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ABSTRACT

This papermpresenta methodof selectingandpositioninggroups
of sensorsn a coordinatednannerfor the suneillanceof ama-
neuweringobject. The objecttrajectoryis discretizednto anum-
ber of demandnstants(dataacquisitiontimes)to which groups
of sensorareassignedrespectiely. Heuristicrulesareusedto
evaluatethe suitability of eachsensoffor servicing(observingya
demandnstant,determinethe compositionof the sensomgroup,
and,in the caseof dynamicsensorsspecifythe positionof each
sensomwith respecto theobject. This approachaimsto improve
thequality of thesuneillancedatain threeways: (1) theassigned
sensoraremaneueredinto “optimal” sensingpositions,(2) the
uncertaintyof the measurediatais mitigatedthroughsensorfu-
sion,and(3) the posesf the unassignedensorareadjustedo
ensurethat sensing-systermanreactto objectmaneuers. Sim-
ulationswith proximity sensorsdemonstratehe advantageof
dispatchingdynamicsensorsver similar static-sensosystems.

INTRODUCTION
This paperconsiderghe principlesof dispatchingappliedto the
suneillanceof amaneueringobject. Justasthesystenresponse
for ataxi compaty canbeimprovedby effective dispatchingthe
quality of the sensodataacquiredby a setof sensorganbeim-
provedthroughappropriateselectionand positioning; however,
sensorsntroducean additionalconsiderationDispatchingmul-
tiple sensorgasopposedo only one)to obsene amoving target
at a particularlocation provides an opportunityto significantly
improve thequality androbustnes®f thedata.Specifically sen-
sorfusionmaybe usedto combineinformationfrom thesemul-
tiple, coordinatedsensorsnto a singlerepresentatiofi].
Stratgiesandtechniquesisedfor schedulinganddispatch-
ing servicevehicleshave beeninvestigatedoy a numberof re-
searcher$2-7]. Determiningwhich vehiclewill be sentto ser
vice a particulardemand(fixed pickup/drop-of location)is the
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role of the dispatcherTypically, eachvehicleis assessetbr as-
signmentto a demandbasedon a setof evaluationcriteria. One
cannotethat,in thetwo exemplaryapproacheseviewed below
aswell asothers,the assignmenbf a vehicleto a particularde-
mand also includesits (desired)position. Once assignedthe
vehiclemustmoveto the (fixed) positionof thedemand.

A rolling-horizonalgorithmwas developedby Psaraftiq6]
to assigncargo to shipsdestinedto variousports. Calgoesare
tentatizely assignedo eligible ships;permanenassignmentare
madefor thosecarmgoesthatfall at the beginning of the rolling
horizon (more immediate events are known with greatercer
tainty). Therolling horizonis thenshiftedto the next time step.
For the dynamicvehicle allocation(DVA) problem,Pawell [7]
discussesand comparesa numberof optimization approaches
(e.g., deterministicand stochasticnetworks, Markov decision
theory).

However, optimizationtechniquesusedin servicevehicle
dispatchingare not, in general,particularly well suitedto real-
time sunweillanceapplications.The alternateapproacthis to uti-
lize heuristics. Thoughnot a rigoroustreatmentof the problem
(i.e., stability and optimality cannotbe guaranteed)heuristics
canprovide atractableandtimely solution.

On-linedispatchingfor suneillanceinvolvesbothselecting
anappropriatesubsebf sensorgo be usedin a datafusion pro-
cessaswell asmaneuering all the sensordn responsdo the
motion of the object. Namely the sensorgprovide information
of sufficient quality for thetaskat handwhile ensuringadequate
responséo future objectmaneuers(keepingall sensorsin the
game”).Thisis areactive proceduretherefore no absolutecon-
dition of optimality canbe practicallyimposed.For static(fixed-
position) sensorsdispatchingconsiderswhich sensorsshould
beincludedin the sensoifusion processluring data-acquisition.
Dynamic(mobile) sensordispatchingmust,in addition,address
themotionof eachsensor
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Figure 1. Future demand points.

