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ABSTRACT. Oneof themainreasonsin formingasensornetwork is to combinetheinfor-
mationseenfrom differentsensorsto produceasingleintegratedpicturethatis anaccurate
representationof thesceneof interest.An oftenoverlookedproblemin network designis
the properregistrationof the sensorsin the network. Sensorregistrationcanbe seenas
theprocessof removing (accountingfor) non-randomerrors,or biases,in thesensordata.
Withoutproperlyaccountingfor theseerrors,thequalityof thecompositepicturecan,and
oftentimesdoes,degrade. In this paper, we presentan approachfor solving the sensor
registrationproblem,basedon a new continuousmeta-heuristic,whennot all datais seen
by all sensors,andthecorrespondenceof dataseenby thedifferentsensorsis not known
a priori . Consideringa real problemfrom the defenseindustry, we show this approach
performsbetterthanotherapproachesin theliterature.

1. INTRODUCTION

In today's technology-drivenenvironment,it is becomingmoreandmorecommonfor
disparatesensorsto view the samescene,or at leasta partial overlapof the samescene.
Military examplesaboundfrom theareasof missiledefense,situationawareness,andco-
operatingunmannedaerialvehicles(UAVs). Medical imagingandadversedrug reaction
predictionareexamplesof two non-militaryareaswheremorethanonesensoris receiving
informationof thesamescene.In military situations,oftentimesthedataeachsensorinfers
from thesceneis passedovercommunicationlinks,eitherdirectlyto othersensorsviewing
thescene,or to acentral̀ processor.' Hence,thesesensorsform asensornetwork.

In eithercase(sensorscommunicatingdirectly, or to acentralprocessor),with multiple
views of thesamesceneavailable,therelies theability to gain a morepreciserepresenta-
tion of thescenethanany onesensorcouldprovide alone,by combining,or `fusing', the
informationeachsensorinfersfrom its view. Examplesincludecombiningkinematictrack
statesto reducetheuncertaintyof thekinematicparameters,addinganidenti�cation label
to a kinematictrack, anddeterminingthe numberof objectsof interestin the particular
scene.However, it is of theutmostimportancethatthis fusionbedonecorrectly.

Onenecessarypre-requisitefor fusingdatafrom multipleviewsof thesamesceneis to
remove sensorregistration1 errors.Theseerrorscomein two forms: randomandsystem-
atic. Therandomerrorsarisefrom detectionandtrackprocessingtechniques[2, 3], andat
thefusionstage,theseerrorsgenerallycannotbereduced.On theotherhand,it is imper-
ative that systematicerrorsbe removed beforedatafusion occurs.The systematicerrors
arisefrom a numberof sources,namelysensorcalibrationoffset [5], platform�e xure[5],
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sensorperspective offset [1, 2, 15, 7, 6, 11, 13], sensorinternalclock errors[7, 6], and
coordinatetransformations[14, 7, 1, 2, 13, 11, 6]. Sensorregistrationis the processby
which thesesystematicerrorsareremoved.Withoutproperlyaccountingfor thesesystem-
atic registrationerrors,the compositerepresentationof the scenehasthe potentialto be
lessprecisethenany oneindividual sensor's view, thusdefeatingthepurposeof a sensor
network.

Algorithms for sensorregistrationfall into two main categories. The �rst classdeter-
minesthesystematicerrorassumingtheassociationof thedataacrossthesensorsis known.
Techniquesfor thisclassincludeleast-squaresestimation[2, 15,7, 3] andKalman�ltering
[5, 2]. Thesecondclassof algorithmsdoesnotassumeknowledgeof thedataassociation.
In effect, thesetypesof algorithmsattemptto determinethesystematicerrorandthedata
correspondenceat thesametime [2, 1, 6, 11,13,10].

In thispaperwepresentanapproachto determinesystematicsensorregistrationerrors,
basedon a new continuousgreedyrandomizedadaptive searchprocedure,C-GRASP[8].
This approachis applicableto situationswherethe correspondenceof databetweenthe
sensorsis not known a priori , thus falling into the secondclassof sensorregistration
algorithms.Thispaperis organizedasfollows. Webegin by brie�y describingthegeneral
C-GRASPalgorithm,andhow to apply it to theproblemof sensorregistration.Then,we
compareour approachagainst two othersfrom the literature. Finally, we provide some
conclusionsandfutureresearchdirections.

