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ABSTRACT

RonaldMahler's ProbabilityHypothesiDensity(PHD) providesa promisingframework for the passie coherentocation
of targetsobsenedvia multiple bistaticradarmeasurement$Ve considettrackingtargetsusingonly rangemeasurements
from a simple non-directionakecever that exploits non-cooperatie FM radio transmittersasits “illuminators of oppor
tunity” A tamgetcannotbelocatedat a singlepoint by a particulartransmittesrecever pair, but ratherit is locatedalong
a bistaticrangeellipse determinedby the position of the target relative to the recever andtransmitter Target location
is resohed by using multiple transmittesrecever pairsandlocatingthe tamget at the intersectionof the resultingbistatic
ellipses.Determiningtheintersectiorof thesebistaticrangeellipsesandresolvingtheresultanighosttametsis generallya
comple task. However, the PHD providesa convenientandsimplemeansof fusingtogetherthe multiple rangemeasure-
mentsto locatetargets.We incorporatesignal-to-noiseatios,probabilitiesof detectionandfalsealarm,andbistaticrange
variancesnto our simulation.

Keywords: Multitarget Tracking, ProbabilityHypothesidDensity Passve Radar Sensoi-usion,Passve Coherent.oca-
tion

1. INTRODUCTION

In Ref. 1 we presentedninitial applicationof a ProbabilityHypothesidDensity(PHD) basedoarticle Iter to multitarget
trackingusing passve radar We now considerrange-onlymeasurementand modify our simulationto matcha poten-
tial real-world scenario. Realistictransmittey recever, andtamget parameterare incorporatednto our simulation,and
the correspondingsignal-to-Noiseratios (SN R) andprobabilitiesof Detection(pp ) are computed.We alsomodify the
particle- Iter initialization andintroducea new methodfor placingbirth-particles,which areusedto modeltarget entry
into theradarField of View (FoV).

We introducethe conceptof passie coherentocationin Sec.2, andSec.3 providesa descriptionof the bistaticradar
con gurationused.Our PHD particle Iter implementatioris the subjectof Sec.4, anda summaryof the SN R, pp , and
sensotlikelihoodfunction usedis providedin Sec.5. Simulationresults,an explanationof the importanceof high SNR,
andadescriptionof a new birth particlemethodarepresentedh Sec.6. Section7 containsour conclusionsandlists future
work.

2. PASSIVE COHERENT LOCATION (PCL)

A bistaticradar consistingof a passve recever andan independentransmittingantennaprovidesthe following range
measuremerdbsenations:

Robserved = Rt + RR 1)

whereR is thedistancefrom targetto transmitterandRp is the distancefrom targetto recever. Hence,atamgetcanbe
locatedalonganellipse,wheretherecever andtransmitterarelocatedat thefoci of theellipse.

It is dif cult to build highly directionalrecever antennaghat operateat the low frequencief interestin a passie
radarsystemexploiting FM broadcastsHence ratherthantrying to exploit angle-of-arval information,we areinterested
in resolvingatarget's locationby employing multiple transmittesrecever pairs. This allows thetargetto betracked atthe
intersectiorof theresultingbistaticrangeellipses.Figure2(a) andFig. 3 containexamplesof theseellipses.
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3. SCENARIO CONFIGURATION

TheFoV in oursimulationconsistof an80km  80km stretchof the WashingtorD.C. area.Thereceving antennds in
themiddleof theFoV andis assumedo belocatedontheLockheedVartin Mission Systemsuilding. We supposeghatwe
areusingarecever suchasLockheedMartin's SilentSentry  systemexceptwith a simplerantenna.The “illuminators
of opportunity” consistof threenon-cooperatie FM transmitters.The transmitterspeci cationsaregivenin Table1, and
their locationscan be seenin Fig. 2(a). The recever coordinatesand systemspeci cationsare listed in Table 2. All

antennasireassumedo beomni-directionalandthusthey have unity gain. Thenoise gure listedis assumedo beavalid
approximatiorfor anurbanervironmentsuchasWashingtorD.C 2

Table 1. Transmittingantennaspeci cations.

