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ABSTRACT
Thispaperpresentsamethodof selectingandpositioninggroups
of sensorsin a coordinatedmannerfor thesurveillanceof a ma-
neuveringobject.Theobjecttrajectoryis discretizedinto anum-
berof demandinstants(dataacquisitiontimes)to which groups
of sensorsareassigned,respectively. Heuristicrulesareusedto
evaluatethesuitabilityof eachsensorfor servicing(observing)a
demandinstant,determinethecompositionof thesensorgroup,
and,in thecaseof dynamicsensors,specifythepositionof each
sensorwith respectto theobject.Thisapproachaimsto improve
thequalityof thesurveillancedatain threeways:(1) theassigned
sensorsaremaneuveredinto “optimal” sensingpositions,(2) the
uncertaintyof themeasureddatais mitigatedthroughsensorfu-
sion,and(3) theposesof theunassignedsensorsareadjustedto
ensurethatsensing-systemcanreactto objectmaneuvers. Sim-
ulationswith proximity sensorsdemonstratethe advantagesof
dispatchingdynamicsensorsoversimilar static-sensorsystems.

INTRODUCTION
This paperconsiderstheprinciplesof dispatchingappliedto the
surveillanceof amaneuveringobject.Justasthesystemresponse
for a taxi company canbeimprovedby effectivedispatching,the
qualityof thesensordataacquiredby asetof sensorscanbeim-
proved throughappropriateselectionandpositioning;however,
sensorsintroduceanadditionalconsideration.Dispatchingmul-
tiple sensors(asopposedto only one)to observeamoving target
at a particularlocationprovidesan opportunityto significantly
improvethequalityandrobustnessof thedata.Specifically, sen-
sorfusionmaybeusedto combineinformationfrom thesemul-
tiple, coordinatedsensorsinto a singlerepresentation[1].

Strategiesandtechniquesusedfor schedulinganddispatch-
ing servicevehicleshave beeninvestigatedby a numberof re-
searchers[2–7]. Determiningwhich vehiclewill be sentto ser-
vice a particulardemand(fixed pickup/drop-off location) is the

role of thedispatcher. Typically, eachvehicleis assessedfor as-
signmentto a demandbasedon a setof evaluationcriteria. One
cannotethat, in the two exemplaryapproachesreviewedbelow
aswell asothers,theassignmentof a vehicleto a particularde-
mandalso includesits (desired)position. Onceassigned,the
vehiclemustmoveto the(fixed)positionof thedemand.

A rolling-horizonalgorithmwasdevelopedby Psaraftis[6]
to assigncargo to shipsdestinedto variousports. Cargoesare
tentatively assignedto eligibleships;permanentassignmentsare
madefor thosecargoesthat fall at the beginning of the rolling
horizon (more immediateevents are known with greatercer-
tainty). Therolling horizonis thenshiftedto thenext time step.
For the dynamicvehicleallocation(DVA) problem,Powell [7]
discussesand comparesa numberof optimizationapproaches
(e.g., deterministicand stochasticnetworks, Markov decision
theory).

However, optimization techniquesusedin servicevehicle
dispatchingarenot, in general,particularlywell suitedto real-
time surveillanceapplications.Thealternateapproachis to uti-
lize heuristics.Thoughnot a rigoroustreatmentof theproblem
(i.e., stability and optimality cannotbe guaranteed),heuristics
canprovidea tractableandtimely solution.

On-linedispatchingfor surveillanceinvolvesbothselecting
anappropriatesubsetof sensorsto beusedin a datafusionpro-
cessas well asmaneuvering all the sensorsin responseto the
motion of the object. Namely, the sensorsprovide information
of sufficientquality for thetaskat handwhile ensuringadequate
responseto futureobjectmaneuvers(keepingall sensors“in the
game”).This is a reactiveprocedure;therefore,noabsolutecon-
dition of optimalitycanbepracticallyimposed.For static(fixed-
position) sensors,dispatchingconsiderswhich sensorsshould
beincludedin thesensorfusionprocessduringdata-acquisition.
Dynamic(mobile)sensordispatchingmust,in addition,address
themotionof eachsensor.
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Figure 1. Future demand points.