2. C-GRASP

C-GRASPis anew meta-heuristicthatwasdevelopedto solvecontinuousoptimization
problems.In [8], C-GRASPwasshown to outperformseveralothercontinuousoptimiza-
tion heuristicson a set of standardtest functions,as well as on two `hard' real-world
problems[4]. We begin by giving a shortoverview of theC-GRASPalgorithm,andthen
discussits applicationto sensorregistration.

C-GRASPis a multi-startsearchprocedure,with eachmainiterationconsistingof two
phases,a constructionphaseanda local searchphase.The constructionphasecombines
elementsof greedinessandrandomizationto form a diversesetof good-qualitysolutions
from which to start local search. The bestsolution found over all iterationsis kept as
the �nal solution. Pseudo-codefor the main, construction,and local searchC-GRASP
functionscanbe found in Fig. 1 to 3, anda moredetailedexplanationof the C-GRASP
algorithmcanbefoundin [8].

3. C-GRASP AND SENSOR REGISTRATION

In thissection,wedevelopourC-GRASPalgorithmfor thesensorregistrationproblem.
Assumewe have two sensors,A andB, andthedatafrom sensorB hasbeentransformed
into A's coordinatesystem.Let NA andNB denotethenumberof targetsseenby sensorA
andB respectively. Without lossof generality, assumeNA � NB. Denoteby PA(i) andCA(i)
thepositionandcovarianceestimatesof theith trackof sensorA, andsimilarly PB( j) and
CB( j) for the j th trackof B. Also, thereis anunknown systematicsensorregistrationerror
on thesensorB data,describedby thefunctionW(i.e. W(PB( j)) , W(CB( j)) would remove
thesystematicerrorfrom the j th trackof sensorB). Then,thelikelihoodof associatingthe
ith trackfrom sensorA with the j th trackof sensorB canbewrittenasa functionof Was
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procedureC-GRASP(n; `; u; f (�);MaxIters ;MaxNumIterNoImprov;
NumTimesToRun;MaxDirToTry)

1 f �  ¥ ;
2 for j = 1; : : : ;NumTimesToRundo
3 x  UnifRand(`; u);h  1;
4 NumIterNoImprov  0;
5 for Iter = 1; : : : ;MaxIters do
6 a  UnifRand(0;1);
7 x  Construction (x; f (�);n;h;

`; u;a);
8 x  LocalSearch (x; f (�);n;h; `; u;

MaxDirToTry);
9 if f (x) < f � then
10 x�  x; f �  f (x);
11 NumIterNoImprov  0;
12 else
13 NumIterNoImprov  

NumIterNoImprov + 1;
14 end if
15 if NumIterNoImprov �

MaxNumIterNoImprovthen
/* makegrid more dense*/

16 h  h=2;
17 NumIterNoImprov  0;
18 end if
19 end for
20 end for
21 return(x� );
endC-GRASP;

FIGURE 1. Pseudo-codefor C-GRASP.

wheredi j = PA(i) � W(PB( j)) andSi j = CA(i) + W(CB( j)) . We thende�ne our objective
functionF(W) to bethenegative sumover all i and j of theFi j in (1). For completeness,
this objective functionis givenin (2).

(2) F(W) = �
NA

å
i= 1

NB

å
j= 1

Fi j (W)

Ourapproachto thesensorregistrationproblemcannow besimplystatedas:

(1) Find theWthatminimizes(2).
(2) Apply a linearassignmentalgorithmto determineassociationbetweenthesensor

A dataandthecorrectedsensorB data.

For the�rst step,weusetheC-GRASPalgorithmdescribedabove. For thesecondstep,
wemake useof thelinearassignmentalgorithmdescribedin [9].

