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Abstract— Many envir onmental applications require high fr e-
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 intr oduces 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 fr om a low-�delity , high-
spatial (global) sensoractuatesa mobile robotic node,carrying a
high-�delity , low-spatial (spot measurement) sensor, to perform
guided sampling in the regionsof high phenomenonvariability .
As a case study of the proposed multiscale paradigm, we
investigated the spatiotemporal distrib ution of light intensity in
a forest understory. The performanceof the multiscale approach
is veri�ed in simulation and on a physical system. Results
suggestthat our approach is adequatefor the problem of high-
fr equencyspatiotemporal phenomenasampling and signi�cantly
outperforms a traditional sampling approoachesraster scan.

I . INTRODUCTION

A broadclassof applicationsincludingenvironmentalsam-
pling, medicalapplications,and precisionagriculturerequire
distributed sensingcapabilities [5]. This requirementis at-
tributed to the high frequency spatiotemporaldistribution of
the sensingphenomena.Characterizingsuchphenomenawith
only static sensorsrequiresan impractically large numberof
sensorsto be distributed acrossthe completespatial extent
of the sampledphenomena.For example,solar radiationand
atmosphericpropertiesthat displayvariability on a centimeter
scale are often required to be mappedover a large spatial
area within a forest (typical width of 50 m and length of
100 m). High �delity sampling of such phenomenaover a
two dimensionalplane with a required spatial coverageof
over 1000m2 andwith a requiredresolutiongreaterthan10
samples/m2 requiresan impracticallylargenumberof sensing
elements.

Mobile sensing elements(mobile robots equipped with
sensors)offer an alternative to a network of static sensing
elementsfor high spatialcoveragebut at thecostof increased
delay(samplinglatency). Oneapproachto reducesuchlatency
is to apply an adaptivesamplingtechnique[?], [10], which
is a multi-stepapproachthat variessamplingdensityat each
step.In suchalgorithms,during the �rst stepa mobile robot
performsa coarsescanof thecompleteenvironmentto extract
the regions of high phenomenonvariability. Then, selected

regionsaresampledwith higherdensityto improve theoverall
sampling�delity . Theadaptivesamplingtechniquesareknown
to performwell in caseswherea phenomenonis not changing
signi�cantly. However, the latency involved in extracting the
regionsof interest(high variability regions)is largeandmakes
thesetechniquesunsuitedfor samplingdynamicphenomena.
Note that many environmentalphenomenaaredynamic.

Another approachto reducesamplinglatency is to use a
combinationof staticsensingelementsandmobile robots[1],
[2]. In [1], [2] a set of n static sensorsis deployed such
that the environmentis discretizedinto n regions(onesensor
in each region). Next, thesesensorsmonitor corresponding
regions for eventsof interest(suchas high concentrationof
a phenomenon).When an event is detected,the systemis
noti�ed, and the mobile robot is tasked to sampleonly in the
region of thesensorthat triggeredanevent.A distributedtask
allocationis implementedto dealwith taskprioritization.This
approachimproves the samplinglatency and can be applied
to dynamic phenomena.However, 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 environment). This forces a tradeoff betweenthe high
cost of the solution (too many sensors)and high �delity of
a phenomenonreconstruction.Note alsothat in this approach
staticsensorsarenot necessarilyrequiredto have high-�delity
characteristics,becausethey canonly act astriggersandmay
not be used in sampling. Consequently, this motivates the
needfor a singlelow costsensorthatcanprovide low-�delity ,
high-spatial(global) information.Sucha sensorcandetermine
regionsof importanceandtaskthemobile robotsto samplein
thoseregions,thus improving the sampling�delity .

We proposea multiscaleapproach for ef�ciently sampling
high frequency spatiotemporalphenomenawith high �delity .
This approachintroducesa hierarchyof sensorsaccordingto
the sampling�delity , spatialcoverageandmobility character-
istics. In this paperwe focuson a studyof a two-tier system.
The �rst tier is representedby a static low-�delity high-
spatialcoveragesensorproviding ”global” information about
the environment.This information is thenusedto extract the
regions of interest(regions of high phenomenonvariability).
The secondtier is representedby mobile robots with high-
�delity low-spatialcoverage(spotmeasurement)sensors.The



mobile robotsare then actuatedto perform guidedsampling
of the regionsextractedby the �rst tier sensor.