The system proposedin [8] usesa “generate-and-test”
methodto determinethe bestsensorpositionto optimize both
feature visibility and measurementeliability. Zhang (1995)
aimedto minimizethe magnitudeof the sensomeasuremerto-
variancesin optimally placing multiple sensorgo be usedfor
sensoifusion. The systemproposedn [10] proposego handle
moving objectsby discretizingtime andcomputingnew viewing
configurationsfor eachtime interval while attemptingto mini-
mize changesn sensorposition from onetime interval to the
next. A differentapproachs takenby Abramsetal. [11], which
attemptsto find viewpointsthat satisfythe task constraintsover
the entiretaskinterval; if noneexist, theinterval is divided un-
til satishctoryviewpointsarefound. Matsuyamaet al. [12] de-
terminecamerdayouts(in 2-D) throughoptimization(off-line);
cameraactionsandtemporalcameraswitchingandcoordination
aredeterminedy heuristics(on-line)to accountfor deviations.
Finally, an agent-basedpproachis takenin [13]. The sensors
arefixedin spaceand the workspaces divided into a number
of sectorseachwith amanagingagent.The managincagentsat-
temptto recruitsensorgeachwith acorrespondinggent}o scan
theworkspacdor targetsand,oncefound, provide synchronized
measurementhatmaybefusedto estimatethe real-timeobject
location.

The objective of this paperis to utilize the generaldispatch-
ing approachepreviously proposedor servicevehiclesto better
suney amoving objectusingmultiple sensorsThis approachs
targetedtowardsobjectsurweillancefor subsequenbboticinter
ception.

PROBLEM FORMULATION
Surveillance
Sunwillance of a maneuering object involves providing esti-
matesof particularobjectparameterst predeterminedimesor
positionsalong the objecttrajectory Herein, the parameteof
interestis the Cartesiarmposition of a single point on the target.
Thetimesat which informationis desiredarefixed. Thesepre-
determinedimesarereferredto asdemandinstantstj. Often,
theinterval betweereachdemandnstantis a constanwalue,A.
Thus,lackinga priori knowledgeof theobjecttrajectory sunweil-
lancerefershereinto the predictionof the positionof the target
at eachdemandinstant,Fig. 1. The positionof the targetfor a
particulardemandinstantis referredto asa demandpoint, Dj.
As the predictionaccurag improves, the estimationof the de-
mandpointwould changehowever, thedemandnstantremains
constant.

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

may be staticor dynamic;the speecandmaneuerability of dy-

namicsensorsare consideredo be inferior to the object. As a

result,it would be necessaryo distribute the sensorghroughout
the workspaceto ensurea degree of dataconsisteng over the
entireobjecttrajectory

Data Acquisition

Herein,athree-dimensionglroximity measuremens definedas
therange bearingandelevationto theobjectfrom aknown sen-
sorpose.Forthesensoshovnin Fig. 2, theranger, is thelinear
distancebetweerthe objectandthe sensorframe. The bearing,
0, is the radial differencebetweenthe orientationof the sensor
axis with respectto the x-z plane,as, and the object position.
Theelevation, @, is theradial differencebetweerthe orientation
of thesensomlxiswith respecto thex-y plane,3s, andtheobject
position.

Thereexist anumberof differentnon-contacsensorsvhich
may be usedto measurehe proximity of an object. Thesegen-
erally utilize lasertriangulation phaseor amplitude-modulation
basecdelectro-opticatransducersor ultrasonictransducer§l4].
A pair of calibratedCCD camerasanalsobe usedin conjunc-
tion with steredmage-processintgchniqueso estimatehedis-
tancebetweenan object and a centrepoint betweenthe cam-
eras[15].

Thetask of fusing multisensomparametricdatato yield an
improvedestimateof the stateof anentity maybeaddressedy a
numberof differenttechniquesSpecificmethodologiesuitable
for parameteestimationincludetheleastsquaregstimatoLS)
and its variations: WLS, BWLS, MLE, MSE [16], geometric
fusion[17], andthe KalmanFilter (KF) [18,19].

Dispatching
Within the context of optimal dispatching,sensorfusion does
not needto combinedatafrom all of the sensorsn the system.
Instead,a subsetof sensorgk < n, wherek is the subsetsize
andn is the total numberof sensors)s selectedpr assignedio
suney the objectat a particulardemandnstant,Fig. 3. Herein,
this groupof sensorgs referredto asa fusionsubset.A sensor
maybelongto multiple fusionsubsets.

The generaldispatchingproblem addressedn this paper
maybestatedas: Givena setof sensos anda setof time-varying
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(a) Fusion subset: 1-2-3.
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(b) Fusion subset: 1-2-4.