Call Letters| Latitude | Longitude | Frequeng (f) ‘ Pawer (Pt) ‘
WAMU 38.936 N | 77.093 W 88.5MHz 50.0kwW
WETA 38.892 N | 77.132 W 90.9MHz 75.0kwW
WPGC 38.864 N | 76.911 W 95.5MHz 50.0kw
Table 2. Recever systemspeci cations.
Latitude 39.153 N
Longitude 77.215 W
CoherenProcessingnterval (CP 1) 0.5sec
SystemTemperaturéTs) 290K
NoiseFigure(NF) 30dB
Gain(GRr) 0dB

4. THE PHD-BASED PARTICLE FILTER

RonaldMabhler introducedthe conceptof a probability hypothesisdensity which is de ned asbeingary function that,
whenintegratedover ary givenarea,speci esthe expectednumberof targetspresenin thatarea.More speci cally, the
PHD is thefactorialmomentdensityfoundin point procesgheory andit providesa straightforvard methodof estimating
the numberof targetsin a region underobsenration. Using probability generatingunctionalsand setcalculus,Mahler
derives Bayesiantime-updateand data-updatequationghat usethe PHD to performmotion predictionandincorporate
sensopobsenations, respectiely 3’

We usethe particle Iter implementatiorof the updateequations, wherebythe PHD is representety a collectionof

particlesandtheir correspondingveights.At time-stegk, eachparticlein our Iter isavectoroftheform ; = [x; yi x; Vi]"
andhasa weightwiy , where(x;;y;) specifythe particle's locationand(x;;y;) specifyits velocity componentsAs per
thede ning propertyof the PHD, X
Nkjk = Wik (2)
i
and

N = E[no: of tar gets] = [N kjk]near est integ er: (3)



4 1. Initialization

The simulationstartswith 9;000 particles. The particleweightsareinitialized to zero,sincewe do not expectary tamgets
to bepresentattimek = 0. Thisis adifferentinitialization from thatof Ref. 1, whereit wasrequiredto assumehatone
targetwaspresentaitk = 0. Theassumptionhowever, is unnecessaryFurthermoreary suspectethrgetscanbemodelled
by usingthe birth particlesin thetime-updatestep.

4.2.Time Update

Thetime-updatestepof theparticle Iter involvespropagtingeachparticleby a simpletransitionconstant-elocity matrix
andaddinguniform processhoise.1;000birth particlesarealsoaddedo thetime-updated®HD; this is discussedn more
detailin Sec.6.3. Our simulationassumeshattargetswill not spontaneouslgisappearnor will they spavn new tamets.
Theresultsof the time-updatesteparethe propagtedparticlesandtheir associatedveights,indicatedby wi +1 , which
representhepredictedPHD for time-stepk + 1.

4.3. Data Update

In thedata-updatstep thetime-predictedw; +1 arecorvertedto the nal PHD particleweights wi +1 , by incorporating
the radarobsenationsat time k. Given a single sensomwith the setof obserationsZs = fz;;:::; z,g madeat time k,
probability of detectionpp ( ), single-tagetlikelihood functionf (zj ), anda Poisson-distribted falsealarm rate with
parameter anddensityc(z), thenthe data-updatetveightsarecomputedoy:

xXn
Wik+1 = ( Uin) + Wik+1 (1 po()) 4)

n=1

where f |
Uin = pDP( ,ll) (ZHJ I)Wl;k +.1 (5)
C(zn) + 4 Po () (zn] Wi

In thebistaticpassve radarcase gachrecever andtransmittempair constitutesa sensor Thus,therearethreesensorsn
our con guration,andthreesetsof rangeobsenationsarecollectedat eachtime step,namelyf Z 1; Z,; Z3g. To determine
the nal weightsfor this multisensorcase,(4) and(5) were rst appliedto Z;. Theresultingw;x +1 werethenusedas
thew +1 to reiterate(4) and(5) over Z,. Thelatterprocedurenvasrepeatedor Z; to nd the nal multisensoiparticle
weights.