We investigatedspatiotemporaldistributionof light intensity
undera forest canopy as a casestudyof the proposedmulti-
scaleparadigm.We usedan imager(a camera)as a �rst tier
sensor. An imagerprovidesa snapshotof the light distribution
over the experimentalarea.This snapshothas high spatial
coverage,but low �delity dueto varyingsurfacere�ectivity of
theenvironment,non-linearityof theimageranda small range
of possibleintensities(rangeof pixel valuescomparedwith
rangeof sensedphenomena).Global informationprovidedby
the imageris usedby our algorithm to guide a mobile robot
equippedwith a PhotosyntheticallyActive Radiation (PAR)
sensorto obtainlow-resolution,high-�delity informationabout
incident light. Light is measuredasPAR which is de�ned as
radiationin the 400-700nm waveband.Sincethe imagerpro-
videsan instantaneoussnapshotof thecompleteenvironment,
this techniqueis neither dependenton the placementor the
numberof staticsensors,norconstrainedby thehighfrequency
of the sensedphenomena.

The output of an imager is processedto produce a set
of tasksrepresentingregions coveredwith sun-�ecks (bright
light patches).Thesetasksare then assignedto the mobile
robots for servicing (sampling).Task Assignmentis a well
studiedproblemin Multi-Robot TaskAllocation [?], andOp-
erationsResearch.The problemof DynamicVehicleRouting
(DVR) [8] in OperationsResearchis the application that
exhibits task attributes as in our system.Solutions to such
a problem assumecertain task characteristics.In our case,
taskcharacteristicsarenot known a priori. Therefore,we im-
plementeda greedyheuristic-basedtask allocationalgorithm
wheretasksareprioritized basedon a utility servicetime and
sampledarea.

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

I I . ENABLING ROBOTIC PLATFORM

Therequirementof a sustainableandprecisemobilesensing
for environmental applicationsinspired the developmentof
Networked Info-MechanicalSystems(NIMS) [4]. NIMS in-
troducedinfrastructure-supportedmobility with mobile robots
carrying sensorsthat can autonomouslyexplore a three di-
mensionalvolume.Infrastructuresupportedmobility helpsin
preciselocation resolution,enablingactuationof the NIMS
nodeto performguidedsampling.NIMS provideslargespatial
coveragewith preciselocalization.Thesecharacteristicsmake
NIMS an ideal robotic platform for studyinghigh frequency,
dynamicphenomenawith high �delity . A three dimensional
versionof NIMS, NIMS-3D [?], is shown on Figure1. NIMS-
3D is a novel, rapidly deployablecable-basedrobotic system
capableof accuratepositioningwithin its 3-dimensionalspan.
The system is designedfor indoor and outdoor use. The
hardware is composedprimarily of commercially available
components.

PAR Sensor

1: NIMS-3D performinglight sensing

Imager

Environmental
Phenomena

Image
Processing

Task Allocation
Task Characteristics
(x,y,length,width)

Mobile Agent

Actuation
and

Sensing
Task Characterization

Phenomena Modeling

High Fidelity
Sensor Output

(PAR)

Data Analysis

Set of Tasks

2: An overview of a two-tier multiscalearchitecture.Future
modulesandtheirdata�o w pathsaremarkedwith dottedlines.

When the phenomenato be characterizedis changingat
a rate fasterthan the samplingrate of the mobile robot, the
constraintsof the physicalsystem,suchassamplingtime and
averagespeed,limit the total amountof information that can
be gatheredfrom the environment.Systemperformancewith
suchconstraintscanbeimprovedby samplingtheenvironment
in an intelligent way. We presenta multiscaleapproachfor
intelligent samplingnext.

I I I . AN OVERVIEW OF A TWO-TIER MULTISCALE

ARCHITECTURE

We proposea multiscaleparadigmfor sensingapplications.
Theideabehindthemultiscaleis to arrangea setof sensorsin
a hierachicalsystemaccordingto thesampling�delity , spatial
coverageandmobility characteristics.This systemof sensors
then can be usedfor ef�cient high �delity samplingof high
frequency spatiotemporalphenomena.

In this paperwe focuson a studyof a two-tier system.An
overview of the system's architectureis shown on Figure 2.



In this architecture,high frequency dynamic phenomenais
capturedby a �rst-tier sensor. The �rst tier is represented
by a static low-�delity high-spatialcoveragesensorproviding
”global” informationabouttheenvironment.This information
is then used to extract the regions of interest (regions of
high phenomenonvariability). Theseregions form a set of
samplingtasksfor second-tiersensorsto pursue.The second
tier is representedby mobilerobotsequippedwith high-�delity
low-spatial coverage(spot measurement)sensors.As shown
on Figure 2, a set of new tasksis given as an input to the
TaskAllocation module.The taskallocationmoduleperforms
prioritizationof tasksbasedon theselectedutility andassigns
the taskwith highestutility to the availablemobile robotsfor
high-�delity sampling.