The system proposedin [8] uses a “generate-and-test”
methodto determinethe bestsensorposition to optimize both
featurevisibility and measurementreliability. Zhang (1995)
aimedto minimizethemagnitudeof thesensormeasurementco-
variancesin optimally placing multiple sensorsto be usedfor
sensorfusion. The systemproposedin [10] proposesto handle
moving objectsby discretizingtimeandcomputingnew viewing
configurationsfor eachtime interval while attemptingto mini-
mize changesin sensorposition from one time interval to the
next. A differentapproachis takenby Abramset al. [11], which
attemptsto find viewpointsthatsatisfythetaskconstraintsover
the entiretaskinterval; if noneexist, the interval is dividedun-
til satisfactoryviewpointsarefound. Matsuyamaet al. [12] de-
terminecameralayouts(in 2-D) throughoptimization(off-line);
cameraactionsandtemporalcameraswitchingandcoordination
aredeterminedby heuristics(on-line) to accountfor deviations.
Finally, an agent-basedapproachis taken in [13]. The sensors
arefixed in spaceand the workspaceis divided into a number
of sectors,eachwith amanagingagent.Themanagingagentsat-
temptto recruitsensors(eachwith acorrespondingagent)to scan
theworkspacefor targetsand,oncefound,providesynchronized
measurementsthatmaybefusedto estimatethereal-timeobject
location.

Theobjectiveof this paperis to utilize thegeneraldispatch-
ing approachespreviouslyproposedfor servicevehiclesto better
survey a moving objectusingmultiple sensors.This approachis
targetedtowardsobjectsurveillancefor subsequentroboticinter-
ception.

PROBLEM FORMULATION
Surveillance
Surveillanceof a maneuvering object involves providing esti-
matesof particularobjectparametersat predeterminedtimesor
positionsalong the object trajectory. Herein, the parameterof
interestis the Cartesianpositionof a singlepoint on the target.
The timesat which informationis desiredarefixed. Thesepre-
determinedtimesarereferredto asdemandinstants,t j . Often,
the interval betweeneachdemandinstantis a constantvalue,∆.
Thus,lackinga priori knowledgeof theobjecttrajectory, surveil-
lancerefershereinto thepredictionof thepositionof the target
at eachdemandinstant,Fig. 1. The positionof the target for a
particulardemandinstantis referredto asa demandpoint, D j .
As the predictionaccuracy improves,the estimationof the de-
mandpoint would change;however, thedemandinstantremains
constant.

In this paper, the sensorsthat comprisethe sensing-system
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Figure 2. Measurement variables for a proximity sensor.

maybestaticor dynamic;thespeedandmaneuverability of dy-
namicsensorsareconsideredto be inferior to the object. As a
result,it would benecessaryto distributethesensorsthroughout
the workspaceto ensurea degreeof dataconsistency over the
entireobjecttrajectory.

Data Acquisition
Herein,athree-dimensionalproximitymeasurementis definedas
therange,bearing,andelevationto theobjectfrom aknown sen-
sorpose.For thesensorshown in Fig. 2, therange,r, is thelinear
distancebetweenthe objectandthe sensorframe. Thebearing,
θ, is the radial differencebetweenthe orientationof the sensor
axis with respectto the x-z plane,αs, and the object position.
Theelevation,φ, is theradialdifferencebetweentheorientation
of thesensoraxiswith respectto thex-y plane,βs, andtheobject
position.