Having generatedhe nal particleweights,wiy +1 , we computethe expectednumberof targetsin the FoV via (3).
Thelocationsof the N* expectedtargetsarefound by extractingthe N' highestpeaksfrom the PHD representethy these
weights.We have usedan EM algorithmfor this extraction?

4.4, Resampling

Beforeiteratingthe particle Iter overthe next time step,the particlesareresamplediia a Monte Carlo methodto obtain
9;000equallyweightedparticleswhere X X
Wi = Wik +1 - (6)

5. BISTATIC RADAR VARIABLES
5.1. Signal-to-Noiseratio, SN R

To computef (z,j i) andpp ( i), it is rst necessaryo computeeachsensors signal-to-noiseatio for eachparticle. The
SNRis calculatedasfollows® 19:

SNR( ) = ——5 @)



whereRt andRg areasgivenin (1), and
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and ¢ = ¢, wherec is the speedof light, andf is the frequeng of the FM signalgivenin Table 1. The transmitter
power (Pt) andtransmittergain (Gt ) arealsotakenfrom Table1l. Therecever gain (Ggr), systemnoise(Ts), coherent
processingntenal (CP1), andnoise gure (NF) aretakenfrom Table2. The Boltzmannconstants representedy k,

andFt andFg arethesignalpropagtionfactors.For this study we assumehatsignalpropagtion gainsandlossesare
negligible. Thetamget's bistaticradarcrosssectionis denotedby | cs.

5.2.Probability of Detection,pp

Thebistaticradars probability of detectioris calculatedbasednits SN R andtheprobabilityof falsealarm,pg 4 . At low
frequenciesthetamgetmayreasonablye assumedo beslowly uctuating; hencewe employ a Riciantargetmodel.

S

P ——— 1
Pp()=Q 2SNR(); 2In — 9)
Pr A
whereQ is the MarcumQ-function,SN R( ) is givenby (7), andpr A is setto a x edvalue!! Thelargerthepg a, the
smallerthepp . Fora x edpe a, againin SN R correspond$o anincreasen pp .

In our simulation,we chosepr o = 10 4. Thisallows usto achi&eapp = 0:9999with anSN R = 14:94dB, anda
pp = 0:1whenSNR = 6:19dB.1' For reasonablsimulation,pp wasrestrictecko amaximumvalueof 0:99999

Notethatthepp ( ) in (4) doesnot dependon ary speci ¢ radarobsenration,sincethe(1  pp ( )) termdealswith
potentialmissedargets. Thuswe mustchoosea s thatwe suppose potentialmissedtargetwould have weretheradar
to detectit. In our simulation,we set . = 10dB, aswe usethis valuefor all our tamgets.

5.3.Single-TargetLik elihood,f (zj )

Thesingle-tagetlik elihoodfunction of eachbistaticradarantenngair determineshow closeeachparticle's (x; y) values
areto theobsenedtaget'slocation,giventhattheradarobsenesonly therangemeasuremergivenby (1). Eachparticle’s
correspondindistaticrangemeasuremens computedR | ), aswell asthedifferencebetweerit andtheobseredrange.
f (zj i) is anormaldensityfunctionwith meanR , andvariance 2, where ? is thevarianceof the bistaticrangeas
givenby:
f= e (10)
and?
2 = 1 (11)
' 2 2SNR( ;)

where is thetransmittebandwidth which we take to be25kH z, andSN R( ;) is givenby (7).

5.4. Typical measurements
Table3 lists rangesof typical valuesthatwe have obsenedfor thevariablesntroducedn Sec.5.

6. OBSERVATIONS
6.1. Simulation Run

Our simulationcontainstwo targets. The rst entersattime k = 7 atlocation(80km; 20km) on our FoV andtravels
Westat 395km=hr (190:7 m=s). The secondentersat time k = 9 from location (50km; 0km) andtravels North at
340km=hr (94:4m=s). They arebothassumedo havea . = 10dB.

ThePHD particle lter is seernto identify thecorrecthumberof targetspresentateachtime step.Furthermorethe Iter
correctlyignoresthe ghosttargetlocations.At presentthe EM peakextractionalgorithmthatwasusedin Ref. 1 hasnot
yetbeenfully appliedto thecurrentsimulationdata.However, ascanbe seenn Fig. 2(b) andFig. 4, theexpectedocation
of thetargetscanbefoundatthe peaksin the nal PHD ateachtime step.



