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ABSTRACT

Cluster analysisprovides a tool for mappingout regions
of ambiguougesponsen sparsearray beamformingprob-
lems. This paperdiscusseslusteringandits applicationto

matchedeld processindMFP) problemsin oceanacous-
tics. The map of the ambiguity volume provided by clus-
tering can be usedfor improved interpretationand post-
processingBy peak-pickingn clusterspaceratherthanin

spatialdimensionsyve areableto identify anddiscardspa-
tial peaksthat resultfrom the presencef a strongsource.
As shavn in a dataexample, clusteringcan help collapse
3-D MFP outputto bearings-onlywhile preservingsignal
gainsobtainedby accountingor multipath. Clusteringcan
alsoprovide computationatjainsby allowing eliminationof

highly redundanteplicas.

1. OVERVIEW OF MATCHED FIELD

Matched eld processindiasbeenextensiely exploredfor
usein detectingand localizing undervater sources. MFP
usesocearpropagationrmodelsto accounfor multipathwhen
generatingreplica vectors. If accurateervironmentalin-
formationis available, sourcescan be localizedin range,
depth,andbearing.Accuratelymodelingmultipathcanalso
yield mismatchreductionanddetectiongainsascompared
to direct-pathbeamformersA signi cant problemfor MFP
is thatthe beamformeioutputoften displayshigh ambigu-
ities in rangeand depth, with a single sourceleadingto
multiple spatialpeaks. This is particularlytrue for arrays
withoutsigni cant verticalaperturebecausef their limited
ability to resole multipath. MFP for thesearrayscan be
thoughtof asa form of sparsearrayprocessingvith resul-
tant high ambiguities. Many of the ambiguousgpeaksmay
bewithin afew dB of theoverallpeak,sothey arenoteasily
suppressewith adaptve beamforming.
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MFP replicasaregeneratedor a setof look directions
in range,depth,andazimuth.If wedene = (r;; z) as
thelook direction,the MFP outputfor anN elementarray
atfrequeng f o, timetg, anddirection is givenby

P(foito;) = wH (foito; ) x(fo;to) ? 1)

wherew (fo;tp; ) istheN 1 adaptveweightvectorand

xH (fo; to) is the currentdatasnapshotApplying theadap-
tive weightsto individual snapshots;atherthanto a covari-

ancematrix, helpsreducesmearingdue to target motion.

The adaptve weightis basedon the correspondingeplica
vectorv(fo;to; ) andtheN N samplecovariancema-

trix. Thereplicavectorsarecalculatedusinganappropriate
propagatioomodel[5]; anadiabaticmormalmodesapproach
is usedhere.The samplecovariancematrix is computedis-

ing atime averageof FFT snapshotsin passve sonarthe

covariancematrix containsdatafrom the targetaswell as
interferers so signalmismatchandself-nulling canbe sig-

ni cant problems.

In this papemwe will applythedominantmoderejection
algorithmwith white noisegaincontrol(DMR-WNGC) for
adaptve processing2]. This algorithm approximateshe
samplecovariancematrix asthe sumof a dominanteigen-
vector subspacend a noise subspace.Protectionagainst
mismatchis providedby addinga diagonalloadthatvaries
with look directionto satisfya white noisegainconstraint.

2. CLUSTERING CONCEPTSAND APPROACHES

Statisticalclusteringmethodg3] enablddenti cation of re-
gionsof similarrespons@ntheambiguitysurface.Cluster
ing algorithmsrequirea distancemeasue to estimatethe
similarity betweentwo given vectors. For our problem,a
naturaldistanceneasurés givenby thecosinebetweertwo
replicas[1]. The distancebetweentwo frequeny domain
replicavectorsv; andv; is givenby:
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distvi;vi), 1 —s—:
Wivi) kvi k2 kv; K?

)



Thisdistancemetricis thenusedo determinevhichvectors
shouldbeclusteredogether Clusteringhasbeenpreviously
appliedto sparserraydirection- nding problemg4] using
the samedistancemetric.

