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ABSTRACT

This paperarguesthata camerasensometwork containinghetero-
geneouglementprovides numeroushenefitsover traditional ho-

mogeneousensonetworks. We presenthedesignandimplemen-
tation of SensEyea multi-tier network of heterogeneouwireless
nodesand caneras. To demonstratéts benefits,we implementa
suneillanceapplicationusingSensEyeomprisingthreetasks:ob-

ject detection recognitionandtracking. We proposenovel mech-
anismsfor low-power low-latengy detectionjow-lateny wakeups,
efficientrecognitionandtracking.Ourtechniqueshaw thatamulti-
tier sensometwork canreconcilethe traditionally conflicting sys-
temsgoalsof lateny andenegy-efiicieng. An experimentaleval-

uationof our prototypeshaws that,whencomparedo asingle-tier
prototype,our multi-tier SensEye&an achieve an order of magni-
tudereductionin enegy usagevhile providing compaablesuneil-

lanceaccurag.

1. INTRODUCTION

1.1 Motivation

The relentlesgpaceof technologicalgronth hasled to the emer
genceof a variety of sensorandnetworked sensorplatformsthat
spanthe spectrumof cost,form-factor resolution,andfunctional-
ity. As anexample,considercamerasensorswhereavailableprod-
uctsrangefrom expensve pan-tilt-zoomcameraso high-resolution
digital camerasandfrom inexpensve web-camsand“cell-phone-
class”camerago even cheapertiny camerasuchas Cyclops[6]
(seeTable 1). A similar setof options are becomingavailable
for sensoplatforms,with choicesrangingfrom embeddedCsto
PDA-classStagates[19], andfrom low-power Motes[10, 14] to
evenlower power systens-on-a-chif1] (seeTable2). Duetothese
adwancesthe designanddeploymentof camerasensomnetworks—
wirelessnetworks of sensonodesequippedwvith camera—isnow
feasibleandusefulin avariety of applicatian scenarios.
Considerthe following applicationsof camerasensornetworks:
(i) ervironmentalmonitoring wherea network of wirelesscamea
sensorss usedto monitar wild-life habitatsrarespedesin remote
locationsandphenology(studyof periodicbiological phenomena)
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[ Camenr [ Power [ Cost [ Featues |
Cyclops 33mw Unpriced | 128x128 fixed-angle10fps
Web-Cam 600mW $75 640x480 auto-focus 30 fps

PTZ Camera 1w $1000 1024x768, retagetablepan-tilt-

zoom,30fps
Table 1: Differ ent camerasensorsand their characteristics.

[ Platform ] Type [ Resources |
Mica Mote Atmegal28 84mW 4KB RAM,
(6MHz) 512KB Flash
YaleXYZ OKI ArmThumb 7-160mW 32K RAM,
(2-57MHz) 2MB external
Stagate XScalePXA255 170-400mW, 32MB RAM,
(100MHz—400MHz)| FlashandCF cardslots

Table 2: Differ ent sensorplatforms and their characteristics.

withoutbeingdisturbedby humans(ii) surveillancewherecamera
sensorg@reusedto detectrecognizeandtrack peopleandvehicles
in high-securityareasuchasairports;(iii) live virtual tours, where
remoteusersnavigatethroughan ewironmentsuchasa museum
andreceie live, real-timevideofrom camerasensorsand(iv) live
distanceedua@tion, whereremotestudentsisecamerasensorsie-
ployedin aclassroonto getarich, live tele-immersie experience
of anongoinglecture.

OnepossibleapproacHor designinga camerasensorpplicationis
to choosea particularcamerasensorlnda suitablesensoiplatform
(seeTablesl and2) andprogrameachnodeto performall appli-
cationtasks.Suchanapproactyieldsaflat, singletier network of
homogeneousensonodes.However, giventheavailability of sen-
sorsandnodeswith differentcapabilitiesandpower requirements,
it is alsofeasibleto designthe sameapplicdion by employing het-
erogeneouslementsln this approachresource-constrainethw-
power elementsareempoyedto performsimplerapplicationtasks,
while more capable high-pover elementsake on more complex
tasks. Doing so resultsin more judicious useof preciousenegy
resourcesTo illustrate,a surwillanceapplicationcanemploy low-
fidelity camerago performthe simplertask of motion detection,
while high-fidelity camerascan be woken up on-demandor ob-
ject recognitionand tracking. In contrast,in the single-tier ap-
proach thechoiceof thecamerasensomndthe nodeis dictatedby
themost-denandingapplicationtask,causingsimplertasksto con-
sumemoreresourceshanare necessaryvhenexecutingon these
morecapableslements.

Sincepower consumptionis a critical designissuein sensomet-
works,aheterogeneouspproacttanoptimizepowver consumption
and maximizenetwork lifetime whencomparedo the single-tier
approach. Consequentlyin this paper we study techniquesfor
designingmulti-tier camen sensometworks By a multi-tier net-



work, we meanthat the sensorsare organizedhierarchicallyinto
multiple tiers. For instanceatwo-tier suneillanceapplicationmay
consistof low power camerasat the bottomtier thattrigger higher
resolutioncamerasat the uppertier in anon-demandashion.The
adwantage®f amulti-tier ssnsornetwork overasingle-tiemetwork
aremary: low cost,high coverage high functionality andhighre-
liability. Dependingon how they aredesignedsingletier systems
often meetonly a subsebf theserequiremets. For instance Jow
costcanbe achieved by usinga singletier of inexpensive sensors
but at the expenseof functionality High coveragecanbeachiezed
usinga densedeploymentof untetheredensorghatcanbe placed
arnywherebut power considerationgan sacrificereliability. High
functionality can be achieved by employing high fidelity sensors
but at the expenseof sacrificing coveragedue to the high cost.
Thus, a single choicealongthe axes of power, cost,or reliability
will resultin asensomnetwork thatsacrificesoneor moreof thekey
requirementsin contrastby employing differentelementgo per
form taskswith differentrequirementsmulti-tier networksprovide
abetterbalanceof cost,coverage functionality, andreliability.

1.2 Reseach Contrib utions

Thispapempresentslesignandimplementéion of SensEyeamulti—
tier network of wirelesssensonodesandcamerasensorshathave
different capabilitiesacrosstiers. To the bestof our knowledge,
this is the first work to demonstratéhe benefitsof employing a
multi-tier camerasensometwork over traditionalsingle-tiersensor
networks. Thedesignandimplementatiorof SensEyéasresulted
in severalcontritutions.

Whereadateny (performancepandenegy-eficiency areconflict-
ing goalsin a battery-paveredsingle-tiernetwork, we show that
a multi-tier network can achieve low latencieswithout sacrific-
ing enegy-eficiency—somethingthat is infeasiblein traditional
single-tiernetworks.

To demonstratehat theseconflicting goals can be reconciled in
amulti-tier network, we implementa simple suneillanceapplica-
tion using SensEye Our goal is not to build a bettersuneillance
applicationthanthatin the literature[11], ratherit is to demon-
stratethe benefitsof multi-tier networks. SensEyesuneillance
compriseghreetasks: objectdetection,recognitionandtracking.
We proposenumerousmechanismsand optimizationsto achie/e
low-lateng, low-power objectdetection,accurateobjectlocaliza-
tion, low-latengy intertier wakeup, low-power objectrecognition
andtracking. Overall, our designprocessllustrateshow various
sensingandprocessindasksshouldbe mappedo differenttiersof
a multi-tier network. Our mechanismare designedo exploit re-
dundancie$n cameracoverageresultingfrom a densedeployment
of nodes.For instance we demonstraténow multiple overlapping
cameragancollaborateto localizean objectandhow localization
canbeexploitedfor enegy-efiicientwakeups.