An outputof thesystemis asetof high-�delity phenomenon
measurementsin a given region, which then can be usedby
scientists.In the future, we plan to augmentthe described
architecturewith two new modules.The �rst moduleis Task
Modeling(pleasereferto Figure2). TaskModelingwill collect
the completetaskinformationfrom the TaskAllocation mod-
ule andbuild a modelof future taskarrivalsanddistributions.
Task modelingwould further improve task allocationand at
the limit yield an optimal solution.

Another future module is phenomenoncharacterization
basedon the received high-�delity sensedvalues.This in-
formation can be usedto improve �rst-tier sensordata pro-
cessingand segmentation,as well as calibration. In theory,
if the �rst-tier sensoris calibrated in accordancewith the
spatiotemporalnonlinearitiesin the environment, the high-
�delity phenomenoninformation can be extracted(or much
closerapproximated)directly from the �rst-tier sensor.

IV. SAMPLING L IGHT INTENSITY: A CASE STUDY

Samplinglight intensityundera forestcanopy is usedasa
casestudy of a multiscaleparadigm.In this application,we
usean imager(a camera)asa �rst-tier sensor. The imageris
a high-spatial,low-�delity sensorthat provides global infor-
mation aboutthe environment.This information is then used
to actuatethemobile robot equippedwith a low-spatial,high-
�delity PAR (light intensity)sensor(a second-tiersensor).In
this sectionwe describethe two main modulesof the system
- ImageProcessingandTaskAllocation.

A. Image ProcessingModule

The ImageProcessingModule takesasan input a snapshot
of the environment capturedby the imager. Snapshotsare
processedusing the Open SourceComputerVision Library
(OpenCV)[9]. An overview of theImageProcessingalgorithm
is shown in Figure 3. The �rst step in image processingis
noise �ltering, which is accomplishedthrough image down-
samplingandup-sampling.Next, we performthesegmentation
of an imageusinga pyramid segmentationalgorithm[3]. The
segmentedcoloredimageis then convertedinto a gray scale
image.Then, in order to achieve the bi-level (binary) image
we applya threshold.As aresult,white areasrepresentregions
covered with sun-�ecks (regions of importance)and black
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Information

3: ImageProcessingAlgorithm

areasrepresentregions covered with shadow. Intermediate
resultsof thesestepsareshown in Figure4.

The �nal stepin imageprocessingis to extractnew regions
of interest. Theseregions are an input set of tasks to the
TaskAllocation module(describednext). 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 shadow, accordingto the current
snapshotof the environment, were updateddirectly. Only
regionsthatwerepreviously coveredwith shadow andbecame
coveredwith sun-�ecks areextractedas tasks.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 sampling is
requiredfor bright regions.

Note that our focusin this paperis to show the importance
of using a multiscale paradigmin studying high frequency
spatiotemporalphenomenaand not on novel approachesin
image processing.However, the performanceof the image
processingcanbe further improvedby applyingmoreoptimal
algorithmsfor segmentation,thresholds,and task-extraction.

B. TaskAllocation

A setof tasksextractedby the ImageProcessingmoduleis
suppliedas input to the Task Allocation module.The Multi-
RobotTaskAllocation (MRTA) problemhasbeenwell-studied
in the robotics community [?], and is simply statedas the
problem of allocating tasks to robots. Of particular interest
is the online versionof the problem(OMRTA), where tasks
in the environmentaregeographicallyandtemporallyspread,
and robots need to visit task locations to accomplishtask
completion (sampling). The problem is to assign tasks to
robotsoptimally in an online fashion.