Thereexist anumberof differentnon-contactsensorswhich
maybeusedto measuretheproximity of anobject. Thesegen-
erallyutilize laser-triangulation,phase-or amplitude-modulation
basedelectro-opticaltransducers,or ultrasonictransducers[14].
A pair of calibratedCCD camerascanalsobeusedin conjunc-
tion with stereoimage-processingtechniquesto estimatethedis-
tancebetweenan object and a centrepoint betweenthe cam-
eras[15].

The taskof fusing multisensorparametricdatato yield an
improvedestimateof thestateof anentitymaybeaddressedby a
numberof differenttechniques.Specificmethodologiessuitable
for parameterestimationincludetheleastsquaresestimator(LS)
and its variations: WLS, BWLS, MLE, MSE [16], geometric
fusion[17], andtheKalmanFilter (KF) [18,19].

Dispatching
Within the context of optimal dispatching,sensorfusion does
not needto combinedatafrom all of the sensorsin the system.
Instead,a subsetof sensors(k � n, wherek is the subsetsize
andn is the total numberof sensors)is selected,or assigned,to
survey theobjectat a particulardemandinstant,Fig. 3. Herein,
this groupof sensorsis referredto asa fusionsubset.A sensor
maybelongto multiple fusionsubsets.

The generaldispatchingproblem addressedin this paper
maybestatedas:Givena setof sensorsanda setof time-varying
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(b) Fusion subset: 1-2-4.

Figure 3. Coordination strategy.

demandpoints (basedon the predictedmotionof a maneuver-
ing objectat the correspondingsetof demandinstants),deter-
minethesubsetsof sensors (andtheir correspondingposes)that
will (optimally)sensetheobjectat each demandinstantand,fur-
thermore, ensure that theremainingsensors are adequatelydis-
tributedthroughouttheworkspacefor possiblefutureuse.

Dispatchingmay be accomplishedusing two complemen-
tary strategies. First, a “coordinationstrategy” specifieswhich
sensorswill be usedfor surveillanceat eachandevery demand
instant. This selectionshould be basedon a logical search
throughthe sensorset,usingan objective function, to evaluate
the fitnessof eachsensor. Next, a “positioningstrategy” speci-
fiestheposeof eachof thesensors,whetherit hasbeenassigned
to the first demandinstantat hand,or to any oneof the future
demandinstants.

A HEURISTIC DISPATCHING APPROACH
Thereexist two primarydifferencesbetweena globaloptimiza-
tion method,carriedout off-line, andthe on-line, heuristicdis-
patchingsolution to the multisensorsurveillanceproblempro-
posedin thispaper. First,theheuristicapproachdoesnotattempt
to optimizefusionsubsetsin a combinatoricmanner, but rather
considerseachsensorindividually. Secondly, insteadof con-
sideringall of the demandinstantsconcurrently(i.e., the com-
pleteobjecttrajectory),eachis consideredsequentially, limited
to a finite segment(the rolling horizon)of theobjecttrajectory.
Thissegmentis definedby a limited numberof demandinstants,
t1 %&%'% tm. Theobjectlocationispredicted1 ateachof thesedemand
instants.Note that, the absoluteclock time of eachdemandin-
stant is fixed; however, the estimatedlocation of the object at
each—thedemandpoint—would vary over time as the predic-
tionsof theobjectmotionbecomemoreaccurate.

In theproposedmethodology, an“assignmentandposition-
ing” searchmethodconsidersonly the first demandpoint (to
whichasubsetof sizek sensorswill alwaysbeassigned),while a
“preassignmentandprepositioning”searchmethodconsidersthe
remainingdemandinstantson the rolling horizon,asdiscussed
below.

1Herein,it is assumedthat,thepredictionof thedemandpointsis performed
by anexternalpredictionsubsystem.
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Figure 4. Assignment and positioning of S1, S2, and S3 to D1. S4 is

unassigned.