We implementSensEyen a three-tiernetwork comprisingfour
typesof camerasensoron Motes, Stagatesand embeddedPCs.
An experimentakvaluatian of our prototype shavs thatin termsof
enepgy usage SensEyés betterthana single-tiersystenby factors
of 9.75and6.3,whenusingCyclopsandCMUcamcamerasespec-
tively. Despitethis significantenegy reduction,SensEy@rovides
similar detectionperformancewith only 6% more misseddetec-
tionswhencomparedo a single-tiersystem.Our component-leel
benchmarkséndicatethatthe detectionateng and enegy usageat
Tier 1 is anorderof magnituddessthanthatat Tier 2. Our exper
imentsalsorevealthatthe meanlocalizationerrorsof a CMUcam
and a webcamare 20-35%an.8%, respectiely, indicating that
while detectioncanbe performedusinglowerfidelity CMUcams,
trackingis bestdoneusinghigherfidelity web-cams.

The remainderof the paperis structuredas follows: Section 2
presentdackgoundandour systemmodel. Section3 presenthe
designof SensEyavhile Sectiord presentsmplemenationdetails.
We presentinexperimentakevaluationof SensEyén Sections and
relatedwork in Section6. Finally, Section7 presentour conclu-
sions.

2. BACKGROUND AND SYSTEM MODEL

In this section,we discusscommonprocessingasksin a camera
sensometwork, followed by the systemmodeland the key design
principlesthatgovernourwork.

2.1 CameraSensorNetwork Tasks

A camerasensometwork will needto performseveral processing
tasksin orderto obtainusefulinformationfrom the videoandim-
agesacquiredby variouscamerasensors.Our work is motivated
by two applications hamelymonitoring of rare speciesn remote
forestsandsurweillancein high-securityervironments.Both appli-
cationshave numerousharacteristicgéy commonandinvolvethree
key tasks.

Object detecion: First, the applicationneedsto detectthe pres-
enceof anew objectwheneerit entergshemonitoredervironment.
Toillustrate,the rarespeciesnonitoringapplicationneedgo detect
the presencef eachanimalthatentershe monitoredervironment,
while the suneillanceapplicationneedso detectvehiclesor peo-
ple that enterthe high-securityarea. A good detectionalgorithm
will minimizethelateny to detecteachnew objectthatentersthe
monitoredarea.

Object recognition: Oncea new objectis detectedit needso be
classifiedo determinets type(e.g.,acarversusatruck, atigerver
susadeer).This processreferredto asobjectrecognition enables
theapplicationto determindf the objectis of interestandwhether
furtherprocessings warranted For instancea sureillancesystem
may be interestedn countingthe numberof truckson a highway
but not cars. In our work, we assume that an image databasef
all interestingobjectsis availablea priori, andtherecognitionstep
involves determiningif the newly detectedobjectmatchesone of
theobjectsin this database.

Object tracking: Assumingthe new objectis of interestto the
application,it canbetracked asit movesthroughthe ervironment.
Trackinginvolvesmultipletasks:(i) computingthecurrentiocation
of the objectandits trajectory (ii) handof of tracking responsibil-
ity asanobjectmovesoutof visualrangeof one camerasensorlnd
into therangeof anotherand(iii) streamingvideoor asequencef
still imagesof the objectto alogging storeor amonitoringstation.
Thegoalof ourwork is to deviseahardwareandsoftwarearchitec-
tureto perform thesetasksso asto optimize power consumption,
without sacrifcing performancemetricssuchaslateny andrelia-
bility. As explainedearliet ratherthanchoosinga single platform
anda single type of camerasensoyour work focuseson multi-tier
networkswherethedetectionyecognitionandtracking maybeper
formedon differentnodesandcamerago achieve theabove goal.

2.2 SystemModel

Our work assumes camerasensometwork comprisingmultiple
tiers(seeFigurel). A canonicakensonodewithin eachtier is as-
sumedo beequippedvith acamerasensoramicro-controllerand
aradioaswell as on-boar®RAM andflashmemory Nodesareas-
sumedto betetherlesandbattery-pavered,andconsequentlythe
overall constraintfor eachtier is enegy. Within eachtier, nodes
areassumd to be homogeneousyhile differenttiersareassumed
to be heterogeneouwith respecto their capabilities. In general,
we assumehat the processig, networking, andimaging capabil-
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Figure 1: The multi-tier SensEye hardware architecture.

ities improve aswe proceedfrom a lower tier to a highertier, at
the expenseof increasedpowver consumption. Consejuently to
maximize applicationlifetime, the overall applicationshaild use
tier-specificresourcegudiciously and shouldexecuteits taskson
the mostenegy-eficient tier that hassuficient resourceto meet
the needsof thattask. Thus,differenttaskswill executeon differ-
enttiers and varioustiers of camerasensometwork will needto
interactand coordinateto achieve applicationgoals. Giventhese
intra- andinter-tier interactions applicationdesignbecomesnore
complex—the applicationdesignemeedgo carefully mapvarious
tasksto differenttiersandcarefully designthe variousinteractions
betweertasks.

One of the goalsof SensEyes to illustrate thesetradeofs while
demonstratinghe overall benefitsof the multi-tier approach. To
do so, SensEyassumes three-tierarchitecture(seeFigure 1).
The lowesttier in SensEyeomprisesMote nodes[14] equipped
with 900MHzradiosandlow-fidelity Cyclopsor CMUcamcamera
sensors. The secondSensEydier comprisesStagate [19] nodes
equippedwith web-cams.EachStagateis equippedwith anem-
beddedd00MHz XScaleprocessothatrunsLinux andaweb-cam
that cancapturehigherfidelity imagesthan Tier 1 cameras.Each
Tier 2 nodealsoconsistof two radios—a302.11radiothatis used
by Stagate nodesto communicatevith eachother anda 900MHz
radiothatis usedto communicatavith Motesin Tier 1. Thethird
tier of SensEyecontainsa sparsedeployment of high-resolution
pan-tilt-zoomcamerasonnectedo embedéd PCs. The camera
sensorat this tier areretagetableand canbe utilized to fill small
gapsin coverageprovided by Tier 2 andto provide additionalre-
dundang for taskssuchaslocalization.

Nodesin eachtier and acrosstiers are assumedo communicate
using their wirelessradiosin ad-hocmode; no base-stationgare
assumedn this ervironment.Theradiointerfaceat eachtier is as-
sumedto be individually duty-cycled to meetapplicationrequire-
mentsof lateny and lifetime constrainton eachnode. Conse-
quently the applicationtasksneedto be designedcarefully since
theradiosonthenodes(andthenodeshemseles)arenot“always-
on”.