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



(a) Imagecapturedat 10:00a.m. (b) Image after removing noise by
up-samplinganddown-sampling

(c) Segmentedgray-scaleimage (d) Binary image after applying a
threshold

4: Intermediateresultsof ImageProcessingAlgorithm

(a) Bi-level snapshotof theenviron-
ment at 10:00 a.m. after applying
a thresholdto the segmentedgray
scaleimage

(b) Reconstructedenvironmentwith
Area as the heuristic and s = 4,
v = 40 cm/s

(c) Reconstructedenvironmentwith
Area as the heuristic and s = 6,
v = 40 cm/s

(d) Reconstructedenvironmentwith
Time as the heuristic and s = 4,
v = 40 cm/s

5: Simulationresults

- SamplingArea and ServiceTime. The Area heuristicgives
priority to samplingtasksof a largerarea(i.e. taskswith more
information). This heuristic is preferredwhen the aim is to
extract as much information as possible from an unknown
environment. The Time heuristic, on the other hand, gives
priority to tasksthat requirelessservicetime (samplingtime
and travel time). This heuristic is useful when the purpose
is to sample as many tasks as possible.Hence, the Time
heuristic is useful when there is a model of a phenomenon
distribution (i.e. even one sampleof the task is enoughto
predict its distribution) or when the aim is to cover as many
tasksaspossibledueto differencesin spatialvariability of the
phenomenon.

Note that both the Time and Area heuristics are online
greedyheuristics.It hasbeenshown in [7] that greedyalgo-
rithms provide a goodapproximatesolutionto the online task
allocationproblemsand in somecasesare within a bounded
limit of theoptimalsolutionobtainedby of�ine taskallocation
algorithms,wherethe taskcharacteristicsareknown a priori.

V. EXPERIMENTS AND ANALYSIS

The performanceof the multiscaleparadigmfor sampling
light intensity was testedand analyzedthrough simulations
and on a real physicalsystem(pleaserefer to section II) in
a laboratorysetting.

Imageswere capturedevery 15 secondsfrom the mixed
conifer forestof the JamesSanJacintoMountainReserve [6]
from 8:00 a.m. to 8:00 p.m. Note that the physicaldelay in
imageacquisitiondictatesthedecisionepoch[2] alsoequal15
seconds.A down-looking imager capturedimages(768x480
pixels) of the understoryof a forest canopy covering an area
approximately6 metersin lengthby 4 metersin width. Images
capturedbetween10:00a.m.and11:00a.m.wereanalyzedin
simulationand using NIMS-3D in a laboratoryenvironment.

Theseimageswereexperimentallyveri�ed (by analyzingim-
agesduringothertimesof thedayandchangingtheparameters
for imageprocessing)to be representative of the spatialand
temporalvariationsoccurring in 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. Experimentsin Simualtion

In simulation,theservicetime for a particulartaskdepends
on the samplingtime, the densityof the rasterscan,and the
averagespeedof the mobile robot. We computedthe service
time in simulationas follows:

Tser vice = Tsamp + Ttr av el while sampling + Tinter task tr av el

=
l w

s

m
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where Tsamp is the sampling time to gather one sample,
Ttr av el while sampling is thetravel time while samplinga given
task,Tinter task tr av el is the time to travel from the previous
task to the current task, w and h are the width and height
of the boundingrectangleof the current task, xcm and ycm

arethe width andheight in cm of the transectcapturedin the
image,s is thesamplingdensity, v is theaveragespeedof the
mobilerobotandd is thedistancetraveledfrom thepreviously
servicedtask to 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,when s = 20, every 20th pixel is sampledand the
restarelinearly interpolated.Theaveragespeedof themobile
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6: Simulation resultsfor Area and Time heuristics.The graphon the left comparesnormalizedsampledareafor different
densitiesandspeeds.The graphson right comparesnormalizednumberof servicedtasks.

robot was varied from 40 cm/s to 500 cm/s. We performed
experimentsfor the Time andArea heuristics.A commitment
policy was followed while servicingthe tasks.That is, if the
robot startedservicing a particular task, all the imagesthat
arrived while the task was being servicedwere ignored and
only the image that arrived immediatelyafter the task was
completely servicedwas processedto extract a new set of
tasks.

For comparative analysis,performanceof eachheuristicat
eachsamplingdensityand averagespeedwas normalizedto
theabsoluteperformanceachievable.To normalizetheamount
of informationsampledin termsof area,the total information
availablebetween10:00a.m.and11:00a.m.wascalculatedby
takingthedifferencebetweenconsecutiveimagesandcounting
the number of white pixels in the differencedimages.To
normalize the amount of information in terms of serviced
tasks,the total numberof tasksin eachprocessedimagewas
calculatedandaveragedover eachsamplingdensityto get the
total numberof tasksfor a given averagespeed.

1) Time vs. Area heuristics: Figure 6 shows the per-
formance for each heuristic (Area and Time) improves by
decreasingthe samplingdensity (increasingthe value of s)

and increasingthe averagespeed.Decreasingthe sampling
densityresultsin agreaterchangein performanceascompared
to increasing the average speed.A decreasein sampling
density results in a decreasein sampling time (Tsamp )as
well as a decreasein Ttr av el while sampling . Reduction in
Ttr av el while sampling is due to a decreasein the total linear
distancethat the nodehasto travel while performinga raster
scan.