Table 3. Typicalrangef bistaticradarvariablesobsenedin our simulation.SeeSec.6.3for anexplanationof birth particleplacement.

Variable‘ min ‘ max ‘ Birth particleplacement
Po 0:62 0.99999 Uniform
SNR 10dB | 32.5dB Uniform
Po 0:948 | 0.99999 Targetedclusters
SNR 122dB | 32.5dB Tamgetedclusters

r 89m 1:5km -

6.2. Importance of High SNR

Initially, the simulationwasrun usinga recever noise gure of 45 dB to explore a worst-casescenario. However, this
wasfoundto be aninappropriatemodelof the WashingtorD.C. scenariosinceit producedan SN R which wastoo low
over mostof the80km  80km coveragearea.With suchpoorSN R, thepp wasonly above 0.9 for theimmediatearea
aroundthe antenngpairs,while mostof the FoV hadapp closeto zero(seeFig. 1(a)).

Theprevalenceof low pp causedhe lter to becomeunstable Becausehe birth particlesthatwereaddedo the lter
in thetime-updatestepwerelocatedin anareaof low pp , thew;x +1 (1 pp ( )) termof (4) continuallyincreaseteach
time step,predictingmary targetsthatdid not exist. This makessensesincethe Iter canonly assumeahattargetsare
appearingn theareaof low SN R basednthebirth particlemodel. It doesnotreceie ary radarobserationinformation
to contradictthe assumption.

The peakfoundin the upperleft cornerof the PHD shavn in Fig. 1(b) is anexampleof this phenomenonln the FoV
of our simulation,in which the noise gure wasreducedo thestill reasonablassumptiorof 30 dB, thisis theonly area
thatretainsasufciently low SN R to produceapp < 0:9.

It is assumedhatrestrictingbirth particleplacemento regionsof high SN R, or simply restrictingthe FoV to include
only regionsof sufciently high SN R, will mitigatethe effect of areaf low pp onthe Iter.

6.3. Clustered Birth Particles

Birth particlesare usedin the time-updatestepof the PHD particle Iter (seeSec.4.2) to representhe PHD of newv

targetsthat enterthe FoV. Thus, they indicatewherenew targetsare likely to appearat the currenttime step. Initially,

the placemenbf the birth particleswasuniform alongthe edgesof the FoV, asshavn in Fig. 3. However, analternatve
approachis to usetarmgetedclusterplacemenbf birth particles.Initially designedo economizeonthe numberof particles
used targetedclusteringalsoachievesbettertargettrackingresults.Targetedclusteringworks by placingbirth particlesin

clusterscenteredat the pointswherethe bistaticrangeellipsesintersecthe edgeof the FoV. Eachclusteris spreadabout
its centeraccordingo anormaldistribution with variancesquivalentto thevarianceof abistaticrangecell. Thecalculation
for this bistaticrangecell varianceis givenin Sec.6.3.1. An exampleof targetedclusteringcanbe seenin Fig. 2(a). We
revert to uniform placemenbf birth particlesaroundthe edgesof the FoV whenno bistatic ellipsgsintersectthe FoV

boundariesin bothplacementnethodsall 1;000birth particlesaregivenequalweighting,suchthat  wyir ¢, = 1, since
we assumehatonly onetamgetmight enterthe FoV at eachtime step.

Withouttargetedclusterplacemenof birth particlesthe PHD lter failedto detectoneof thetamgetsfromtimek = 12
until k = 22. Whenusingtargetedclustering howvever, bothtamgetsweredetectedandcontinuedo be detectecassoonas
they appearedThisis to be expected sinceby performingtargetedclusterplacementf the birth particles,we introduced
additionalprior informationinto the Iter. However, it is assumedhatif onewereto have the computingresourcego
simulatewith mary moreparticles thenthe maiginal bene t of targetedclusteringwould decrease.