Algorithms usedto perform clusteringhave two main
outputs.The rst is a setof clustercentes, eachof which
is a single replicavector that is chosento be representa-
tive of all membersof its cluster As shavn in Figure 1,
the clustercentercanbe consideredo be equivalentto the
axis of mainrespons€MRA) for a standardbeampattern.
The secondoutputis a clustermaplisting all of the repli-
caswhich belongto the clusterrepresentetdy eachcenter
Thesepointscorrespondo mainlobe look directions. For
the methodsusedhere,the usermustspecifya clusterra-
dius or maximumallowable mismatchbetweereachclus-
ter centerandall clustermembersThis radiusis equivalent
tothe“dB down” numbertypically usedto de ne mainlobe
width. Theutility of clusteringis indicatedby thesparser
ray beampattershown in Figurel. Whengratinglobesare
presentlook directionsthat are within the speci ed clus-
ter radiusmay be spatially distributed over a wide region.
Clusteringprovidesanautomatedvay to identify thesedis-
tributedregionsof similarresponse.
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Figure 1. Beampatterngor nominal well-sampled(solid
line) vs. sparsarrays(dashedine).

Commonlyusedclusteringalgorithmssuchask-means
or heirarchicalclusteringare extremelyslow whenapplied
to large-dimensiongbroblemssuchasMFP. We have found
thatthefollowing ideashelpsigni cantly for the MFP clus-
teringproblem:

the clusteringmethodshouldbe “greedy’ meaning
thatit doesnot seekthe optimal clusteringsolution;

adivide-and-conqugidenoteddnC)approactshould
be used,n which the methodoperateon sub-setof
replicavectorsto build up the solution;

if thearraygeometryandervironmentvary smoothly
with time, techniquedor quickly updatingprevious
clusterresultscanbe employed.

In testcasesusing a greedyalgorithm gave a speeduof
roughly1000 . Combiningthe DnC ideawith a greedyal-
gorithmgave anotherl0-20 speedupywhile fastupdating
techniquegave anadditionalspeedumf 3-5 .

3. CLUSTER ANALYSIS OF MFP REPLICAS

In this sectionwe will useclusteranalysisto gaininsight
into the 3-D structureof the MFP arraymanifold. MFP sim-
ulationswere carried out using ervironmentalparameters
from the SantaBarbaraChannel(SBCX) experiment[7].
Simulationsweredonecomparinga notionalsingle-linear-
ray (101 phonesat 2 m spacing)to a volumetricarraycon-
sistingof threevertically stacledarrayswith 30 m total ver-
tical aperture. Simulationswere donefor frequenciesand
sourcelevels usedin the actualSBCX test (12 tonesfrom
64-338Hz at 159dB re 1 Pa) with 80 dB white noise
added.

Figure 2 shovs how the membersof an exampleclus-
ter at 94 Hz are distributedin threedimensions. Clusters
weregeneratedvith 1.5 dB clusterradii for the single-line
arraydescribedibore. Clustermembersarewell groupedn
bearingout arewidely distributedin rangeanddepth.While
not showvn here,similar patternsareseenwhenplane-vave
replicasare usedasclustercentersfor clusteringthe MFP
replicas.Whenvertical apertureis addecdthe clustermem-
bersbecomemore clumpedin rangeanddepth. This plot
demonstrateseveralimportantfeatures:

Whenvertical apertureis limited, sourceazimuthis
muchbetterresolhed thanrangeor depth. Thusthe
SNR andervironmentalcalibrationrequirementgor
correctlylocalizingsourcebearingwill bemuchlower
thanfor range/ depthlocalization.

While clustermembersfor the single-linearray are
widely scatteredicrossangeanddepth,severalclus-
terswill berequiredto fully samplethe searctspace
alonga particularbearing.

To further explore the propertiesof MFP clusterswe
consideranend re searclproblemfor thesingle-linearray
The array's sensitvity to multipathis highestat end re, so
the potentialbene t of accountingfor multipath propaga-
tion is greatestin this region. As a proposedsearch,we
considera volumeextendingfrom -30 to +30 aroundfor-
wardend re, overthefull waterdepthof 0-210m, andfrom
1-10km in range. The spaceis griddedwith 15 azimuthal
beamsandis sampledevery 10 m in depthandevery 50 m
in range.



Figure 2: Three-dimensionaview of example clusterfor
single-linearray 94 Hz simulation.

We de ne a coveragemetric for comparingthe useof
direct-pathandclusteredViFP replicas.Coveragds de ned
asthe fraction of the searchvolumevs for which the mis-
match,minimizedover the setof replicavectorsv , is be-
low somethreshold for allowablemismatch:

min distivs;v ) < : 3)

High coverageatalow indicatesthataggressie adapta-
tion is possiblewithout signi cant targetself-nulling.