Figure 3. Coordination strategy.

demandpoints (basedon the predictedmotion of a maneuver
ing objectat the correspondingsetof demandinstants),deter
minethe subset®f sensos (andtheir correspondingposesyhat
will (optimally)senseheobjectat each demandnstantand, fur-
thermoe, ensue that the remainingsensos are adequatelydis-
tributedthroughoutthe workspaceor possiblefuture use

Dispatchingmay be accomplishedusing two complemen-
tary stratgies. First, a “coordinationstratgy” specifieswhich
sensorswill be usedfor suneillanceat eachandevery demand
instant. This selectionshould be basedon a logical search
throughthe sensorset, using an objective function, to evaluate
thefithessof eachsensor Next, a “positioning stratgy” speci-
fiesthe poseof eachof the sensorswhetherit hasbeenassigned
to the first demandinstantat hand,or to ary one of the future
demandnstants.

A HEURISTIC DISPATCHING APPROACH

Thereexist two primary differencesetweena global optimiza-
tion method,carriedout off-line, andthe on-line, heuristicdis-
patchingsolutionto the multisensorsurweillance problem pro-
posedn this paper First,theheuristicapproactdoesnotattempt
to optimizefusion subsetsn a combinatoricmanner but rather
considerseachsensorindividually. Secondly insteadof con-
sideringall of the demandinstantsconcurrently(i.e., the com-
plete objecttrajectory),eachis consideredsequentially limited
to a finite segment(therolling horizon)of the objecttrajectory
This segmentis definedby alimited numberof demandnstants,
t1...tm. Theobjectlocationis predicted ateachof thesedemand
instants. Note that, the absoluteclock time of eachdemandn-
stantis fixed; however, the estimatedocation of the objectat
each—thedemandpoint—would vary over time asthe predic-
tionsof the objectmotionbecomemoreaccurate.

In the proposednethodologyan “assignmentndposition-
ing” searchmethodconsidersonly the first demandpoint (to
whichasubsef sizek sensorwill alwaysbeassigned)while a
“preassignmerdéndprepositioning’searchmethodconsiderghe
remainingdemandnstantson the rolling horizon,asdiscussed
below.

IHerein, it is assumedhat, the predictionof the demandpointsis performed
by anexternalpredictionsubsystem.
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Figure 4. Assignment and positioning of §, $, and S3to D1. & is
unassigned.

Assignment and Positioning
Giventhe first demandpoint on the rolling horizon,Dj, the as-
signmentand positioning methodselectsan optimal subsetof
sensorqof sizek) from the setof all sensorsn, to servicethis
demandnstant(i.e.,coordination).Thesearchmethodalsospec-
ifies a desiredposefor eachsensorat the time of dataacqui-
sition (i.e., positioning),Fig. 4. Assignmentoccursoncedur-
ing eachsearchnterval (thetime betweerthe previousandcur-
rentdemandnstants). (It is triggeredby an objectenteringthe
workspaceor the completionof the previous searchinterval.)
Namely the selectionof the sensorset cannotbe altereduntil
thefirst demandnstanton therolling horizonhasbeenserviced,;
however, the poseof eachsensormay be alteredin real-time.
Poseadjustmentis handledby a replanningmethoddescribed
laterin this paper

The generalapproacho the assignmenand positioningof
sensorgor ademandpoint canbe summarizedsfollows:

1. PredicttheobjectsposeDj, with respecto theworld coor
dinateframe,atthedemandnstant.t;.
2. ForeverysensorS, i=1...n:

(a) Determineits bestachievableposewith respecto Dj;,
and

(b) Assesshe correspondingsingle sensor)visibility of
Dj, vs, from the bestachievablepose.