If the amount of information extracted is basedon the
sampledarea,theAreaheuristicperformsbetterthantheTime
heuristic.This is becausefor theTimeheuristic,themajorityof
time is spenttraveling betweenthe tasksso Tinter task tr av el

is thedominatingterm,while for theAreaheuristicit is almost
negligible. However, if theamountof informationextractedis
basedon the numberof servicedtasksthentheTime heuristic
performsmuch better. This is becausein the Area heuristic,
the robot is often committedto samplinga task with a large
areaandmay missseveral images(andthereforetasks)of the
environment.

Decreasingthe samplingdensity (increasingthe value of
s) resulted in improved performancefor both heuristics.
However, the improved performancecomes at the cost of
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7: Reconstructionerror for differentsamplingdensities

reconstructionerror. Figure 5b,5c shows that decreasingthe
samplingdensity leadsto jaggededgesfor the sampledtask
(dueto linear interpolation)resultingin a largereconstruction
error. Reconstructionerror is calculatedby countingthe num-
ber of pixels in the sampledimage (after interpolation)that
aredifferent from the bi-level form of the input imageand is
normalizedwith the total amountof information available in
the sampledregion. This normalizederror ratio for different
valuesof s is shown in Figure7. Reconstructionerrorincreases
assamplingdensitydecreases.

We also performedan experimentto comparethe perfor-
manceof a multiscale approachto a traditional full raster
scanof the environment.The rasterscansimply samplesthe
completeenvironment with a desiredsamplingdensity. We
implementedtherasterscanwith anaveragespeedof 40 cm/s
for all samplingdensities(the result is shown in Figure 6a).
Figure6aillustratesthatfor correspondingspeeds,amultiscale
approachperformsbetter than a simple rasterscanin terms
of the amountof informationextractedfrom theenvironment.
The multiscaleparadigmyields greater�delity aswell. Since
the rasterscanalsohasa commitmentpolicy, the information
extractedby sampling the completetransectarea results in
greatererror becausea phenomenonis dynamicand changes
drastically while the raster scan is still underway. This is
evident from the numberof imagesprocessedin the raster
scan.They varied from 1 image for s = 4 to 9 imagesfor
s = 20. The total number of imagesprocessed(using the
sameaveragespeedas the raster scan) using a multiscale
approachvaried from 13 imagesfor s = 4 to 121 images
for s = 20. Thus, a multiscaleapproachcapturesmore up-
to-dateinformation from the environmentresultingin greater
�delity .

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

horizontalline in thegraphrepresentsthemaximumamountof
information that can be extractedat s = 6 and v = 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 proportionalincreasein the informationextracted.
However, as the numberof robotscontinuesto increase,the
additional information gatheredcomesfrom tasks that have
much smallerareasand thus do not proportionallyadd new
information. (This result is only representative of the chosen
samplingdensity, averagespeed,and phenomenonsampled.
It may not be extrapolatedto representthe genericscalingof
performancewith an increasingnumberof robots for other
sensingapplications.)

B. Experimentswith the PhysicalRoboticSystem

While interfacing with the physical system,we projected
the black and white imagesin a 2-dimensionalregion that
wasscannedby the NIMS-3D robot (refer to SectionII). The
projectedimagespannedanareaof 110cm in lengthby 93cm
in height,de�ning the region in which the mobile nodecould
move. Note that the original imagerepresentan areaof 4m
in height and 6m in width. Therefore,in the implementation
of our algorithm on a real systemwe used an appropriate
conversationratio.

A motorpoweredspoolingsystemis a majorcomponentof
NIMS-3D [?]. Control of the motor systemis accomplished
through a PID controller that ensurespreciselocation map-
ping. Motors usedin the systemare 24V DC sub-fractional
horsepower gearmotors.In our experiments,the mobile node
achieved a maximum speedof 200 steps/swith a step size
of approximately0.014 cm. The use of a PID controller
necessitatesa settleor wait-periodat the end of eachmove.
The averagewait-periodwas3 seconds.Positioninformation
about the mobile node was generatedthree times a second
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9: Performancewhen interfacing with the real system at
differentsamplingdensities

while thesampledvaluesfrom thePAR sensorwerecollected
at 10Hz. Thepositioninformationwastheninterpolatedto get
a physicallocationcorrespondingto eachPAR sensorvalue.