Giventhe above systemmodd, we presentkey designprinciples,
followedby the designandimplementatio of SensEye

2.3 DesignPrinciples

Ourdesignof theSensEyenulti-tier camerasensonetwork is based
onthefollowing principles.

e Principle 1: Map ead taskto the leastpowerfultier with
suficientresouces: In orderto judiciously useenengy re-
sourceseachsensingandprocessingaskshouldbe mapped
to the leastpowerful tier thatis still capableof executingit
reliably within thelateng requirementsf theapgication—
running the task on a more capabletier will only consume
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Figure 2: Software architecture of SensEye.

moreenegy thanis necessary

e Principle 2: Exploit wakeup-on-demandTo consere en-
emy, the processqrradio andthe sensoron eachnodeare
duty-gycled. Our systememploys triggersto wake up anode
in an on-demandashia andonly whennecessaryFor ex-
ample,a higherfidelity cameracanbe woken up to acquire
a high-resolutionimageonly after a new objectis detected
by a lower tier. By putting moreenegy-constrainedigher
tier nodesin sleepmodeandusingtriggers to wake them up
on-demandour systemcanmaximizenetwork lifetime.

e Principle 3: Exploit redundancyin coverage: The system
shouldexploit overlapsin thecoverageof camerasvhenever
possible.For example two camerawith overlappingcover
age carbeusedto localizeanobjectandcomputets (z, y, z)
coordinatesn the ervironmen; thisinformationcanthenbe
usedto intelligently wakeupothernodesor to deerminethe
trajectoryof theobject. Thus,redundang in sensocoverage
shouldbe exploited to improve enegy-eficiency or perfor
mance.

3. SENSEYEDESIGN

SensEyeeeksto provide a low-latencyyet enegy-eficient cam-
erasensingsolution. Lateng andenegy-eficiengy areconflicting

systemgoals. To achieve low-lateny sensingsensorsied to de-

tect,recognizeandtracknew objectsasthey enterandmove across
thefield of view of the cameranetwork and minimize missedob-

jects.In contrastenegy-efiicientsensingequireshatsensorand
nodesare switchedoff as much as possible(duty-gycled), which

adwerselyimpactsthe lateny of sensingand hencethe reliability.

Duty-cycling a distributedcameranetwork incursothersourcesf

lateny sincewakeup triggersneedto be propagtedacrossdis-

tributedsensomodesandoperatingsystemlateng is incurredfor

switchingfrom sleepstateto active state.

Theprimaryinsightin SensEyés thatcarefultaskallocationacross
tiers enableghe systento achieve low enegy usage while provid-

ing latenciesthat are closeto an always-onsingle-tiersystem In

this section,we presentdifferent componentof the SensEyer-

chitecture(seeFigure 2) anddetailsof how thesecomponentsre
handledn our multi-tier system.

3.1 Object Detection

Thefirst taskof acamerasensonetwork is to ensurethatanobject
is detectedassoonasit entersandbeforeit leavesthefield of view
of the network of camerasWhile keepingthe camerasalwayson
achieeslow-lateny detection,it is very enegy-ineficient, since
camerasndnodeswill continuouslyconsumesnegy. Ontheother
hand,the cameraandthe sensomodecanbe duty-cycled andwo-
ken up periodically to acquirean image of the ervironment; the
imageis thenprocessedio detectthe presencef new objects.The
longertheperiodbetweersuccessieimagesthehigherthelatengy
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of detection,andthe lower thereliability. The advantagethough,
is theefficient useof enegy resources.

In general,object detectionrequireslittle resourcesand hence,
it canbe performedat the mostenegy-efiicient tier. At this tier,
sinceeachwakeup consumedimited enegy, the sleepperiodbe-
tween successivavakeupscan be madesmall therebyenablirg
low-lateny detection. In addition, SensEyeemplo/s a random-
ized duty-gycling algorithmwheredifferentcamerasarewokenup
atdifferenttimesto furtherreducethelateng to detectanobject.
Each cameraand its node performsobject detectionvia simple
frame differencing. Eachcameraacquiresan backgroundmage
of theernvironmentat systemcalibrationtime. The pixel difference
betweeneachnewly acquiredimageandthe backgroundmageis
computedandthis differenceis usedto flag the presencef a new
objectwhenit entersthe visualrangeof the camera.Obsere that
framedifferencings arelatively simpleoperationand hence Sens-
Eyeemploys low-fidelity enegy-efficient sensorsat Tier 1 for the
taskof objectdetection.

3.2 Object Localization

Oncean objecthasbeendetectedat Tier 1, nodesin Tier 2 need
to bewokenup for furtherprocessingTo intelligently wakeupthe
“correct” nodesn Tier 2, the Tier 1 nadesneedto computethe 3D
coordinatesf the objectandthendeterminewhich Tier 2 nodes
have cameragointing at this location. The location of the object
canalso be usedby the retagetableTier 3 camerado get corre-
spondinganglesof pan andilt to view the object. The processof
computingthe coordiratesof an objectis referredto aslocaliza-

tion. SensEyeisegriangulationtechniquedor localization—ifthe
objectis simultaneouslyiewedfrom two camerasandif theloca-
tion andorientationof thetwo camerass known, thenthelocation
of theobjectcanbe calculated The key insightis thateventhough
theTier 1 camerasrelow-power andhave coarseresolution they
canprovide suficientlyaccumate localizationfor makingdecisions
onwherethetargetis, andwhich Tier 2 nodesto wakeup.
Accuratelocalizationrequiresthreeelements:(a) cameracalibra-
tion tofind therelative locationsandorientationsof camerast dif-
ferenttiers, (b) synchronizedeadingsat multiple canerasto limit
localizationerror in the caseof moving objects,and (c) location
estimationbasedn opticsandgeometry

Our localizationschemeworks for a 3D settingand assumeghat
camerasare calibratedat systemsetuptime andtheir orientations
areknown relative to aglobalreferencdrame. To enablesynchro-
nizedsampling differentTier 1 devicesareassumedo besynchro-
nizedusinga singlereferencebeacorfrom a Tier 2 node(usinga
time-synchronizatiorprotocol suchas RBS [9]). Thesebeacons
enablecamerago synchronizeheir picturesfor purpose®f local-
ization.

Camerdocalizationin 3D consistsof threestepsasshown in Fig-
ure 3. First, eachcameracalculatesthe vector along which the
objects centroidis locatedwith respecto its own frame of refer
ence.Secondthesevectorsarerotatedandtranslatedo the global
frameof referenceusinginformationabouteachcameras location
andorientation.Finally, thelocationof theobjectis computedrom
theclosestpointof approactbetweerthetwo vectors.We describe
thesestepsin moredetailbelow.

Step1: Calculation of vector along dir edion of object location
As shavnin Figure3(a),thecameacoordinatespaceas assumedo
bethefollowing: the imageplaneis the X-Y planeandthe central
axis perpendiculato theimageplaneis the Z axis. The centerof
thecamerdensis atpoint P, : (0,0, f), wheref isthefocallength
of thelens,andthecentroidof theimageof theobjectontheimage
planeis P, : (x,y,0). Thevector v, alongwhich the objects
centroidliesis, therefae,computedasv = P2 — P1 = {x,y,f}.
Step2: Transforming vector to global referenceframe

To translatethe objects vector v, from the cameras reference
frameto the globalreferencdrame, we usetherotation andtrans-
lation matricesobtainedduring calculationof the cameraorienta-
tions. Eachcameras orientationconsistsof a translationandtwo
rotations. The translationfrom the global referenceorigin to the
camerdocationis denotedby a translationmatrix T. Figure3(b)
shaws the orientationof a cameraasa compositeof two rotations
Initially, the camerais assumedo positionedwith its centralaxis
alongthe Z axis andits image plane parallel to the global X-Y
plane. First, the camerais rotatedby anangleof 8 in the counter
clockwisedirectionaboutthe Z axis, resultingin X' andY’ asthe
newv X andY axes. Next, the camerais rotationby anangle¢ in
the clockwisedirectionaboutthe X' axis, resultingin Y” andZ’
asthenew Y andZ axes. The two rotationsarerepresentedby a
rotationmatrix R andcanbe usedto reversetransformthe vector
calculatedn Stepl to the globalreferencdrame. If v; andv, are
the two vectorsalong the direction of objectlocationfrom cam-
erasl and2 respectiely, the two correspondingectorsin global
referencdrameare:

Rl U1 + T1 (1)
Ra.va + 15 (2

!
U1

/
V2

where,R; and R, aretherotationmatricesand7} andT>» arethe

! The calibrationprocessanbe automatedisinga combinationof
tilt sensorandpositioningsystemsuchasGPSandCricket[15].



translationmatricesfor thetwo camerasespectrely. Therotation
matrix R takesthefollowing form:

Cos —Sin0Cos¢p —SindSing 0
R — Sing  CosfCos¢p  CosfSing 0 3)
- 0 —Sing Coso 0
0 0 0 1
where,f and¢ arerotationanglesasdescribedn Step?2.
Thetranslatiormatrix T takestheform:
a 0 0 O
0b 00
T = 0 0 ¢ O “
00 01

wherea,bandc arethe translationmagnitudesalongthe X,Y and
Z globalreferenceaxesrespectiely.

Step3: Object Location using ClosestPoint of Approach
Giventhetwo vectors,v; andvs, their intersectionis the location
of the objectasshavn in Figure 3(c). Sincethelinesarein three
dimensionghey are not guaranteedo intersectespeciallydue to
errorin centroidcomputationand cameracalibration. A standard
techniquausedfor approximatingheintersestionis usingthe Clos-
estPointof Approach[7]. The closestpoint of approactyivesthe
shortestistancebetweerthetwo linesin threedimensionsWe use
thismethodto getpointsC P, andC P, theclosesipointsbetween
vectorsv; andvs respectiely. Thelocationof the objectis given
by themid-pointof C P, andC Ps.

Note that cameracalibrationand localizationin 2D are simpler
case®f themoregeneral3D techniquepresentedbove.

3.3 Inter-tier Wakeup

Dueto the higherpower requirement®f Tier 2 nodesandcameras
(e.g.: Stagateandtheweb-camsn Tablel and2), eachTier 2 node
is normally in sleep(or suspendmodeto corsene enegy. Once
anobijectis detectedat Tier 1, oneor moreTier 2 nodesneedto be
wokenup for furtherprocessinglnter-tier wakeupis achallenging
problembothfrom anenegy andlatercy perspeciie.

From an enegy perspectie, intertier wakeup shouldensurethat
there are no wastefulwakeupsof Tier 2 nodes. Localizationat
Tier 1 is a key componentof our enegy-efiicient wakeup algo-
rithm sinceit canbeusedto make intelligentdecisionon precisely
which noce to wakeup. We assumehat Tier 1 nodesknow the vi-
sualrangeof eachTier 2 cameran their vicinity (from systemcal-
ibration),andhence canusethelocalizedcoordinate®f theobject
to determinghe mostappropriateTier 2 nodewith acamergoint-
ing atthis location.|f no appropriateTier 2 nodecanbeidentified,
SensEyavakes up a Tier 3 retagetablecamera,and usesits pan
andtilt capabilityto pointit to the locationwherethe tamget was
localized.Localizationis feasibleonly whenatleasttwo nodescan
view the object—if only a single Tier 1 sensordetectsan object,
thenlocalizationcannot be performedandthe nodemustwake up
all Tier 2 nodesthathave overlappingcoveragewith itself (this list
depend®ntheinitial placement).

Froma lateny persgctive, the separatiorof detectionandrecog-
nition tasksacrosstwo differenttiers introduceslateny between
the executionof thesetwo tasks. The lateng includesthe delay
in receving andprocessinghewakeuppacletaswell asthe delay
in waking up the Tier 2 node. To ensurethat recognitionis per
formedbeforea maving objectleavesthe visual rangeof the Tier
2 camerathislateny shouldbeassmallaspossible SensEyeises
several optimizaions to reducethe total lateny of detectionand
recognition. The wakeup processhegins by the transmissiorof a
wakeup paclet to a Tier 2 node(similar to “wakeup-on-wireless”

[8]). Uponreceving this wakeupmessagethe Tier 2 nodeneeds
to transitionfrom the suspendtateto awake state. This transition
durationis kept small by ensuringthat only the bareminimum of

device drives are running—therebykeepingthe driver load times
smallduringwakeup. Seweral additionalsuspeneto-active switch-

ing optimizationsarealsoperformedasdiscussedn [18].

3.4 Object Recognition

Oncea new objectis detectedat Tier 1, it needsto be classified
using a recoquition algorithmto determineif it is of interestto
the application. The recognitionstepeliminatesuninterestingob-
jects and helpsfocus applicationresairceson objectsthat merit
furtherattention.In SensEyeecognitioninvolvesobtaininganim-
ageof the object,identifying objectfeaturesandsearchingheim-
agedatabasdor a match. Clearly, accurataecognitionrequiresa
high-fidelity imageof the objectandsignificantlygreatemprocess-
ing andmemoryresourceshanavailableon a Tier 1 nodesuchas
aMote (6MHz processoand4KB RAM). ConsequentlySensEye
executesthe recognitionalgorithm at Tier 2 using higherfidelity
web-camsandthemore-capabld00MHz XScaleprocessorsnthe
Stagates.

Objectrecognitionis well studiedin the vision community anda
slew of techriqueshave beendesigned7]. Sincethefocusof our
work is onthe designof a multi-tier camerasensometwork, asop-
posedto computervision, we assune thatary of thesealgorithms
canbeemplo/edin SensEyeAs proof of conceptwe implement
two recognitionalgorithmsfrom theliterature:asimplefacerecog-
nition algorithm[3, 13] anda secondalgorithmthat isolateshe ob-
jectusingconnecteccomponentd7, 17], andusesa simpe color-
basedheuristic to matchthe objectto the imagedatabase While
thesealgorithmsare adequatdor our purposemoresophisticated
recognitionalgorithmscanbeemplo/edin real-world settingq11].
SensEyesessoftwareoptimizationgo reducethelateng of object
recognitionard hencethe enegy. Lateng is incurredsincethe
objectrecognitionprogramhasto initialize the cameraandwait for
the cameraramecaptureto stabilizebeforeperformingthe object
recognitiontask. SensEyaisesaccuratecalibrationof the camera
on the Tier 2 nodeto determinethe minimum time requiredfor
the image stabilizationupon wakeup, so that recognitioncan be
performedwith low lateng.

3.5 Object Tracking

Trackingof moving objectsinvolvesmultiple sensingandprocess-
ing tasks—continuousbjectdetectiorasit movesthroughthefield
of view of cameraspbjectrecognitionto ensurethatthe objectof
interestto theapplicationis trackedacrosscamerasandfinally tra-
jectory predictionto estimatehe movementpaternof the object.
Objecttrackingin SensEy@volvesacombinatiorof detection)o-
calization,inter-tier wakeupaswell asrecognition. As the object
moves through the coveredregion, different Tier 1 nodesdetect
the target. If multiple nodesdeted the target, localizationcanbe
usedto accuratelypinpoint the locationof the target. Continuous
localizationcanusedto track the path of the moving object. Our
currentprototypecan handleslov moving objects,andtrajectory
predictionschemedor fastmoving objects(usingtechniquesuch
as[23)) is thesubjectof ongoingresearchFutureSensEyenecha-
nismswill alsoenableimagesor videoacquiredfrom the objectto
be displayedat a monitoringstationor loggedto a persistenstore.