4. ALGORITHM COMPARISON

WecompareourC-GRASPalgorithmagainstthetwo approachesfoundin [1, 11] (from
hereon denotedasthe BlackmanandLevedahlalgorithms,respectively). We chosethe
particularsensorregistrationapplicationasput forth in [1, 11, 13]. Brie�y , it canbede-
scribedasfollows. Wehave two sensors,oneactiveandonepassive,bothviewing ascene
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procedureConstruction (x; f (�);n;h; `; u;a)
1 S f 1;2; : : : ;ng;
2 while S6= /0 do
3 min  + ¥ ; max � ¥ ;
4 for i = 1; : : : ;n do
5 if i 2 Sthen
6 zi  LineSearch (x;h; i;n; f (�); `; u);
7 gi  f (zi);
8 if min > gi then min  gi ;
9 if max< gi then max gi ;
10 end if
11 end for
12 RCL /0;
13 for i = 1; : : : ;n do
14 if i 2 Sand gi � (1� a) � min+ a � maxthen
15 RCL RCL[ f ig;
16 end if
17 end for
18 j  RandomlySelectElement (RCL);
19 x j  zj ; S Snf jg;
20 endwhile
21 return(x);
endConstruction ;

FIGURE 2. Pseudo-codefor C-GRASPconstructionphase.

procedureLocalSearch (x; f (�);n;h; `; u;MaxDirToTry)
1 x�  x; f �  f (x);NumDirTried  0;
2 S f x : kx� � xk2 = hg;
3 while NumDirTried < MaxDirToTry do
4 NumDirTried  NumDirTried + 1;
5 x  RandomlySelectElement (S);
6 if ` � x � u then
7 if f (x) < f � then
8 x�  x; f �  f (x);
9 S f x : kx� � xk2 = hg;
10 NumDirTried  0;
11 end if
12 end if
13 endwhile
14 return(x� );
endLocalSearch ;

FIGURE 3. Pseudo-codefor C-GRASPlocal searchphase.

from possiblydifferentperspectives.Eachsensor, usingnoinformationfrom theother, cre-
atestrackson thetargetsit senses.At somepoint in time, theactive sensorsendsits track
data(stateandcovariance)via a communicationlink, to the passive sensor. The passive
sensortransformsthis trackdatainto thelocal (i.e. passive)coordinatesystem.As aresult
of this coordinatetransformation,aswell aspossibleerrorsin thepassive sensorperspec-
tive, systematicerror is introducedinto theactive trackdata.Themaincomponentof this
error is a translationalshift, andotherfactorsaresmallenoughto be ignored.Therefore,
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FIGURE 4. Passive sensorimage plane. Trianglesrepresentpassive
tracks.Squaresrepresentactive tracks.Systematicerrorpresent.

FIGURE 5. Plot of F(W).

for this problem,Wde�nesanunknown translation,suchthatwhenWis appliedto theac-
tivesensordata,thesystematicerroris removed.Thegoalis to correctfor thetranslational
error, andat thesametimedeterminetheassociationof activetracksto passivetracks.Fig.
4 showsasimpleexampleof 3 passivetracks(triangles)and5 activetracks(squares)when
thesystematicerroris present(thecovarianceshavebeenomittedfrom the�gure to reduce
clutter).Fig. 5 showstheF(W) functionfor thisexample.Fromthis �gure, youcansee10
local minimum,with only oneof thosebeingtheglobalminimum. This globalminimum
givespreciselythetranslationalerrorbetweentheactiveandpassivetracks.Finally, Fig. 6
showstheresultuponrunningtheC-GRASPalgorithmto removethesystematicerror;the
threepassive tracksalignwith thecorrectactive tracks.

We brie�y describethe Blackmanand Levedahlapproachesfor this problem. The
Blackmanapproachis an iterative schemethat startswith an initial estimateof the sys-
tematicerror, appliesa linearassignmentalgorithm(with gating) to thecurrentcorrected
scene,to producea setof assignments.From theseassignments,a new estimateof the
systematicerror is determined.This processcontinuesuntil thesystematicerrorestimate
achieves convergence(i.e. the differencebetweenthe previous and currentestimateis
small). The Levedahlalgorithm looks at eachset of possibleassignments,with gating
involved to limit thesetof feasibleassignments.For eachfeasibleassignmentvector, an
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FIGURE 6. Resultof C-GRASPalgorithm.Systematicerrorremoved.

estimateof the systematicerror is computed.The assignmentandsystematicerror that
producesthemaximumof anobjective function(similar to (2)) is returnedastheanswer.
N.B.: In theworst-casescenario,wheregatingdoesnot eliminateany of the feasibleas-

signments,theLevedahlalgorithmwill needto examine
m
å

k= 0

� m
k

� n!
(n� k)! differentassignment

vectors,wheremandn arethenumberof targetsseenby thepassiveandactivesensor, re-
spectively.