Assignment and Positioning
Given the first demandpoint on the rolling horizon,D j , the as-
signmentand positioningmethodselectsan optimal subsetof
sensors(of sizek) from the setof all sensors,n, to servicethis
demandinstant(i.e.,coordination).Thesearchmethodalsospec-
ifies a desiredposefor eachsensorat the time of dataacqui-
sition (i.e., positioning),Fig. 4. Assignmentoccursoncedur-
ing eachsearchinterval (thetime betweenthepreviousandcur-
rentdemandinstants).(It is triggeredby an objectenteringthe
workspaceor the completionof the previous searchinterval.)
Namely, the selectionof the sensorset cannotbe altereduntil
thefirst demandinstanton therolling horizonhasbeenserviced;
however, the poseof eachsensormay be alteredin real-time.
Poseadjustmentis handledby a replanningmethoddescribed
laterin this paper.

The generalapproachto the assignmentandpositioningof
sensorsfor a demandpoint canbesummarizedasfollows:

1. Predicttheobject’spose,D j , with respectto theworld coor-
dinateframe,at thedemandinstant,t j .

2. For everysensor, Si ( i ) 1 *'*&* n:

(a) Determineits bestachievableposewith respectto D j ,
and

(b) Assessthe corresponding(singlesensor)visibility of
D j , vs, from thebestachievablepose.

3. Rankall Si accordingto the achievablevisibility, vs, from
highestto lowest.

4. Assignthe top k rankedsensorsto t j . (Thedesiredposeof
eachassignedsensoris thebestachievableposedetermined
in Stepa.)

Preassignment and Prepositioning
Onceanassignmenthasbeenmadefor thefirst demandinstant
of therolling horizon,apreassignmentandprepositioningsearch
methodselectssensorsfor pseudo-assignmentto subsequentde-
mandinstants.The objective hereis to positionthe unassigned
sensorsin anticipationof future servicerequirements.All sen-
sorsareconsideredfor pseudo-assignment;however, only sen-
sorsthathave not beenassignedby theAssignment& Position-
ing Module(sub-system)maybepseudo-assignedto afuturede-
mandinstant,Fig. 5. Note that,previously assignedsensorsare
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Figure 5. Preassignment and prepositioning of only S4 to D2.

evaluatedfrom their (assigned)desiredposesandmay, in effect,
beassignedto multiple futuredemandinstants,thoughtheir fu-
turepositionwill notbedetermineduntil thenext searchinterval.
Thisapproachaimsto serviceeachdemandwith thesensorsthat
can provide the highestquality data, ratherthan by thosethat
areleastutilized. Additionaldemandinstantsareconsideredun-
til eitherall sensorshave beenpseudo-assigned,the maximum
numberof futuredemandpoints,m (equalto therolling horizon
size),hasbeenreached,or thesearchinterval hasexpired.

The generalpreassignmentand prepositioningprocedure
canbesummarizedasfollows:

1. Let p ) 1
2. Predictthe object’s pose,D j + p, with respectto the world

coordinateframe,at thedemandinstant,t j + p.
3. For eachsensor, Si ( i ) 1 *&*&* n:

(a) Determineits best achievable pose with respectto
D j + p, and

(b) Assessthe (singlesensor)visibility of D j + p, vs, from
thebestachievablepose.

4. RankSi accordingto bestvisibility, vs, from highestto low-
est.

5. For the top k ranked sensors,Si ( i ) 1 *&*&* k, determine
whetherany hasbeenassignedto an earlierdemandpoint.
Thosethathavenot beenareassignedto t j + p.

6. Determinewhetherthereremainany unassignedsensorsand
whetherp , m (i.e., have all pointson the rolling horizon
beenconsidered).If botharetrue, let p ) p - 1 andreturn
to Step2.

The above approachis nearlyidentical to that usedfor as-
signmentandpositioning.Thesearches,however, areseparated
hereto emphasizethatdifferentcriteriamaybeusedfor assign-
mentandpreassignment,dependingon the requirementsof the
applicationand the capabilitiesof the system. For example,a
fasteralgorithmmaybeusedfor preassignment,allowing more
elaboratemeasuresto betakenfor theevaluationof sensorsdur-
ing theassignmentsearch.