4. SENSEYEIMPLEMENT ATION

This sectiondescribesheimplementatiorof SensEydasednthe
designdiscussedn the previoussection.
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Figure 4: Prototype of a Tier 1 Mote and CMUcam and a Tier
2 Stargate,web-camand a Mote.

4.1 Hardware Ar chitecture

Our SensEyé@mplementatiorusesfour typesof cameras—thégi-
lentCyclops[6], theCMUcamVisionsensof5], aLogitechQuick-
camProWebhcamanda Sory PTZ camera—andthreeplatforms—
Crossbav Motes[14], Intel Stagates[19] anda mini-ITX embed-
ded PC. SensEyas a three-tiernetwork, with the first two tiers
shawvn in Figure4.

Tier 1: Tier 1 of SensEyeomprisesa low-power camerasensor
suchas Cyclops[6] connectedo a low-power Mote [14] sensor
platform. The Cyclopscanerais currentlyavailableonly asa pro-
totype. Therefore,we usethe Cyclopsplatform for our individ-
ual componenbenchmarksnd substituteit with a similarly con-
strainedbut higherpower CMUcamfor our multi-tier experiments.
The Cyclopsplatform comprisesan Agilent ADCM-1700CMOS

cameranodule anATMegal28micro-controlleranda Xilinx FPGA.

The boardattachesusing a standard32-pin connectorto a Mote,
andcommunicateso it usingUART. The softwaredistribution for
Cyclops[6] providessupportfor framecaptue, framedifferencing
andobjectdetection.

The CMUcamis alesspower-optimizedcamerahatcomprisesan
OV7620 Omnivision CMOS cameraanda SX52 micro-controller
TheCMUcamconnectgo a Mote usingaserial interice,asshavn
in Figure 4(a). The CMUcam hasa commandsetfor its micro-
controller that canbe usedto wakeup the CMUcam, setcamera
parameters;aptureimages performframedifferencingandtrack-
ing.

Tier 2: A typical Tier 2 sensorcompriseof a more-capablglat-
form andcameraandawakeupcircuit to wakeupthenode fromthe
sleepor suspendstateuponreceving atriggerfrom a Tier 1 node.
In ourimplementatiopasshowvn in Figure4(b),we useaIntel Star
gatesensoiplatformwith anattachedVote thatactsasthewakeup
trigger Sincethe Stagate doesnot have hardware supportfor be-
ing woken up by the Mote, we useda relay circuit describedin
Turduclen[18] for this purpose.The LogitechWebcamconnects
to the Stagatethroughthe USB port.

Tier 3: A Tier 3 nodecomprisesa Sory SNC-RZ30NPTZ camera
connectedo anembeddedPCrunning Linux.

4.2 Software Ar chitecture

The software frameavork of SensEyeas shovn in Figure5. The
descriptionof our software framewvork assumeghat Tier 1 com-
prisesMotesconnectedo CMUcamcamerasSubstitutingpp CMU-
camwith a Cyclopsinvolves minimal changein the architecture.
Thefirst two tiersof SensEyeomprisefour softwarecomponents:
(i) CMUcam Frane Differentiator (ii) Mote—level Detecta, (iii)
WakeupMote, and(iv) ObjectRecognitioratthe Stagate. Follow-
ing is thedescriptionof eachcomponens functionality

CMUcam Frame Differentiator: The CMUcamreceves peri-

Tier1 | Tier2
- —_—

poll

Stargate
FrameGrabber
wakeup | Detection
Recognition

Cmucam
Frame
Differentiator

Mote-level Wakeup
Detector | trigger | Mote

response

Figure 5: SensEye Software Ar chitecture.

odic instructionsfrom the Mote to captureanimagefor differenc-
ing. On eachsuchinstruction,the CMUcamcapturegsheimagein
view, quartizesit into a smallerresolutionframe, performsframe
differencingwith the referencebackgroundrameandsendsback
the resultto the Mote. Framedifferencingresultsin imageareas
where objectsare presentto be highlighted (by non—zerodiffer-
encevalues).The CMUcamhastwo modesof framedifferencing,
(i) alow resolutionmode,whereit corvertsthe currentimage(of
88 x 143 or 176 x 255) to a8 x & grid for differencingor (ii) high
resolutionmode wherea 16 x 16 grid is usedfor differencing.The
framedifferencingis at very coarsdevel andhencehasrelatively
high errorto estimatdocationof the objector its boundingbox.

Mote—Level Detector: Thefunctionof the Tier 1 Moteis to con-
trol the CMUcamandsendobjectdetectiontriggersto the higher
level nodes. On startup,the Mote sendsinitialization commands
to the CMUcam, to setits backgroundandframedifferencing pa-
rameters.Periodically basedn its samplingrate,the Mote sends
commandso the CMUcamto captureanimageandperformframe
differencing.The CMUcamrespondsvith theframedifferencere-
sult. The Mote usesa user-specifiedthresholdand the returned
framedifferenceresultto dedde whetheran event (objectappear
anceor objectmotion) hasoccurred. If aneventis detectedthe
Mote broadcasts trigger for the highertier. On no eventdetec-
tion, the Mote sleepdill the next samplingtime. Additionally, the
Mote duty-gyclesthe CMUcamby puttingit to sleepbetweerntwo
samplinginstances.

Wakeup Mote: TheMote connectedo the Stagaterecevestrig-

gersfrom the lower tier Motes and is the interface betweenthe

two tiers. On receving atrigger, the Mote candecidewhetherto

wakeup the Stagate forfurther processing. Typically, the local-

ized coordinatesare usedfor this purpose. Ratherthan actually
computingthe objectcoordinatesat a Tier 1 Mote, which requires
significantcoordinatiorbetweerthe Tier 1 nodespurimplementa-
tion reliesonaTier 2 Mote to computethesecoadinates—thdier

1 nodessimply piggybackparametersuchasé, ¢ andthecentroid
of the imageof the objectwith their wakeuppaclets. The Tier 2

Mote then usedechniqueddescribedn Section3.2 to derive the

coordinatesThe Stagateis thenwokenupif the objectlocationis

within its field of view, otherwisethetriggeris ignored.

High Resolution Object Detection and Recognition: Oncethe
Stagateis woken up, it captureghe currentimagein view of the
webcam Framedifferencingandconnectd componentabeling[17]
of the capturedmagealongwith the referencebackgroundimage
is performed.This yieldsthe pixels andboundarieswherethe po-
tential objectsappearin the image. Smoothingtechniquesbased
on color thresholdfiltering and averaging of neighboringregion
areusedto remove noisepixels. Eachpotentialobjectthenhasto
berecognizedIn our currentimplementationye useanaveraging
schemebasedon the pixel colorson the object. The schemepro-
ducesanaveragevalueof thered,greenandbluecomponentsf the
object. Thevaluescanbe matchedagainsta library of objectsand



Mode Lateny | Average Power Enegy
(ms) Current | Consumption| Usage
(mA) (mWw) (mJ)
Mote Processing| 136 19.7 98.5 134
CMUcamObiject 132 194.25 1165.5 153.8
Detection

Table 3: SensEye Tier 1 (with CMUcam) latency breakup and
enemgy usage.Total latency is 136 ms and total energy usageis
167.24mJ.

the clesestmatchis declaredastheobjects classification SensEye
canbe extendedby addingsophisticated classificatidechniques,
facerecognitionard othervision algorithms. We evaluatea face
recognitionsystemin the Experimentakectionto getanideaof its
lateny andpower requirements.