To addrealism,ervironmentalmismatchis introduced
into the MFP replicas; the starting compressionasound-
speedin the seabechasbeenloweredfrom 1628to 1600
m/s, and soundspeedpro le pointsin the water column
have beenperturbedrandomlyby 1 m/s. This erviron-
mentalmismatchgivesroughly1 dB beamformemismatch
acrosgnuchof thesearctspace.
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Figure 3: Percentcoveragefor end re searchvolume, al-
lowing for amaximummismatchof = 1.5dB.

Figure3 comparesoveragevaluescalculatedor plane-

wave andclusteredMFPreplicasallowing 1.5dB mismatch.
The plane-vave replica set coveragedrops from roughly
70%to 20% asfrequeny increases WhenclusteredVIFP
replicasare used, better than 90% coverageis achieved.
Figure4 compareghe numberof replicasusedfor unclus-
teredvs. clusteredMFP. The numberof clustersgrows with
frequeng asarrayresolutionimproves,but a reductionof
roughlytwo ordersof magnitudés seen.Thustheclustered
replicasetachievesincreasedoverageby including multi-
pathbut requiresmary fewer replicasthanstandardVFP.
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Figure4: Numberof replicasrequiredfor end re search.

4. COMPUTATIONAL GAINS

As shavn above, a signi cant reductionin the numberof
steeringvectorscanbeachievedby replacinghe MFPrepli-
caswith the setof clustercenters. Beamformeroutputin
3-D canberecoreredby mappingtheoutputpower for each
clustercenterto all cells belongingto the cluster This ap-
proachachiezes computationakavings proportionalto the
reductionin thenumberof replicas.

The costof this computationabainis a potentialsquint
lossequalto the clusterradius. Thusthe acceptablesquint
losscanbe a usefulcriterionfor choosingclustersize. For
the three-linearray simulationsdescribedabove, a cluster
radiusof 1.5dB did notintroducesigni cant squintlossin
reconstructe@-D output.A smallerclusterradius(roughly
0.5 dB) wasrequiredto reconstrucsingle-lineresultswith
thesamedegreeof accurag. Squintlosscanbereducedyy
using'multi-level' clustering. In this concept,a relatively
coarseclusteringcanbeusedfor aninitial griddingof space.
If highoutputSNRIis seerfor aparticularcluster(indicating
that the clustercontainsa source),that clustercan be re-
beamformedisingeithertheactualMFP replicasor a setof
smallerclustersgeneratedavith a smallerradius.

The actualcomputationabain dependson the problem
considered. For the SWellEx dataexample shovn below



(which is a static array geometry)an overall speedupof
roughlyl7 wasobsened. Whenthearrayshapedeforms
over time it is necessaryo re-generatend re-clusterthe
replicas.In thesecase<lusteringcanoftenreduceheadap-
tiveweightcalculatiortime by anorderof magnitudethough
theovenall speedupnaybelimitedto 3-4 dueto theneed
to frequentlyrecalculatehereplicas.

5. BEARINGS-ONLY CLUSTER LOCALIZA TION

Figure2 above shavedthathorizontalarraystypically have
poor ability to estimaterangeanddepthbut goodability to

estimatebearing.Theresultsalsoshavedthatalongagiven
bearing,a singlereplica(whetherderived from direct-path
or clusteredMFP replicas)did not provide completecov-

erage. Motivated by theseobsenations, we will explore
the useof clustersfor bearings-onlylocalization. The ex-

tra information provided by clusteringcanaid in collaps-
ing three-dimensionasearchresultsto bearings-onlygiv-

ing gainsin track SNRandde ection ratio.

In generalmultiple clusterswill becenteredneachaz-
imuth. Themoststraightforvardway to collapsethemis by
a simple'max’ operationfor all clusterscenteredon each
azimuth. Similarly, standardVIFP resultscanbe collapsed
by maximizing along rangeand depth. Thesemaximiza-
tionswill presereary signalgainachievedfrom accurately
modelingmultipath. They will alsoincreasethe displayed
noiselevel, aneffect oftenreferredto asORingloss.