3. Rankall S accordingto the achievable visibility, vs, from
highestto lowest.

4. Assignthetop k ranked sensorgo tj. (The desiredposeof
eachassigneaensotis the bestachiezableposedetermined
in Stepa.)

Preassignment and Prepositioning

Oncean assignmenhasbeenmadefor the first demandnstant

of therolling horizon,a preassignmerandprepositioningsearch
methodselectssensordor pseudo-assignmetd subsequerde-

mandinstants. The objective hereis to positionthe unassigned
sensorsn anticipationof future servicerequirements.All sen-

sorsare consideredor pseudo-assignmeniiowever, only sen-

sorsthathave not beenassignedy the Assignmen®& Position-

ing Module (sub-systeminaybe pseudo-assigned afuturede-

mandinstant,Fig. 5. Notethat, previously assignedsensorsre
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Figure 5. Preassignment and prepositioning of only $ to Do.

evaluatedfrom their (assignedjlesiredposesandmay; in effect,
be assignedo multiple future demandnstants thoughtheir fu-
turepositionwill notbedeterminedintil thenext searctinterval.
This approachaimsto serviceeachdemandvith the sensorghat
can provide the highestquality data, ratherthan by thosethat
areleastutilized. Additional demandnstantsareconsideredin-
til eitherall sensorshave beenpseudo-assignedhe maximum
numberof future demandpoints,m (equalto therolling horizon
size),hasbeenreachedpr the searchinterval hasexpired.

The generalpreassignmenand prepositioningprocedure
canbesummarizedsfollows:

1. Letp=1

2. Predictthe objects pose,Dj,p, with respectto the world
coordinateframe,atthedemandnstant,t; .

3. ForeachsensorS, i=1...n;

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

(b) Assesghe (singlesensor)visibility of Dj,p, vs, from
thebestachievablepose.

4. Rank§ accordingto bestvisibility, vs, from highestto low-
est.

5. For the top k ranked sensors,S, i = 1...k, determine
whetherary hasbeenassignedo an earlierdemandpoint.
Thosethathave notbeenareassignedo t; .

6. Determinevhetherthereremainary unassignedensorsind
whetherp < m (i.e., have all pointson the rolling horizon
beenconsidered)If botharetrue,let p = p+ 1 andreturn
to Step2.

The above approachs nearlyidenticalto that usedfor as-
signmentandpositioning. The searcheshowever, areseparated
hereto emphasizehat differentcriteriamay be usedfor assign-
mentand preassignmentlependingon the requirementof the
applicationand the capabilitiesof the system. For example,a
fasteralgorithmmay be usedfor preassignmengllowing more
elaboratameasureso betakenfor the evaluationof sensorglur-
ing theassignmensearch.

In conclusiorto theabove discussiorof assignmen& posi-
tioning andpreassignment prepositioningonemustnotethat
thesucces®f sensodispatchingvould be dependenon theini-
tial poseof eachsensomithin theworkspaceThisis especially
truefor sensorsvith limited dynamiccapabilitieswith respecto
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Figure 6. Replanning for D1. D is the updated prediction of the
demand point.

theobject.In generaltheslowerthesensorare themorewidely
distributedthroughtheworkspacehesensorshouldbe. Thus,if
ary partof theobjecttrajectoryis known a priori, anoptimalini-
tial configurationof the sensorsnustbe determinedTechniques
usedfor the determinatiorof the initial sensing-systeronfig-
urationare beyond the scopeof this paper thoughthe effect of
properselectionis discussedhroughexemplarysimulations.

Replanning

Replannings initiated uponthe assignmenof sensordo a de-

mand point. The desiredpose of eachassignedor pseudo-
assignedensolis continuouslyreassesseduring the searchin-

terval. The goalof replanningis to compensatéor errorsintro-

ducedby the uncertaintiemssociateavith the object’s predicted
demand-pointocations.If thennewly predictedpositionlies out-

sideof thedesiredconfidencenterval for thedemandpointatthe

time of assignmentthe demandpoint is replacedwith the new

predictionandthe desiredposeof thesensois determinedcanaw,

Fig. 6.

Visibility Measure for Proximity Sensing
Thealgorithmsusedfor sensoidispatchingoresentedhereinuti-
lize avisibility metric canbe usedto evaluatethe quality of in-
formationthata sensoror a groupof sensorscanprovide about
a demandpoint. The visibility measurefor a single proximity
sensolis consideredn this paperto be:

1
— if thedemandpointis unoccluded,
vs =< IRl @)

0 otherwise,
where||R]| is the Euclideannorm of the covariancematrix asso-

ciatedwith the sensomeasurementor the proximity sensoiin
Fig. 2, thevariancen r, 8, and@ maybe expresseds:

G2_)at bi(r—r9)? ifr<ri,reg", @
" atby(r) otherwise

2 [crd@ if (6] <Bmu OER, -
7w otherwise
] otherwise

wherea, by, by, c,d, e, andf arecharacteristiconstantsr* is the



rangebetweenthe sensorand the object at which the variance
is minimal; here,the varianceis equalto the constanterror a.
If the rangeis small, the varianceincreasegroportionalto by;
if the rangeis large, the varianceincreasegroportionalto by.
Similarly, for the variancein bearingandelevation,c ande are
the constantmeasuremengrrors, while d and f representhe
increasean varianceincurredby deviationsof the objectposition
from the sensoraxis. Bmax and @max limit the field of view of
the sensor Assumingthato?, o3, andoj, areuncorrelatedthe

covariancematrix R may be expressedn Cartesiarcoordinates

asfollows:

02 Oyy Ox;
R: Oxy 0-)2/ GyZ ) (5)
Oxz Oy 02

whereo?, 07, 07, Oxy, Oxz, anday, arefunctionsof o7, a§, a5, 1,
0, @ as, andfs.

Visibility for asubsebf k sensorswhosemeasurementsre
combinedusingsensoifusion,is definedas:

1
Vi = W: (6)

whereP representthe fusedcovariancematrix,

P=[slurY] (6a)

and

if demandointis unoccluded,

6b
otherwise. (6b)

_JR
F\)’|—{0

Namely the covariancematrix of theith sensorR;, (andhence
its visibility) is considerednly if the sensohasanunoccluded
view of thedemandpoint.

SIMULATED DISPATCHING EXAMPLES

The examplespresentedn the following sectionssene to illus-

trate differentperformanceaspectf the proposedapproacho

dispatching. In particular suneillance-systenperformanceis

evaluatedunderchangingobjecttrajectoriesand sensordynam-
ics. For easeof illustration,a 2-D workspacés assumedFor all

examplestheobjectmovesatapproximatelyd.2m/sec.Demand
pointsare predictedusing a Kalman-filter basedpredictor[20],

on the basisof lower-resolutionimagesacquiredfrom an over

headcameraFig. 7. Theseobsenationsarecorruptecby Gaus-
siannoisewith o = 0.02m. In eachsimulation,fusionsubset®f

size3 wereusedwith arolling horizonsizeof 3 demandnstants
separatedby 0.6 secondsThe sensoparametersveresetasfol-

lows: a=2.5e"5m,b; =1.25%3, b, =6.25%5 r* =0.05m, ¢

=8e °rad,d = 50,and6max = J rad.

@ OVERHEAD CAMERA

1.0m

Figure 7. Overview of example workspace configuration.
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Figure 8. Optimal initial sensing-system configuration for
sensors with X = 0.750 m/sec and O = % rad/sec.

Dispatching

The following exampleillustrateshow a sureillancesystemis
reconfiguredn real-timeusingthe dispatchingapproachFig. 9
shaws snapshot®f a samplerun for a noise-corruptedtraight-
line objecttrajectory Here,the maximumtranslationalelocity
of eachsensoiis x = 0.1 m/sec;the maximumrotationalvelocity
is @ = T rad/sec. The systemstartsfrom an initial configura-
tion optimizedfor thesesensorsandthis objecttrajectory[21],
Fig. 8. (In eachfigure, the predicteddemandpoint locationsare
indicatedby a cross(+). The actualdemandpoint locations,if
the systemwere capableof perfectprediction,are indicatedby
circles (o). Assignedsensorsappearas black and preassigned
sensorasgrey.)

Sensitivity to Dynamic Characteristics of Sensors

The abore example(Fig. 9) demonstratetiow reconfiguration
performsfor a surnweillancesystemwith modestdynamiccapa-
bilities. Here,the effect of changingthe dynamiccharacteristics
of the suneillancesystemon the performanceof dispatchings
investigated. Fig. 10 presentghe overall visibilities for four
differentsunweillancesystemssureying anobjectthatis follow-
ing a straight-linetrajectory The performanceof thesesystems
rangefrom very fast(at leastan order of magnitudefasterthan
the object)to a static systemin which the sensordave no dy-
namiccapabilityatall. (Notethat,while thestaticsensorgannot
move, dispatchingis still utilized to determinethe appropriate
subsetof sensorgthe coordinationstratey) in real-time.) For
eachsystemjts own optimalinitial suneillance-systenconfig-
urationwasdetermined.