In conclusionto theabovediscussionof assignment& posi-
tioning andpreassignment& prepositioning,onemustnotethat
thesuccessof sensordispatchingwouldbedependenton theini-
tial poseof eachsensorwithin theworkspace.This is especially
truefor sensorswith limited dynamiccapabilitieswith respectto
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theobject.In general,theslowerthesensorsare,themorewidely
distributedthroughtheworkspacethesensorsshouldbe.Thus,if
any partof theobjecttrajectoryis known a priori , anoptimalini-
tial configurationof thesensorsmustbedetermined.Techniques
usedfor the determinationof the initial sensing-systemconfig-
urationarebeyond the scopeof this paper, thoughthe effect of
properselectionis discussedthroughexemplarysimulations.

Replanning
Replanningis initiated uponthe assignmentof sensorsto a de-
mand point. The desiredpose of each assignedor pseudo-
assignedsensoris continuouslyreassessedduringthesearchin-
terval. Thegoalof replanningis to compensatefor errorsintro-
ducedby theuncertaintiesassociatedwith theobject’spredicted
demand-pointlocations.If thenewly predictedpositionliesout-
sideof thedesiredconfidenceinterval for thedemandpointatthe
time of assignment,the demandpoint is replacedwith the new
predictionandthedesiredposeof thesensoris determinedanew,
Fig. 6.

Visibility Measure for Proximity Sensing
Thealgorithmsusedfor sensordispatchingpresentedhereinuti-
lize a visibility metriccanbeusedto evaluatethe quality of in-
formationthata sensor, or a groupof sensors,canprovideabout
a demandpoint. The visibility measurefor a singleproximity
sensoris consideredin this paperto be:

vs ) 0132 14
R
4 if thedemandpoint is unoccluded,

0 otherwise,
(1)

where
4
R
4

is theEuclideannormof thecovariancematrix asso-
ciatedwith thesensormeasurement.For theproximity sensorin
Fig. 2, thevariancein r, θ, andφ maybeexpressedas:

σ2
r ) 5 a - b1 6 r 7 r 8:9 2 if r , r 8 ( r ; < + (

a - b2 6 r 9 otherwise( (2)

σ2
θ ) 5 c - d θ2 if = θ =>, θmax ( θ ; < (

∞ otherwise( (3)

σ2
φ ) 5 e - f φ2 if = φ =>, φmax ( φ ; < (

∞ otherwise( (4)

wherea ( b1 ( b2 ( c ( d ( e( and f arecharacteristicconstants.r 8 is the
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rangebetweenthe sensorand the objectat which the variance
is minimal; here,the varianceis equalto the constanterror a.
If the rangeis small, the varianceincreasesproportionalto b1;
if the rangeis large, the varianceincreasesproportionalto b2.
Similarly, for the variancein bearingandelevation,c ande are
the constantmeasurementerrors,while d and f representthe
increasein varianceincurredby deviationsof theobjectposition
from the sensoraxis. θmax andφmax limit the field of view of
the sensor. Assumingthat σ2

r , σ2
θ, andσ2

φ areuncorrelated,the
covariancematrix R may be expressedin Cartesiancoordinates
asfollows:

R ) ?@ σ2
x σxy σxz

σxy σ2
y σyz

σxz σyz σ2
z AB ( (5)

whereσ2
x, σ2

y, σ2
z, σxy, σxz ( andσyz arefunctionsof σ2

r , σ2
θ, σ2

φ, r,
θ, φ, αs C andβs.

Visibility for asubsetof k sensors,whosemeasurementsare
combinedusingsensorfusion,is definedas:

vf D 14
P
4 C (6)

whereP representsthefusedcovariancematrix,

P D E ∑k
i F 1RGIH 1

i J H 1 C (6a)

and

RG i D K Ri if demandpoint is unoccluded,

/0 otherwise.
(6b)

Namely, the covariancematrix of the ith sensor, Ri , (andhence
its visibility) is consideredonly if thesensorhasanunoccluded
view of thedemandpoint.