PTZ Controller: The Tier 3 retagetablecamerasare usedto fill
gapsin coverageandto provide additionalcoverageredundang.
Thepan andilt valuesfor the PTZ camerasarebasedon localiza-
tion techniquesasdescribedefore. The camerasxporta HTTP
API for program—controlledameramovemen. We useonesuch
HTTP-basedameradriver[4] to retagetthe Tier 3 PTZ cameras.

5. EXPERIMENT AL EVALUATION

In this sectionwe presentetailedexperimentakvaluationof Sens-
Eye Specifically we evaluateseveral power conrsumption lateng
andcamereébenchmarkso characterizéndividual componentand
comparesingle—tierandmulti—tier SensEysystems.

5.1 ComponentBenchmarks

In this sectionwe measurébenchmark®f individual components
that collectively form the SensEyesystem. The benchmarkge-
portedarelateny andenepgy usage)ocalizationaccurag andob-
jectrecognitionperformance.

5.1.1 Latencyand Eneigy Consumption

Sinceminimizing enegy usageis an important goal of SensEyge
we systematicallybreakdaevn the power consumptiorand lateng
of eachhardwareandsoftwarecomponenin its differentmodesof
operation.Tables3 and4 report lateng, averagepower consump-
tion andthe enegy usagefor objectdetectionat Tier 1 andTable5
providesa similar breakdevn for objectrecognitionat Tier 2.

Tier 1: As seenfrom Table 3, 97%of the total lateng of object
detectionat Tier 1, i.e., 132 msout of 136 ms, is dueto CMUcam
processingframe captureand frame differencing). Also, dueits
higherpower requirementsCcMUcamuses92%of theenepy; i.e.,
153.8mJoutof 167.2mJ.In contrastthe Cyclops(refer Table4)
is much more enegy efficient ascomparedo the CMUcamand
consumes33 mW for 892 ms, which is betterthanthe CMUcam
by afactorof 5.67in termsof enegy usage However, the lateng
of detectionat the Cyclopsis around900 ms, which is morethan
6 timesasmuchasthe CMUcam. This latenyy numberis an arti-
factof the currentCyclopshardwareand canbereducedo around
200mswith optimizationsexpectedn futurerevisionsof thenode.
A breakupof the enegy consumptiorof the Cyclopscamerafor
detectionis givenin Table4.

Tier 2: The processingasksat Tier 2 of SensEyeanbe divided
as:wakeupfrom suspenaf the Stagate,stabilizationafterwakeup
for programto startexecuting,cameranitialization, framegrabbey
vision algorithmfor detectionandrecognitionandfinally the shut-
down procedurdor suspendasshavn in Table5. Thetotal lateng
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Mode Lateny | Current| Power Enegy
(ms) (mA) (mW) | Usage(mJ)

A: ObjectDetection 892 11 33 29.5
B: Idle 0.34 1 -

Table 4: SensEye Tier 1 (with Cyclops) latency breakup and
energy usage.

400 - B

Current (mA)
N
o
o
T
|

o
T
|

1 2 3 4 5 6
Time (seconds)

Mode Lateny | Current| Power Enegy
(ms) (mA) (mW) | Usage(mJ)
A: Wakeup 366 201.6 1008 368.9
B: WakeupStabilization 924 251.2 | 1256.5 1161
C: Camerdnitialization 1280 269.6 1348 1725.4
D: FrameGrabber 325 330.6 1653 537.2
E: ObjectRecognition 105 274.7 | 1373.5 144.2
F: Shutdevn 1000 153.7 | 768.5 768.5
G: Suspend — 3 157 -

Table 5: SensEye Tier 2 Latency and Energy usagebreakup.
The total latencyis 4 secondsand total energy usageis 4.71J.
t Thisis measure@n anoptimizedStagatenodewith no peripheralsttached.

atTier 2 to completeall operationss 4 secondsThelargestdelays
areduring camea initialization (1.28s) andshutdavn for suspend
(1 s), with correspondingenegy usagesof 1725.4mJand 768.5
mJ.Theleastlateng taskis theagorithm usedfor objectdetection
andrecognitionwhichhasalateny of 105msandtheleastenegy
usageof 144.2mJ.

The compaison of enegy consumptiorandlateny revealssome
of the benefitsof using a two-tier ratherthan a single-tiercam-
erasensornetwork. Every wakeupto shutdwn cycle at Tier 2

consumesround28 timesasmuchenegy assimilar taskat Tier

1 comprisingof CMUcams. Whenthe Tier 1 comprisesof Cy-

clops cameradnsteadof CMUcamsthe ratio of enegy usageis

142. Therearetwo reasondor this large differencein enegy con-
sumptionbetweentiers. First, the latengy associatedvith Linux

operatingsystemwakeupfrom suspendtates significantlygreater
than the wakeup lateng on a highly limited Mote platform that
runsTinyOS.Secondthe Stagateplatformconsumesignificantly
greatermpower thana Mote during the wakeup period. The netef-

fect of greaterlatency and greaterpower consumptionresultsin

significantlygreatertotal enegy consumptiorfor Tier 2.

5.1.2 Localization

As describedn 3.2, localizing a detectedobjecthassereral ben-
efits. Localizationat Tier 1 can be usedto wakeup appropriate
(e.g.,nearest)Tier 2 nodesfor further processingaswell ascom-

pute approximatetrajectoryinformation for tracking and handof

purposes.
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Figure 6: Localization accuracy of different camerasensors.
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Figure 7: Placementof Tier 1 Motes and Tier 2 Stargatesin
SensEye.

Figure 6 is a scatterplot of 2D localizationaccurag for objects
usingthe CMUcam andthe Webcam. The CMUcamuses8 x 8

and 16 x 16 matrix representation®f the capturedimage (con-

vertedfrom 88 x 143 and176 x 255 pixelsrespectrely) for frame

differencing. This is representatie of a typical centroidcompu-
tation that we would expecton Cyclopsnodessince theselevices

areresource-constraindzbthin memoryandcomputatiorcapabil-
ity. Thewebcamuses a80 x 60 representatiocalculatedfrom a

320 x 240 pixelsimage.As seenfrom the figure,thewebcamhas
theleastlocalizationerrorandthe CMUcamusinga8 x 8 represen-
tationthe largesterror The averageerrorfor eachconfigurationis

35%,20.5%and4.85%respectiely. Thetrendsdepictedn thefig-

ureindicatethatif coarsdocationinformationis desiredor sufiices
to wakeuphighertier nodes,Tier 1 basel localizationis sufiicient.

If accuratdocationinformationis requiredlocalizationshouldbe

performedatthe secondier of SensEye

5.1.3 ObjectRecanition

To getanideaof the lateny and power corsumptionof a recog-
nition algorithm,we useda neuralnetwork basedfacerecognition
system[13]. The systen is very constrainecandusesfaceimages
of 960pixelsanda 960x40x1neuralnetwork for learning.Thesys-
temwhenexecutedon a Stagateto recognizeaceshadthefollow-

ing measurementsaveragelateny 228 ms, averagecurrentdraw

244.8mA, averagepower consumptiorl.23W andaverageenegy

usageof 280.44mJ. Thesemeasurementso not exactly reflectthe
increment®f enegy usageof SensEyeasthefacerecognizeis not

integratedinto it. The measurementepresent crudeestimateof

theadditionsto lateny andenegy usage We intendto replacethe
existing pixel averaging—basedecognizerin SensEyewith other
sophisticatedecognitionalgorithmsin futurework.