@ oo,
G (o) +5
A » )\ A
53 34 33 59
(@)t =1.28 sec (b)t=1.30 sec
31 3z 31 3z
4 Y
- g, - ey,
O .
+ e} + a
+ + @
+
It b 4 >

53 54 53 34

(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
suneillancesystemsoutperformthe static surweillancesystem.
The variationin visibility for thefastsurweillancesystemss an
artifact of the workspaceconstraintglacedon the sensors.By
constraininghe sensorgo rails, they cannotmaintaina constant
rangefrom the object. Thus,asthe objectapproacheshe cen-
tre of theworkspacethe visibility dropsdueto increasedange.
The uppercurve in Fig. 10 representshe bestachievable vis-
ibility undertheseconditions;here,for eachdemandpoint, the
assignedensorsnatchthex-positionof theobjectandaligntheir
axesdirectly with the object(6 = 0).

A comparisorbetweerthe “best” systemandthe othersys-
temsindicatesthatincreasinghe speedof the suneillancesys-
tem beyond an upperlimit is not particularlyvaluable(e.g.,the
achieved visibilities for x = 2.5 m/sec, a = 2m rad/sec(best
achierable)andx = 0.2 m/sec,a = 7 rad/searepracticallythe
same).However, it is clearthatproviding a surweillancesystem
with evenlimited dynamiccapabilities(e.g.,x = 0.1 m/secand
a = g rad/secynaysignificantlyimproveits effectiveness.
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Figure 11. Parabolic trajectory.

Robustness to Trajectory Variation

This section presentsan example that demonstratediow dis-
patchingcanbe usedto adapta surwillancesystem,expecting
a particularobjecttrajectory(i.e., for which theinitial configu-
rationis optimized),to a differentobjecttrajectory Theinitial

configurationof the suneillancesystemis identicalto thatused
for Examplel. Fig. 11 illustrateshow the suneillancesystem
adaptdo aparabolicobjecttrajectory

The proposeddispatchingmethodologyadjuststhe fusion
subsetgcoordinationstrategy) and the individual sensorposes
(positioningstratgy) in responseo ana priori unknavn object
trajectory Fig. 12 presentghe overall visibilities for this tra-
jectory usingfour differentsuneillancesystemswith dynamic
capabilitiesrangingfrom staticto veryfast.

The performance®f the four suneillancesystemsconsid-
eredfor theparabolidrajectory(Fig. 11)areshavnin Fig. 12(a).
As expected the fasterdynamicsystem(x = 0.2 m/sec,a = 7
rad/sec)performsalmostperfectly the slower dynamicsystem
(x=0.1m/seca = 3 rad/secfairssomavhatworse,andall dy-
namicsystemsutperformthestaticsystem.Thedropsin visibil-
ity for thefirst demandarearesultof thedifferencebetweerthe
expectedandactualtrajectories.All sensoraverein their initial
posesunderthe assumptiorthat the objectwould be following
a straight-linetrajectory enteringfrom the upperleft cornerof
theworkspace Whenthe objectenteredrom thelower-left, the
sensorglid not have an opportunityto react(sensingof the first
demandpoint is almostinstantaneousnd determinedthrough
theinitial configuration,not dispatching).As a result, the sen-
sorswerenotin anoptimalpose horwastheinitial fusionsubset
appropriate.

Fig. 12(b)illustrateshow the performanceof eachsystem
would be altered,if providedwith predictioninformation prior
to sunwillanceof the first demandpoint. In this case,obsena-
tions of the object(usingthe overheadcamerajpeganoutsideof
the workspace.Theseobsenationsallowedfor the a priori ini-
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Figure 12. Observed visibilities for different surveillance systems expecting a straight-line trajectory.

tialization of the PredictionModule,which in turn providedthe
dispatchingandpositioningmoduleswith betterestimate®f the
first demandpoint andallowedthemsufficient time to optimally
position the sensordor bestvisibility. For all of the dynamic
systemsthe performanceés improved.