SIMULATED DISPATCHING EXAMPLES
Theexamplespresentedin thefollowing sectionsserve to illus-
tratedifferentperformanceaspectsof the proposedapproachto
dispatching. In particular, surveillance-systemperformanceis
evaluatedunderchangingobjecttrajectoriesandsensordynam-
ics. For easeof illustration,a2-D workspaceis assumed.For all
examples,theobjectmovesatapproximately0.2m/sec.Demand
pointsarepredictedusinga Kalman-filterbasedpredictor[20],
on the basisof lower-resolutionimagesacquiredfrom an over-
headcamera,Fig. 7. Theseobservationsarecorruptedby Gaus-
siannoisewith σ = 0.02m. In eachsimulation,fusionsubsetsof
size3 wereusedwith arolling horizonsizeof 3 demandinstants
separatedby 0.6seconds.Thesensorparametersweresetasfol-
lows: a = 2.5eH 5 m, b1 = 1.25eH 3, b2 = 6.25eH 5, r L = 0.05m, c
= 8eH 5 rad,d = 50,andθmax = π

4 rad.
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Figure 7. Overview of example workspace configuration.

Y

X

Figure 8. Optimal initial sensing-system configuration for

sensors with ẋ = 0.750 m/sec and α̇ = π
3 rad/sec.

Dispatching
The following exampleillustrateshow a surveillancesystemis
reconfiguredin real-timeusingthedispatchingapproach.Fig. 9
shows snapshotsof a samplerun for a noise-corruptedstraight-
line objecttrajectory. Here,themaximumtranslationalvelocity
of eachsensoris ẋ R 0 S 1 m/sec;themaximumrotationalvelocity
is α̇ R π

3 rad/sec. The systemstartsfrom an initial configura-
tion optimizedfor thesesensorsandthis object trajectory[21],
Fig. 8. (In eachfigure,thepredicteddemandpoint locationsare
indicatedby a cross(+). The actualdemandpoint locations,if
the systemwerecapableof perfectprediction,are indicatedby
circles ( T ). Assignedsensorsappearas black andpreassigned
sensorsasgrey.)

Sensitivity to Dynamic Characteristics of Sensors
The above example(Fig. 9) demonstrateshow reconfiguration
performsfor a surveillancesystemwith modestdynamiccapa-
bilities. Here,theeffect of changingthedynamiccharacteristics
of thesurveillancesystemon theperformanceof dispatchingis
investigated. Fig. 10 presentsthe overall visibilities for four
differentsurveillancesystemssurveying anobjectthatis follow-
ing a straight-linetrajectory. Theperformanceof thesesystems
rangefrom very fast(at leastan orderof magnitudefasterthan
the object) to a staticsystemin which the sensorshave no dy-
namiccapabilityatall. (Notethat,while thestaticsensorscannot
move, dispatchingis still utilized to determinethe appropriate
subsetsof sensors(thecoordinationstrategy) in real-time.) For
eachsystem,its own optimal initial surveillance-systemconfig-
urationwasdetermined.
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(a) t = 1.28 sec (b) t = 1.30 sec

(c) t = 1.90 sec (d) t = 2.50 sec

Figure 9. Straight-line trajectory.
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Figure 10. Observed visibilities of a straight-line trajectory for

different surveillance systems.

From Fig. 10, as expected,it can be seenthat dynamic
surveillancesystemsoutperformthe staticsurveillancesystem.
Thevariationin visibility for thefastsurveillancesystemsis an
artifact of the workspaceconstraintsplacedon the sensors.By
constrainingthesensorsto rails, they cannotmaintaina constant
rangefrom the object. Thus,asthe objectapproachesthe cen-
tre of theworkspace,thevisibility dropsdueto increasedrange.
The uppercurve in Fig. 10 representsthe bestachievablevis-
ibility undertheseconditions;here,for eachdemandpoint, the
assignedsensorsmatchthex-positionof theobjectandaligntheir
axesdirectly with theobject(θ = 0).