5.2 Comparisonof SensEyewith a Single-Tier
Network

In this sectionwe presentan evaluationof thefull SensEysystem
andcompareit to a single-tierimplementationof our algorithms.
Thecomparisorns alongtwo axes—eneagy consumptionrandsens-
ing reliability. Sensingreliability is definedasthe fraction of ob-
jectsthatareaccuratelydetectedandrecognizeé.

In our experiment circularobjectswereprojectedontoawall with

an areaof 3m x 1.65m. Objectsappearedt randomlocations
sequentiallyand stayedfor a specifiedduration. Only one object

Component| Total OnWakeup Enegy
Wakeups | Object | No Object | Usage
Found Found (Joules)

Stagatel 311 32 279 1464.8
Stagate?2 310 42 268 1460.1

Table 6: Number of wakeupsand energy usageof a Single—tier
system. Total energy usageof both Stargates when awale is
2924.9J. Total misseddetectionsare 5.

Component| Total OnWakeup Enegy | Cyclops
Wakeups | Object | No Object | Usage | Expected
Found Found (Joules)| Enegy(J)
Mote 1 304 15 289 50.7 8.96
Mote 2 304 23 281 50.7 8.96
Mote 3 304 27 277 50.7 8.96
Mote 4 304 10 294 50.7 8.96
Stagatel 27 23 4 127.17 | 127.17
Stagate2 29 25 4 136.59 | 136.59

Table 7: Number of wakeupsand energy usageof eachSensEye
component. Total energy usagewhen componentsare awake
with CMUcam is 466.8J and with Cyclopsis 299.6J. Total
misseddetectionsare 8.

waspresentn the vievableareaat ary time. Objectappearances
were interspersedvith periodsof no object being presentin the
viewablearea.A setof four Motes,eachcomectedto a CMUcam,
constitutedTier 1 andtwo Stagates,eachconnectedo awebcam,
constitutedTier 2 of SensEyeTier 1 Motesuseda samplingperiod
of 5 secondsand their starttimes were randomized. The object
appearancéme wassetto 7 secondandthe interval betweerap-
pearancewassetto 30 secondsThe single—tiersystemconsisted
of the two Staigate nodeswhich werewoken up every 5 seconds
for objectdetection. This differsfrom SensEyevherea Stagateis
wokenuponly onatriggerfrom Tier 1. Thenodesat boththetiers
wereplacedn suchamannethateachtier coveredtheertire view-
ableregion asshavn in Figure7. The experimentused50 object
appearancef®r measuringhe enegy andreliability metrics.

5.2.1 EnegyUsage

We usetwo metricsto comparehe enegy usag betweerSensEye
andthe single—tiersystem,enegy usagewhen awake and enegy
usagen suspendnode.

Tables6 and 7 reportthe numberof wakeupsand details of de-
tectionat eachcomponenbf the single—tiersystemand SensEye
respectiely. As canbe seenfrom the tables,the Stagatesof the
single—tiersystemwakeup more often thanthe Stagates at Tier 2
of SensEyeA total of 621wakeupsoccurin thesingle-tier system,
wherea$8 wakeupsoccurat Tier 2 of SensEyeThe highernum-
ber of wakeupswith the single—tierare duethe periodicsampling
of theregionto detectobjects.Of outthetotal 621 wakeups anob-
jectis detecteddnly 74 timesin the single-tiersystemwhereasn
SenskEyeTier 1 performsinitial detectionandthe Tier 2 Stagates
arewoken up fewer times—resultingin lower eneigy usage.The
Tier 1 sensomodesare cumulatvely woken up 1216times. The
enepgy usageof SensEyeluringthe experimentis 466.8J, ascom-
paredto 2924.9] by thesingle—tiemode afactorof 6.26reduction.
If the CMUcans in SensEyaverereplacedby Cyclopscamerasa
factorof 9.75reductionin enegy usag is obtained.

As repotedin [6], the Cyclopswith Mote consumed mW in its
sleepstatewhereasnoptimizedStagateconsumes15mW in sus-
pendmode.The CMUcamhasa power consumptiorof 464mW in



sleepmodeandis highly unogimized. Thus,in the suspendstate,
the Tier 2 nodeconsumesmorethanan orderof magnitudemore
power thanthe Tier 1 nodeswith Cyclopscameras.For our ex-
perimentalsettingof 30 secondf idle time betweemobjects,this
corresponds$o anenegy reductionby afactorof 33 for SensEye

5.2.2 SensingReliability

Next we comparethe reliability of detectionand recognitionof

the two systemsin the above describedexperimentalsetup. The
single—tiersystemdetectedt5 out of the 50 objectappearancesnd
SensEyaletectedd2—a 6% decreasen sensingreliability. The
resultshaws the efficacy of using SensEyénsteadof a single-tier
network, as SensEye@rovides similar detectionperformancg 6%

more misseddetections)at an order of magnitudelessenengy re-

quirements.

The sensingreliability of SensEyas dependenion the time for

which anobjectis in view, the samplingperiodat Tier 1 andspeed
of the objectif it is moving. Sinceincreasingsamplingperiodis

sameas increaing time for which objectin view, we study the
effect of differenttimesfor which objectis view on sensingreli-

ability. Figure 8(a) plots the fraction of undetectedobjectswith

objectin—view timingsof 5,7 and9 secondsAs seenfrom thefig-

ure,whenan obijectis in view for 5 seconds52% objectsare not
detected.With atime of 9 seconddor eachobjectto bein view,

thepercentagéropsto zera A timing of 7 secondyieldsaninter-

mediatevalueof 16% undetecteabjects.

To studythe effect of speedof moving objectson sensingreliabil-

ity, we conductedan experimentwhereobjectsmoved acrossthe
viewablearea.The objectstartedfrom a randompoint on oneside
of the rectangularareaand exited from anotherrandompoint on

theother side. The samplingperiodusedat the Tier 1 nodeswas5

seconds Figure8(b) plotsthe percentagef unddectedobjectsat

differentspeed®f the moving object. As canbe seenat the slow-

estconsideregpeedf 0.2m/s,asamplingrateof 5 secondss able
to detectall objectsatleasibnce.A speeddf 0.6 m/sresultsin 62%
undetecteabjects.The trendshown is intuitive, givena sampling
rate,higherspeeddeadto higherundetectedbjects.Basedon the
desiredprohability of detection,the plots can be usedto choose
samplingratesfor differentobjectmovement speeds.

5.2.3 Coverage

A key benefitof SensEyds that more sensingelementscan be

placedat lower enegy costthan a single-tierarchitecture. This

givesSensEygreaterspatialredundng/ betweemodesandben-
efitsboththelateng of objectdetectionaswell astheaccurag of

localization. We now look at the overlappingcoverageprovided

by the Tier 1 nodesandthe Tier 2 nodes(also the nodesof the

single—tiernetwork). Figure 8(c) plots, for eachcomponentthe

casesvhenonly a singlenodecoveredand detecteda object. As

canbe seenthe coverageof Mote2 andMote 3, which werecen-
trally placed sharedalot of areawith theotherMotes.Hencethese
nodesarewoken up mostandalsohave the mostredundantvake-

ups as comparedto Motel and Mote4, which were placedat the

corners.TheTier 2 Stagatesalsohave asmalloverlappingregion

andarewokenup a smallfraction of timesredundantly Basedon

the coverageand overlapping nodeswoken up for detection,54%

objectscanbelocalizedin SensEysvhereas36% canbelocalized
in a single-tiernetwork comprisingonly the Stagate nodes. This

metricof coveragecanbe usedto guidefurthernodeplacementso

reduceor increaseredundany, in orderto minimize enegy usage
or increasdocalizationopportunitiegespectrely.

