingdensity
and increasingthe average speed.However, decreasingthe
samplingdensity also resultedin an increasein phenomena
reconstructiorerror. Throughsimulationwe also shaved that
a systemusingthe multiscaleparadigmperformedbetterthan
one using a traditional samplingtechniquesuch as a raster
scan.Next, we analyzedhow the performanceof a multiscale
paradigmscaledwith the number of implicitly coordinated
multiple robots operatingat the samesampling density and
average speed.Finally, the multiscale approachwas tested
on a physical system(NIMS-3D) in a controlled laboratory
ervironment;theperformancef the systemexhibitedbehavior
similar to that obsenedin simulation.

In thefuture,we planto characterizéhetasksetsuchthatan
optimal sensingstratgy for a setof input taskscanbe applied
rather than using a greedy-basecdheuristic approach.This
would enableus to generalizethe task allocation strateyy for
several sensedohenomendaving similar task characteristics.
Usingthesensedaluesfrom low-spatial high- delity sensors,
we planto modelthe characteristicef aphenomenosuchthat
usingonly the informationfrom the high-spatialsensoranda
model, we could obtain high- delity information about the
phenomenomwithout samplingit directly with a high- delity
sensor Lastly, we plan to use adaptve samplingto service
tasks,ratherthana simplerasterscan,to furtherimprove the
performanceof our system.
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