A comparisonbetweenthe“best” systemandtheothersys-
temsindicatesthat increasingthespeedof thesurveillancesys-
tem beyondan upperlimit is not particularlyvaluable(e.g.,the
achieved visibilities for ẋ U 2 V 5 m/sec, α̇ U 2π rad/sec(best
achievable)andẋ U 0 V 2 m/sec,α̇ U π

2 rad/secarepracticallythe
same).However, it is clearthatproviding a surveillancesystem
with even limited dynamiccapabilities(e.g.,ẋ U 0 V 1 m/secand
α̇ U π

3 rad/sec)maysignificantlyimproveits effectiveness.

(a) t = 1.90 sec (b) t = 2.50 sec

(c) t = 3.10 sec (d) t = 3.70 sec

Figure 11. Parabolic trajectory.

Robustness to Trajectory Variation
This sectionpresentsan example that demonstrateshow dis-
patchingcanbe usedto adapta surveillancesystem,expecting
a particularobjecttrajectory(i.e., for which the initial configu-
ration is optimized),to a differentobject trajectory. The initial
configurationof thesurveillancesystemis identicalto thatused
for Example1. Fig. 11 illustrateshow the surveillancesystem
adaptsto aparabolicobjecttrajectory.

The proposeddispatchingmethodologyadjuststhe fusion
subsets(coordinationstrategy) and the individual sensorposes
(positioningstrategy) in responseto ana priori unknown object
trajectory. Fig. 12 presentsthe overall visibilities for this tra-
jectory usingfour differentsurveillancesystems,with dynamic
capabilitiesrangingfrom staticto very fast.

The performancesof the four surveillancesystemsconsid-
eredfor theparabolictrajectory(Fig. 11)areshown in Fig. 12(a).
As expected,the fasterdynamicsystem(ẋ U 0 V 2 m/sec,α̇ U π

2
rad/sec)performsalmostperfectly, the slower dynamicsystem
(ẋ U 0 V 1 m/sec,α̇ U π

3 rad/sec)fairssomewhatworse,andall dy-
namicsystemsoutperformthestaticsystem.Thedropsin visibil-
ity for thefirst demandarea resultof thedifferencebetweenthe
expectedandactualtrajectories.All sensorswerein their initial
posesunderthe assumptionthat the objectwould be following
a straight-linetrajectory, enteringfrom the upper-left cornerof
theworkspace.Whentheobjectenteredfrom thelower-left, the
sensorsdid not have anopportunityto react(sensingof thefirst
demandpoint is almost instantaneousand determinedthrough
the initial configuration,not dispatching).As a result, the sen-
sorswerenot in anoptimalpose,norwastheinitial fusionsubset
appropriate.

Fig. 12(b) illustrateshow the performanceof eachsystem
would be altered,if providedwith predictioninformationprior
to surveillanceof the first demandpoint. In this case,observa-
tionsof theobject(usingtheoverheadcamera)beganoutsideof
theworkspace.Theseobservationsallowedfor thea priori ini-
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Figure 12. Observed visibilities for different surveillance systems expecting a straight-line trajectory.

tializationof thePredictionModule,which in turn providedthe
dispatchingandpositioningmoduleswith betterestimatesof the
first demandpointandallowedthemsufficient time to optimally
position the sensorsfor bestvisibility. For all of the dynamic
systems,theperformanceis improved.