Theambiguitysurfacemapprovidedby clusteringgives
informationthatcanbeusedo reduceORingloss.Oneway
to separatesourcesrom noiseis to searchfor clustersthat
arepeaksin their local neighborhood Mathematically we
seekclustersvhoseoutputpower P; satis es

P; > Pj 8] 2 N;j (4)
whereN; is the setof clustercenterg in the neighborhood
of the clusteri. While noisewill occasionallygive local
peaksin output power, the majority of noise outputswill
not. Collapsingto bearingby ORing over the peakclusters
on eachbearingshouldthereforegive an improvementin
displayedsignal-to-noiseatio. Thelocal neighborhoodan
be de ned asthe setof all clusterswhosecentersare mis-
matchedfrom the currentclustercenterby lessthansome
threshold:

dist(Vcen ' Veen) ®)

Settingthethreshold to betwice theradiusof theindivid-
ual clusterds areasonablehoice.Severalmodi cationsto
this de nition werefoundto be helpful. A criterioncanbe
imposedhatthedifferencan bearingbetweerthetestclus-
ter centerandits neighborsshouldnot exceed1-2 beams.
It canalsobe helpfulto avoid rejectingnearbyclustersthat
have outputpowervery closeto thatof thelocalpeak.These

modi cations helpavoid rejectionof aquietersourceneara
loud source.

Thistypeof peak-pickingoperatiorclearlydoesnotrep-
resentanoptimalsolutionto the problemof detectinga sig-
nalin clusteroutput. Thegoalof the currentwork is simply
to indicatethatclusteroutputscanbereducedo abearings-
only displaywhile retainingmeasurablgainsoveradirect-
pathbeamformer

Bearings-onlyclusterlocalizationhasbeenappliedto
datacollectedas part of the SWellEx-96 oceanacoustics
experiment(www.mpl.ucsd.edu/swell®6). For dataanal-
ysiswe concentraten event S5,in which the towship R/V
Spioul toweda pair of sourceshich eachprojectedacomb
sequencef tones.Resultsareshavn for thebottom-mounted
HLA North array an irregularly-spacedarray of roughly
240m overalllength. During the time periodanalyzedthe
towed sourcewasin the aft end re (south)directionfrom
thearrayandwasmoving fromroughly2to 4.5kmin range.

Figure5 shows a bearing-timerecord(BTR) for adap-
tive processingof a projected235 Hz tone using range-
focusedreplicas. The resultwas constructedy using ve
range-focusedeplicavectorswith focusrangesuniformly
spacedetweer2-10km. This representan oversampling
in rangeandwasdoneto minimize the potentialmismatch
(thoughthe range-focusindnadlittle effect nearend re, as
expected).The DMR beamformeusedl5 snapshotso es-
timate5 degreesof freedom,with a 6 dB white noisegain
constraintapplied. While the high SNR towed sourceis
clearly visible, sometime periodsof high adaptve self-
nulling areseenalongthetrack. At thesetime periodsthe
signalmodelmismatchis high enoughthattheadaptve pro-
cessolpartially cancelghesignalof interest.

Figure 6 shows cluster beamformeroutput where the
two-staggpeak-pick,thenOR) methodoutlinedabove has
beenapplied. In this casepeak-pickingwas only allowed
within 2 azimuthalbeamsof eachclustercenter The
sameadaptie beamformingparametersvereusedasin the
range-focusedase.Theclusterresultshovs additionalpower
on sourcetracks, due to mismatchreduction,and a noise

oor similar to that seenin the range-focusedesult. The
resultis adisplaywhichhasincrease@NRonthe projected
toneandprovidesclearertracksfor severalothertraces.

The track detectabilitycan be measuredising the de-

ection ratio, de ned asthe differencein expectedvalues
of signalandnoise,normalizedby the standardieviation of
thenoise:

p EfPjHig EfPjHog.

d= TP ] Hog

(6)

This quantity was calculatedalongthe track of the towed
sourcefor the casesabove. The expectationwas calcu-
lated over 5 snapshotgenteredon the currenttime with a
split window in bearing. The track beamandthreeguard
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Figure5: SWelIEx-96 bearing-timerecord(BTR), 235 Hz
projectedtone,for time periodwith R/V Spioul in aft end-
re. Azimuthalbeamsarecosine-spacefiom 60° to 60°.
Resultsare shovn for range-focusedeplicas. The towed
sourceis nearend re, in beams22-25.