5.2.4 Coverage with Tier 3 RetagetableCameas

Effect of sampling period on Power consumption at Tier 1 Effect of Confidence Threshold on Maximum Detection Distance
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Figure 9: Sensitvity to SensEyesystemparameters.

To testthecoverageandretagatablefeatureof the Tier 3PTZ cam-
eras,we measurehe numberof timesa Tier 3 nodesuccessfully
views an objectafterits pan andilt movements.The experimen-
tal setuphad 40% overlappirg coverageamongTier 1 nodesand
the PTZ cameracould view at mosta quarterof the total cover-
ageareaat ary time. Whenan objectwas detectecby morethan
oneTier 1 node,previously described3D localizationtechniques
wereusedto calculatethe pan andilt valuesandretaget theTier
3 cameraOut of the 50 objectappearanceshe PTZ cameracould
view 46—a92% successate. The experimentverifiesthat3D lo-
calizationtechniquesalong with retagetablecamerasave ahigh
successateandareusefulto improve coverage.

5.2.5 Sensitivityto SysteniParametes

SensEydassereraltunableparametersvhich effect enegy usage
andsensingeliability. In this sectionwe explorethe sensitvity to
two importantsystemparameterssamplingrateandcameradetec-
tion threshold.

The power consumptiorat Tier 1 is a function of the samplingpe-
riod usedto probe the CMUcam and checkfor object detections.
Figure9(a) plotsthe power consumptiorat a Mote with increasing
valuesof samplingperiod. The samplingperiodis variedfrom 100
msto 10 secondsandthe power consumptiorat thesetwo endsis
137 mW and105.7mW respectiely. While the power consump-
tion reducewith increasingsamplingperiodasexpectedit quickly
plateaussincethe large sleeppower consumptiorof the CMUcam
dominatesat lower samplingperiods.

Fromasensingeliability perspectie,eachMote usesaconfidence
thresholdvalueto compareawith theconfidenceavith whicha CMU-
camreportsa detection. The thresholddeterminesvhentriggers
aresentto Tier 2. A higherthresholdmeanscloserobjectswill be
detectednoreeasilythanfartherobjectsandalower thresholdcan
moreeasilydetectobjectsat larger distancesThetrendis verified
by the plot shavn in Figure9(b). We variedthe confidencehresh-
old from 30 to 100 and measuredo maximumdistarce at which
objectsare flaggedas detectedandits trigger sentto Tier 2. As
canbeseenin thefigure,athresholdof 30 candetectobjectstill a
distanceof 6.5 feetandwith thresholdggreaterthan 80 the maxi-
mumdistancedropsto lessthan1 feet. Choosinga goodthreshold
isimportantsinceit controlsthefalsepositivesandfalsenegatives,
andhencethe enegy consumptiorandreliability of the system.

6. RELATED WORK

SensEyalravs upon numerousefforts in camerasensorspower
managemensensoplacemenandsuneillance,which we review
here.

Multimedia SensorNetworks: Seweral studies have focusedon
single-tiercamerasensomnetworks. Panopteg22] is anexampleof
avideo sensomodebuilt usinga Intel StrorgARM PDA platform
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with a LogitechWebcamasthe vision sensar The nodeusesthe
802.11wirelessinterfaceand canbe usedto setupa video—based
monitoringnetwork. Panopteds an instarce of a single-tiersen-
sor network andis not a multi-tier network like Senseye A Tier
2 nodeof SensEyés similar to Panopteswith additionalsupport
for network wakeupsandoptimizedwakeupfrom-suspenanegy
saving capability Panopteslsoincorporatesompressiorfjltering
andbuffering andadaptatiormechanismsor the video streamand
canbeusedby Tier 2 nodesof SensEyeOthertypesof multimedia
sensorslike audiosensor$21], have alsobeenusedfor calibration
andlocalizationapplications.

Video Surveillance: A distributed video suneillancesensomet-
work is describedn [12]. Thevideosensonetworkis usedto solve
the problemof attentionto eventsin presencef limited computa-
tion, bandwidthandseveral eventoccurences.The systemimple-
mentsprocessingat camerago filter out uninterestingandredun-
danteventsandtracksabnormalmovements. The CVSN Project
[2] focuseson developingdistributedvision processing techniques
for countingthe numberof peoplein anarea.

Another exampleof a single-tiervideo suneillanceand monitor
ing systemis VASM [16]. The main objective of the systemis to
usemultiple, cooperatie videosensorgor continuougrackingand
coverage.The systemdevelopssophisticatedechniquedor target
detectionclassificatiorandtrackingandalsoa centralcontrol unit
to arbitratesensorgo trackingtasks. A framework for single-tier
multi-camerasunillance is presentedn [11]. The emphasiof
the study s efficient tracking using multi-saurce spatio-temporal
datafusion, hierarchicaldescriptionand representatiorof events
and learning-basedlassification. The systemusesa hierarchical
masterslave configuration whereeachslave camerastationtracks
local movementsand relaysinformationto the masterfor fusion
andglobalrepresentatiorwWhile ourgenerakimis to build similar
systemswe focuson systemsnetworking andperformanceéssues
in a multi-tier network using video suneillanceasan application.
Thevisionalgorithmsandcooperatiortechnique®f theabore sys-
temscanextendcapabilitiesof SensEye

SensorPlacement: An importantcriteria of sensornetworks is
placementindcoverage Singletier placemenbf camerass stud-
ied in [20]. The papersolvesthe problemof efficient placement
of cameragyiven anareato be coreredto meettask—specificon-
straints. This methodprovidessolutionsfor the single—tierplace-
mentprobdem andis usefulto placeeachtier of SensEyéndepen-
dently Someof thesetechniquesapply to placemenbf nodesin
SensEyeéuut needto be extendedfor multi—tier settings.

Power management: Pover managemenschemeslike wake—
on-wireless[8] and Turduclen [18], are techniquedo efficiently
usethe limited batterypower and thus extend lifetime of sensor
platforms. The wake—on—wirelessolution usesa incoming call

to wakeupthe PDA andreducespower consumptionby shutting
down the PDA whennotin use. Turduclken usesa combinationof
devices,alaptop,a Stagateandamote,andusedower subsystems
to reducepower consumptiorandwakesupthemorepower hungry
devicesonly whenrequired.The SensEydier 2 nodeis optimized
usingboththeabove solutions.

7. CONCLUSIONS

In this paper we arguedaboutthe benefitsof using a multi-tier
camerasensometwork over singletier networks andpresentedhe
designandimplementatiorof SensEygea multi-tier camerasensor
network. Using aimplementatiorof a suneillanceapplication on
SensEyandextensve experimentswe demorstratedthata multi-
tier network canachieze anorderof magnitudereductionin enegy
usagewhencomparedo a single-tiernetwork, without sacrificing
reliability.

As partof futurework, we planto studyplacemenandself-calibration
techniquedor camerasensometworks.
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