All threealgorithmswere implementedby the authorsin the C++ programminglan-
guageandcompiledwith GNU g++ version3.2.3,usingcompileroptions-O6 -funroll-
all-loops-fomit-frame-pointer-march=i686.Thealgorithmusedfor random-numbergen-
eration(neededfor C-GRASP)is an implementationof the MersenneTwister algorithm
[12].

Without lossof generality, let sensorA be the passive sensorandsensorB the active
sensor. De�ne a testclassasa vector [NA;NB;Nc;SA], whereNA denotesthe numberof
targetsseenby sensorA, NB denotesthe numberof targetsseenby sensorB, Nc de�nes
thenumberof targetsin commonto thetwo sensors,andSA controlsthemaximum1� s
covariancevaluefor all targetsasseenby sensorA. For eachtestclass,we created100
randomscenarios,choosingthe target positionsin a squareof length20 km, and�xing
themaximum1� s covariancevaluefor all targetsasseenby sensorB to be3 km. After
creatingeachscenario,we applieda randomtranslationalbiasto all sensorB targetdata.
Thegoalof thethreealgorithmsis thusto determinethetruthful bias,or anapproximation
to this bias,aswell asthecorrectassociationof passive to active tracks.Table1 lists the
testclassesexaminedin this paper. To measuretheperformanceof the threealgorithms,
we lookedat two metrics:thepercentageof correctassignments,andthedistancebetween
eachtruthful correspondence.Thesetwo metricswerecomputedfor eachscenario,and
averagedovereachtestclass.

Tables2 to 5 displaytheresultsfor eachtestclass.For eachtable,the�rst threecolumns
show theaveragepercentageof correctassignmentsfor the threealgorithms.Columns4
to 6 show the averagedistance. The underlinednumberin eachrow of eachtable de-
notethebestof the threealgorithms.As is clearlyseenfrom thesetables,theC-GRASP
approachdoesbetterthanthe othertwo algorithmswith respectto percentageof correct
assignments.For theaveragedistancemetric,theBlackmanalgorithmalmostalwaysper-
forms theworst,while theLevedahlandC-GRASPapproachesperformaboutthesame.
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TABLE 1. TestClasses

NA NB Nc SA

4 6 2 f 0:5;1:0;2:0;3:0g

4 6 3 f 0:5;1:0;2:0;3:0g

4 6 4 f 0:5;1:0;2:0;3:0g

5 10 2 f 0:5;1:0;2:0;3:0g

5 10 3 f 0:5;1:0;2:0;3:0g

5 10 4 f 0:5;1:0;2:0;3:0g

5 10 5 f 0:5;1:0;2:0;3:0g

7 20 2 f 0:5;1:0;2:0;3:0g

7 20 3 f 0:5;1:0;2:0;3:0g

7 20 4 f 0:5;1:0;2:0;3:0g

7 20 5 f 0:5;1:0;2:0;3:0g

7 20 6 f 0:5;1:0;2:0;3:0g

7 20 7 f 0:5;1:0;2:0;3:0g

Thesetables,alongwith knowledgeof theLevedahlupper-boundon thenumberof pos-
sibleassignmentsto examine,lendsupportto C-GRASPcomparingfavorablyto boththe
BlackmanandLevedahlapproaches.

5. SUMMARY

In this paper, we have developeda new algorithmfor thesensorregistrationproblem.
We have shown that it performsbetterthantheapproachesin [1, 11]. In addition,our ap-
proachdoesnotsuffer from theexponentialworst-caseperformanceboundof [11]. Hence,
our approachcanbe seenasan attractive algorithmfor the removal of systematicsensor
registrationerror.