Severalobsenationsmaybe madefrom this example:First,
thesesimulationsconfirm that the surwillancesystemcan still
provide valuableinformation, even whenthe actualobjecttra-
jectorydeviatessignificantlyfrom the expectedobjecttrajectory
Second,adaptationof the surwillancesystemto the trajectory
is a functionof the dynamiccapabilitiesof the sensorsin other
words,while thesuneillancesystems performancenaydegrade
asthe actualtrajectorydeviatesfrom expectation the degrada-
tion is moremarked for slower sensors (It is importantto note
that even static systemsstill provide suneillance information,
just at a lower visibility). This would indicatethat the slower
the system the moreimportanta reasonablénitial guessof the
objecttrajectorybecomes.

Dispatching vs. Non-Dispatching Systems

Fig. 13 comparesa numberof systemsusing the dispatching
methodologypresentedn this paperwith a systemthatdoesnot
usedispatchingatall. Thedispatchingsystemsselectsubsetof
threesensordrom the four availablefor usein a sensorfusion
processthe non-dispatchingystemsimply fusesthe measure-
mentsfrom all four sensorsin otherwords,the non-dispatching
approachmaybestatedas:“all thesensorsall thetime”.

In the comparatie runsconsideredn Fig. 13(a),eachsys-
tem startedwith aninitial configurationthat was optimizedfor
a straight-line object trajectory and obsened the sametrajec-
tory “with noise”. In Fig. 13(b), eachsuneillancesystemwas
configuredunderthe assumptiorthatthe objectwould follow a
straight-linetrajectory while the actualobsenedtrajectorywas
parabolic.

FromtheseFigures,it is clearthatdispatchingsystemsut-
perform non-dispatchingsystems,provided that they have at
leastlimited dynamiccapabilities. This is bestexemplified by
the dynamic systemhaving only rotational capability (x = 0
m/sec = J rad/sec}hatstill significantlyoutperformshenon-

dispatchingsystem. One shouldnot concludefrom this that a
capabilityis more importantthanx; in fact, if the sensorscan
move asfastasthe objectalongtherails, rotationalability will
notimprove the objectvisibility atall. As such,furtherstudyof
therelationshipbetweernx anda is warranted.

However, for static systemsthe advantageof the dispatch-
ing approachis not apparent.From a performanceperspectie,
theuserof a staticsuneillancesystemmay be betteroff to sim-
ply useall of the sensorsat once. The useof dispatchingfor a
staticsystemmay only make senseif the costsassociatedvith
processinghe datafrom all of sensorsat oncecompromiseshe
real-time performanceof the system(e.g., high-resolutionim-
ageprocessing).In this case dispatchingprovidesan effective
mechanismo selectanappropriatesubsefor processing.

CONCLUSIONS

A methodfor maximizing the effectivenessof moving-object
suneillance using multiple sensorsis presentedn this paper
Theoverall goal of the methodis to positionsensorsn response
to changingdemandsThis is shavn to be possibleusinga two-
partdispatchingstrateyy, comprisingcoordinationandposition-
ing stratgyies. The motion of eachsensolis evaluatedbasedon
thequality of informationthateachcanprovide for specifiedob-
jectlocations.Fromthis, a groupof sensorgfor usein a sensor
fusion context) maythenbe assignedo a particularsensingde-
mand.In addition,the sensorghatarenot requiredfor the most
imminent demand,are assignedto future predicteddemands.
This ensureghat as mary sensorsas possibleare maneuered
in anticipationof upcomingrequirementsatherthanremaining
idle or moving randomly The useof this dispatchingnethodol-
ogy, combinedwith dynamicsensorandsensoifusion,hasheen
shawvn to provide aconsiderabl®denefitover (fixed)static-sensor
suneillancesystems.The increasediccurag androbustnesof
a dynamicsystemmakesit suitablefor tasksthat requirehigh-
quality, real-timesensoiinformation.

ACKNOWLEDGMENT
The financial supportof the Natural Sciencesand Engineering
ResearctCouncilof Canadas gratefullyacknavledged.



2.0

O x=0.2,a=157
© x=0.0,0=104 | |
v x=0.0,a =0.00
A Not dispatching

=
n

/[]

Visibility, v,
5

14
o

N

<

o
o

,_.
N
©
IS
«
>
~
©
©

Demand Number

(a) Straight-line

2.0

O x=0.2,0=157
I © x=0.0,a=104

=
n

v X=0.0,a=000 | |
A Not dispatching/z

Visibility, v,
5

14
o

0.0

Demand Number

(b) Parabolic

Figure 13. Observed visibilities for dispatching vs. non-dispatching surveillance systems.
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