30 T T T T 80
32r 7 75
34 b 70
g 36 - 65
2 sf 1 <
qES ok | 60 %
'E 4l | 55
44 4 50
46 8 45
48 ‘ ‘ ‘ ‘ 40

20 40
Azimuth, beam

Figure6: Clusterbasedbearing-timerecord(BTR) for the
event S5 exampleabove. Note the increasedSNR on the
towed sourceas well as the improved de nition of the
wealertracknearbeaml6.

beamson either side were excludedfrom the noisecalcu-
lation, with noiseestimatedirom a ve-beamwindow on
eitherside. To allow for trackjitter, thede ection ratiowas
maximizedoverthetrackbeamandonebeamoneitherside.

Figure 7 shaws the distributions of along-trackde ec-
tion ratios for the BTR displaysabove. De ection is also
shavn for aBTR of MFP resultscollapsedalongrangeand
depth (not shavn here). Becausehe MFP and clustered
resultsavoid signi cant self-nulling, the probability of low
de ection is reducedor thesebeamformersThecollapsed
MFP resultshavs anincreasen overall de ection of only
1 dB becausehe increasein signal level is offset by an
increasein displayednoisedueto ORingloss. The clus-
teredresult, which preseresthe signal gainsof MFP but
avoidslargeincreasen displayedhoise,shovsanincrease
of roughly4 dB in mediande ectionratio.
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Figure 7: Estimatedoprobability distributionsfor de ection
ratio alongsourcetrack,235Hz toneexampleabove.

6. USEOF CLUSTERS IN POST-PROCESSING FOR
3-D LOCALIZA TION

A nal applicationof clusterds in identifying andrejecting
ambiguougeaksin 3-D beamformemoutput. Ideally these
ambiguitieswould be suppressedby adaptve processing.
However, the needto scalebackadaptvity to reducesen-
sitivity to mismatchcombinedwith theinherenthigh side-
lobesassociateavith MFP, meanghatsigni cant ambigui-
tiesgenerallyremainin beamformeputput.
Theclustermapderivedfrom MFP replicavectorsgives
away of representinghecorrelationdetweerdifferentbeam-
formersteeringvectors.By knowing how theclustercenters
arerelatedwe canpredictthatasourcen clusterA will also
excite nearbyclustersB andC atsomelowerlevel. If in the
datawe obsenethatclusterA is morestronglyexcitedthan
B or C, we canconcludethat the secondtwo clustersare
measuringsidelobeenegy that shouldbe discarded. The



maskgeneratedy the peak-pickingoperationcanthenbe
usedto zerooutbeamformeoutputfor non-peakocations.
This maskis appliedto the SNR estimategeneratedisinga
spatialnormalizatioralgorithm.

A similarapproachhasbeerntakenin applyingthe CLEAN
algorithmto adaptve matchedeld results[6]. Oneadvan-
tageof the clusterpeak-pickingis thatit doesnot assume
the highestpeakto be the true sourcelocation,which may
be helpfulin low SNR situationswhennoisemay elevatea
sidelobeto bethe globalmaximum.

Figure8 shovs simulatecadaptve MFP outputfor a166
Hz toneprojectedrom thesourcedescribedbove,receved
onthesingle-lineHLA array Beamformeioutputis shavn
atthesourcebearing(end re) anddepth(50 m), andis nor-
malizedby a noise oor estimatedrom the 25thpercentile
of all beams.With no peak-picking,signi cant rangeam-
biguitiesareseenparallelto the sourcetrack. Theseambi-
guities are reducedusing clusterbasedpeak-picking. If a
small clusterradiusis used,asin Figure9, the rejectionof
ambiguitiess excellent. However, SNRandervironmental
mismatchmay requirethata larger clustersize be chosen.
Simulationexampleshave shavn thatnoticeablecleanups
alsoobtainedor a clusterradiusof 1.5dB.
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Figure8: SimulatednormalizedAMFP results,single-line
HLA, 166Hz tone.

7. SUMMARY

Applying matchedeld processingonceptso sonararrays
with limited apertureoften resultsin a setof highly over

lappedreplicavectors. Clusteringmethodscanbe usedto

identify andmap out the resultingambiguitiesin the array
manifold. Ways of exploiting the clustermap have been
describedabore. As demonstratedsing SWellEx-96 HLA

data,bearings-onlclusteringcanshov mismatchreduction
bene tsin comparisorto direct-pathbeamforming.
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Figure 9: Simulatedresultsfor cluster peak-pickingwith
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