6.3.1.Bistatic RangeCells

A bistaticrangecell is the resolutionat which a bistaticradarcan pinpointa target's location. The bistaticrangecell is

approximatedy?®:
Re —o (12)
2coy )



where isthecompressegulsewidth and isthebistaticangle:

RZ2 + R3Z L2

= cos ! SRR (13)
whereL is thedistancebetweertransmitterandrecever.
Thus, . p —
Re P 1+ R2 +RR§T = (14)
So,
5 & ?2RrRt (15)

Re 1+ R2+RZ L2
where ?Z is asgivenin (11).
Valuesof g, inoursimulationarefoundto rangeontheorderof 100m to 550m.

7. CONCLUSIONS AND FUTURE WORK
7.1.Conclusions

The multitarget tracking PHD particle Iter, usingonly bistatic rangemeasurementsyas shovn to have promisein a
simulationdesignedo mimic a potentialreal-world scenario. We have found that Mahler's PHD formulation seemsto
becomeunstabldaf oneattemptgo tracktargetsin regionswherethe SNRis too low. For computationafeasonswe have
proposed targetedclusterplacemengapproactfor dealingwith the birth particles. This approachhasbeenobseredto
improve targettracking,giventhatwe arelimited in thenumberof particleswe canreasonablyise.

7.2.Future Work

Somedirectionsfor futurework include:

An expectation-maximizatioEM) algorithmwasusedin Ref. 1 to extractthe locationsof the peaksof the PHD.
This EM algorithmneedgo be performedon the currentsimulation. As shavn in Table4, preliminaryresultsare
promising.

We usedbistaticDopplermeasurement# additionto bistaticrange,in our original PHD particle Iter describedn
Ref. 1. We arecurrentlyimplementingthis additionalsourceof datain our WashingtonD.C. scenario.

Thenumberof tagetsappearinganddisappearindnave yetto bevaried,andadditionaltargetcon gurationswill be
tested Various ight patternsjncludinga variety of velocitiesandaccelerationsyill alsobe simulated.

The effectsof interferencdrom the direct-pathsignalalsoneedto beincludedin the model.

Finally, we will introducecoarsedirectionof arrival measuremenisto the simulation,aswell.
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Table 4. The EM peakextractionalgorithmwasrun on the PHD shaown in Fig. 2. Theresultsareprovided belov. Notethatthe error
betweerthe expectedocationobtainedrom the PHD andthetruetargetlocationis onthe sameorderof magnitudeasthebistaticrange

cell
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describedn Sec.6.3.1.

Parameter‘ True(m) ‘ Expectedm) ‘ Error

Targetl; x | 7956111 7970450 14339m
Tamgetl;y | 2000000 1977602 22398m

Tamget2;x | 5000000 4993112 68:88m
Tamget2;y 18989 12920 60:69m
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Figure 1. These gures indicatethe importanceof SN R in the simulation. Figure 1(a) indicatesthe probability of detectionwhenthe
noise gure of thereceveris 45dB. Notethatmostof the eld of view (FoV) hasapp < 0:6. Whenthe noise gure is reducedo
30dB, the SN R increasesandthe areaof low pp is con ned to the far upperleft cornerof the FoV. It's effect on the PHD in the

absencef tamgetsis shovn in Fig. 1(b).
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(a) ThePHD particle lter andrangeellipses.Thehexagonrepresentthelocationof the
receving antennaandthetrianglesrepresenthetransmittingantennasTamgetpositions

areindicatedby diamonds Eachparticleof the Iter is pictured.Notethetargetedcluster
placementf birth particles.

(b) Theparticleweightsof thePHD lter . The sumof theweightsis 1:765.

Figure 2. ThePHD patrticle Iter attimek = 11.
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Figure 3. ThePHD patrticle Iter attimek = 158 Notetheuniform placemenbf birth particleswhich appeaasarectanglealongthe
edgeof the FoV, sincenoneof the bistaticrangeellipsesintersecthe FoV boundariesNote alsothatall ghosttargetshave vanished.

Figure4. ThePHD particle Iter attimek = 283, afterthetamets' pathshave crossedThe sumof the particleweightsis 1:940.