Trendssimilar to simulationwere observed when the two-
tier multiscale approachwas implemented on a physical
system.Resultsare shown in Figure 9 for a peak speedof
2.4 cm/s. The position coordinatesof the mobile nodewere
extracted three times every second,while the PAR values
weresampledat 10 Hz. PAR informationwasgatheredwhile
the node was moving and intermittent valuesthat were not
sampleddirectly were interpolated.

As discussedearlier, the imagein Figure5a representsthe
bi-level form of the snapshotof the environment at 10:00
a.m. This image was projected from the VGA, while the
mobile robot performeda full rasterscanto reconstructthe
image.Figure10ashows the reconstructedenvironmentusing
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
andmappedto the pixels in the image.Figure10b shows the
pixels thatwereactuallysampledwhile performingthis raster
scan.It took around12 hours to completethis rasterscan.
Then we modi�ed the motion of the mobile robot to move
continuouslyalongthehorizontalaxiswhile still moving with
a step size of 1 cm in the vertical axis. The reconstruction
with this techniqueis shown in Figure 10c with Figure 10d
representingthe locationsthat weresampled.This rasterscan
took only 40 minutes. As is evident from the images in
Figure 10b and 10d, considerablereconstructionerror 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 result in further improvementin
the sensingperformanceusinga multiscaleapproach.

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

(b) Sampledlocationsin a rasterscanof 1 cm alongboth axises

(c) Reconstructedenvironment with a continuousscanalong the
horizontalaxis anda 1 cm scanalong the vertical axis

(d) Sampledlocationswith a continuousscanalongthe horizontal
axis anda 1 cm scanalong the vertical axis

10: Resultsusing the physicalsystem



VI. CONCLUSIONS AND FUTURE WORK

In this paper, we proposeda multiscaleparadigm for ef�-
ciently samplinghigh frequency spatiotemporallydistributed
phenomenawith high �delity . We describeda two-tier mul-
tiscaleapproachwhereinformation from a low-�delity , high-
spatial (global) sensoractuatesa mobile robotic node, car-
rying a high-�delity , low-spatial (spot measurement)sensor,
to perform guided samplingin the regions of interest(high
phenomenonvariability). As a casestudyof theproposedmul-
tiscaleparadigm,we investigatedthe spatiotemporaldistribu-
tion of light intensity in a forestunderstory. The performance
of the systemusing a multiscaleparadigmwas analyzedin
simulationand with a real systemin a controlled laboratory
environmentusing prerecordedreal data.Samplingdensities
and the speedof the mobile robot wasvaried.

We implementeda greedy heuristic-basedtask allocation
algorithm in which taskswere prioritized basedon a utility
(Area and Time). Simulationsshowed that if the amountof
informationextractedis basedon the sampledarea,the Area
heuristicperformedbetterthantheTimeheuristic.However, if
the amountof information extractedis basedon the number
of serviced tasks then the Time heuristic performed much
better. Results showed the performancefor each heuristic
(AreaandTime) improvedby decreasingthesamplingdensity
and increasingthe averagespeed.However, decreasingthe
samplingdensity also resultedin an increasein phenomena
reconstructionerror. Throughsimulationwe alsoshowed that
a systemusingthe multiscaleparadigmperformedbetterthan
one using a traditional sampling techniquesuch as a raster
scan.Next, we analyzedhow the performanceof a multiscale
paradigmscaledwith the number of implicitly coordinated
multiple robots operatingat the samesamplingdensity and
averagespeed.Finally, the multiscale approachwas tested
on a physical system(NIMS-3D) in a controlled laboratory
environment;theperformanceof thesystemexhibitedbehavior
similar to that observed in simulation.

In thefuture,weplanto characterizethetasksetsuchthatan
optimalsensingstrategy for a setof input taskscanbeapplied
rather than using a greedy-basedheuristic approach.This
would enableus to generalizethe task allocationstrategy for
several sensedphenomenahaving similar taskcharacteristics.
Usingthesensedvaluesfrom low-spatial,high-�delity sensors,
weplanto modelthecharacteristicsof aphenomenonsuchthat
usingonly the informationfrom the high-spatialsensoranda
model, we could obtain high-�delity information about the
phenomenonwithout samplingit directly with a high-�delity
sensor. Lastly, we plan to use adaptive samplingto service
tasks,ratherthana simplerasterscan,to further improve the
performanceof our system.
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