Severalobservationsmaybemadefrom thisexample:First,
thesesimulationsconfirm that the surveillancesystemcanstill
provide valuableinformation,even when the actualobject tra-
jectorydeviatessignificantlyfrom theexpectedobjecttrajectory.
Second,adaptationof the surveillancesystemto the trajectory
is a functionof thedynamiccapabilitiesof thesensors.In other
words,while thesurveillancesystem’sperformancemaydegrade
asthe actualtrajectorydeviatesfrom expectation,the degrada-
tion is moremarked for slower sensors.(It is importantto note
that even static systemsstill provide surveillanceinformation,
just at a lower visibility). This would indicatethat the slower
thesystem,themoreimportanta reasonableinitial guessof the
objecttrajectorybecomes.

Dispatching vs. Non-Dispatching Systems
Fig. 13 comparesa numberof systemsusing the dispatching
methodologypresentedin this paperwith a systemthatdoesnot
usedispatchingat all. Thedispatchingsystemsselectsubsetsof
threesensorsfrom the four availablefor usein a sensorfusion
process;the non-dispatchingsystemsimply fusesthe measure-
mentsfrom all four sensors.In otherwords,thenon-dispatching
approachmaybestatedas:“all thesensors,all thetime”.

In thecomparative runsconsideredin Fig. 13(a),eachsys-
tem startedwith an initial configurationthat wasoptimizedfor
a straight-lineobject trajectoryand observed the sametrajec-
tory “with noise”. In Fig. 13(b), eachsurveillancesystemwas
configuredundertheassumptionthat the objectwould follow a
straight-linetrajectory, while theactualobservedtrajectorywas
parabolic.

FromtheseFigures,it is clearthatdispatchingsystemsout-
perform non-dispatchingsystems,provided that they have at
leastlimited dynamiccapabilities. This is bestexemplifiedby
the dynamic systemhaving only rotational capability (ẋ W 0
m/sec,α̇ W π

3 rad/sec)thatstill significantlyoutperformsthenon-

dispatchingsystem. Oneshouldnot concludefrom this that α̇
capability is more importantthan ẋ; in fact, if the sensorscan
move asfastasthe objectalongthe rails, rotationalability will
not improve theobjectvisibility at all. As such,furtherstudyof
therelationshipbetweenẋ andα̇ is warranted.

However, for staticsystems,the advantageof the dispatch-
ing approachis not apparent.From a performanceperspective,
theuserof a staticsurveillancesystemmaybebetteroff to sim-
ply useall of the sensorsat once. The useof dispatchingfor a
staticsystemmay only make senseif the costsassociatedwith
processingthedatafrom all of sensorsat oncecompromisesthe
real-timeperformanceof the system(e.g., high-resolutionim-
ageprocessing).In this case,dispatchingprovidesan effective
mechanismto selectanappropriatesubsetfor processing.

CONCLUSIONS
A methodfor maximizing the effectivenessof moving-object
surveillanceusing multiple sensorsis presentedin this paper.
Theoverallgoalof themethodis to positionsensorsin response
to changingdemands.This is shown to bepossibleusinga two-
partdispatchingstrategy, comprisingcoordinationandposition-
ing strategies. Themotionof eachsensoris evaluatedbasedon
thequalityof informationthateachcanprovidefor specifiedob-
ject locations.Fromthis, a groupof sensors(for usein a sensor
fusioncontext) maythenbeassignedto a particularsensingde-
mand.In addition,thesensorsthatarenot requiredfor themost
imminent demand,are assignedto future predicteddemands.
This ensuresthat asmany sensorsas possibleare maneuvered
in anticipationof upcomingrequirementsratherthanremaining
idle or moving randomly. Theuseof this dispatchingmethodol-
ogy, combinedwith dynamicsensorsandsensorfusion,hasbeen
shown to provideaconsiderablebenefitover(fixed)static-sensor
surveillancesystems.The increasedaccuracy androbustnessof
a dynamicsystemmakesit suitablefor tasksthat requirehigh-
quality, real-timesensorinformation.
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ẋ = 0.2,  ̇α = 1.57
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