Therearetwo areasof future researchworth mentioning.First, for theparticularsen-
sor registrationproblempresentedabove, it is importantto testthe C-GRASPalgorithm
against real target geometries,not just the randomscenarios.Second,in order to show
the variety of problemsC-GRASPcansolve, work will be doneto apply the C-GRASP
approachto other typesof sensorcon�gurations, e.g. passive to passive, as might be
evidencedby multiple UAV' s viewing a scene,andactive to active, which occurswhen
multipleactive radarsview thesamescene.
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TABLE 2. SA = 0:5 km

Bl Le CG Bl Le CG

0:530 0:715 0:655 2:294 1:727 1:950

0:820 0:917 0:943 0:810 0:286 0:318

0:910 0:965 0:978 0:400 0:059 0:063

0:465 0:570 0:585 2:441 2:399 2:352

0:637 0:813 0:800 1:621 1:048 1:150

0:798 0:880 0:913 0:785 0:506 0:523

0:836 0:930 0:962 0:692 0:118 0:114

0:325 0:380 0:450 2:553 2:630 2:458

0:493 0:540 0:520 2:023 2:027 2:445

0:553 0:668 0:718 1:793 1:532 1:564

0:652 0:780 0:874 1:393 0:683 0:685

0:705 0:872 0:900 1:082: 0:322 0:299

0:799 0:899 0:951 0:910 0:111 0:136

TABLE 3. SA = 1:0 km

Bl Le CG Bl Le CG

0:625 0:770 0:785 1:826 1:336 1:305

0:793 0:880 0:927 1:043 0:798 0:497

0:945 0:960 0:993 0:282 0:061 0:092

0:450 0:650 0:615 2:607 2:090 2:297

0:677 0:853 0:833 1:450 0:802 0:901

0:820 0:923 0:943 0:826 0:348 0:342

0:856 0:948 0:972 0:677 0:058 0:024

0:375 0:345 0:430 2:342 2:760 2:510

0:483 0:617 0:653 1:995 1:778 1:548

0:573 0:755 0:757 1:783 0:946 1:003

0:594 0:802 0:826 1:488 0:724 0:732

0:745 0:863 0:952 1:026 0:381 0:298

0:747 0:920 0:987 0:995 0:095 0:096
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TABLE 4. SA = 2:0 km

Bl Le CG Bl Le CG

0:600 0:745 0:830 1:888: 1:658 1:046

0:850 0:943 0:957 0:617 0:248 0:258

0:975 0:968 0:965 0:151 0:042 0:034

0:560 0:465 0:500 1:712 2:983 2:558

0:680 0:830 0:817 1:320 0:884 0:900

0:818 0:905 0:940 0:797 0:298 0:386

0:870 0:946 0:986 0:727 0:085 0:091

0:340 0:360 0:405 2:687 2:915 2:885

0:463 0:530 0:570 2:100 2:128 2:032

0:493 0:750 0:763 2:066 0:882 0:781

0:638 0:800 0:826 1:419 0:709 0:724

0:732 0:878 0:945 1:190 0:341 0:355

0:766 0:930 0:959 1:137 0:125 0:137

TABLE 5. SA = 3:0 km

Bl Le CG Bl Le CG

0:615 0:745 0:710 1:948 1:476 1:796

0:833 0:910 0:920 0:696 0:436 0:449

0:973 0:973 0:983 0:117 0:032 0:031

0:495 0:495 0:655 2:309 2:452 1:752

0:653 0:760 0:763 1:642 1:227 1:230

0:783 0:935 0:898 0:891 0:275 0:253

0:858 0:962 0:966 0:719 0:055 0:061

0:345 0:235 0:370 2:695 3:610 2:887

0:447 0:487 0:550 2:242 2:066 2:068

0:563 0:680 0:663 1:789 1:378 1:344

0:622 0:790 0:832 1:608 0:753 0:750

0:740 0:863 0:898 1:014 0:348 0:341

0:716 0:944 0:961 1:220 0:092 0:093
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