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ABSTRACT

Cluster analysisprovides a tool for mappingout regions
of ambiguousresponsein sparsearraybeamformingprob-
lems.This paperdiscussesclusteringandits applicationto
matched�eld processing(MFP) problemsin oceanacous-
tics. The mapof the ambiguityvolumeprovided by clus-
tering can be usedfor improved interpretationand post-
processing.By peak-pickingin clusterspace,ratherthanin
spatialdimensions,we areableto identify anddiscardspa-
tial peaksthat result from thepresenceof a strongsource.
As shown in a dataexample,clusteringcanhelp collapse
3-D MFP output to bearings-onlywhile preservingsignal
gainsobtainedby accountingfor multipath.Clusteringcan
alsoprovidecomputationalgainsby allowingeliminationof
highly redundantreplicas.

1. OVERVIEW OF MATCHED FIELD

Matched�eld processinghasbeenextensively exploredfor
usein detectingand localizing underwatersources.MFP
usesoceanpropagationmodelstoaccountfor multipathwhen
generatingreplica vectors. If accurateenvironmentalin-
formation is available, sourcescan be localizedin range,
depth,andbearing.Accuratelymodelingmultipathcanalso
yield mismatchreductionanddetectiongainsascompared
to direct-pathbeamformers.A signi�cant problemfor MFP
is that the beamformeroutputoftendisplayshigh ambigu-
ities in rangeand depth, with a single sourceleading to
multiple spatialpeaks. This is particularly true for arrays
withoutsigni�cant verticalaperturebecauseof their limited
ability to resolve multipath. MFP for thesearrayscanbe
thoughtof asa form of sparsearrayprocessingwith resul-
tant high ambiguities.Many of the ambiguouspeaksmay
bewithin afew dB of theoverallpeak,sothey arenoteasily
suppressedwith adaptivebeamforming.
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MFP replicasaregeneratedfor a setof look directions
in range,depth,andazimuth.If we de�ne � = (r; �; z) as
the look direction,theMFP outputfor anN elementarray
at frequency f 0, time t0, anddirection� is givenby

P(f 0; t0; �) =
�
�w H (f 0; t0; �) x(f 0; t0)

�
�2

(1)

wherew(f 0; t0; �) is theN � 1 adaptiveweightvectorand
xH (f 0; t0) is thecurrentdatasnapshot.Applying theadap-
tiveweightsto individualsnapshots,ratherthanto acovari-
ancematrix, helpsreducesmearingdue to target motion.
The adaptive weight is basedon the correspondingreplica
vectorv(f 0; t0; �) andtheN � N samplecovariancema-
trix. Thereplicavectorsarecalculatedusinganappropriate
propagationmodel[5]; anadiabaticnormalmodesapproach
is usedhere.Thesamplecovariancematrix is computedus-
ing a time averageof FFT snapshots.In passive sonarthe
covariancematrix containsdatafrom the target aswell as
interferers,sosignalmismatchandself-nullingcanbesig-
ni�cant problems.

In thispaperwewill applythedominantmoderejection
algorithmwith whitenoisegaincontrol(DMR-WNGC) for
adaptive processing[2]. This algorithmapproximatesthe
samplecovariancematrix asthesumof a dominanteigen-
vectorsubspaceand a noisesubspace.Protectionagainst
mismatchis providedby addinga diagonalloadthatvaries
with look directionto satisfya whitenoisegainconstraint.

2. CLUSTERING CONCEPTSAND APPROACHES

Statisticalclusteringmethods[3] enableidenti�cation of re-
gionsof similar responseontheambiguitysurface.Cluster-
ing algorithmsrequirea distancemeasure to estimatethe
similarity betweentwo given vectors. For our problem,a
naturaldistancemeasureis givenby thecosinebetweentwo
replicas[1]. The distancebetweentwo frequency domain
replicavectorsv i andv j is givenby:

dist(v i ; v j ) , 1 �




 vH

i � v j



 2

kv i k
2 kv j k2 : (2)



Thisdistancemetricis thenusedto determinewhichvectors
shouldbeclusteredtogether. Clusteringhasbeenpreviously
appliedto sparsearraydirection-�nding problems[4] using
thesamedistancemetric.

Algorithms usedto perform clusteringhave two main
outputs.The �rst is a setof clustercenters, eachof which
is a single replica vector that is chosento be representa-
tive of all membersof its cluster. As shown in Figure1,
theclustercentercanbeconsideredto beequivalentto the
axis of main response(MRA) for a standardbeampattern.
The secondoutput is a clustermaplisting all of the repli-
caswhich belongto theclusterrepresentedby eachcenter.
Thesepointscorrespondto main lobe look directions.For
the methodsusedhere,the usermustspecifya clusterra-
dius, or maximumallowablemismatchbetweeneachclus-
tercenterandall clustermembers.This radiusis equivalent
to the“dB down” numbertypically usedto de�ne mainlobe
width. Theutility of clusteringis indicatedby thesparsear-
raybeampatternshown in Figure1. Whengratinglobesare
present,look directionsthat arewithin the speci�ed clus-
ter radiusmay be spatiallydistributedover a wide region.
Clusteringprovidesanautomatedway to identify thesedis-
tributedregionsof similar response.
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Figure 1: Beampatternsfor nominal well-sampled(solid
line) vs. sparsearrays(dashedline).

Commonlyusedclusteringalgorithmssuchask-means
or heirarchicalclusteringareextremelyslow whenapplied
to large-dimensionalproblemssuchasMFP. Wehavefound
thatthefollowing ideashelpsigni�cantly for theMFPclus-
teringproblem:

� the clusteringmethodshouldbe “greedy,” meaning
thatit doesnot seektheoptimalclusteringsolution;

� adivide-and-conquer(denotedDnC)approachshould
beused,in which themethodoperateson sub-setsof
replicavectorsto build up thesolution;

� if thearraygeometryandenvironmentvarysmoothly
with time, techniquesfor quickly updatingprevious
clusterresultscanbeemployed.

In testcases,usinga greedyalgorithmgave a speedupof
roughly1000� . CombiningtheDnC ideawith a greedyal-
gorithmgave another10-20� speedup,while fastupdating
techniquesgaveanadditionalspeedupof 3-5� .

3. CLUSTER ANALYSIS OF MFP REPLICAS

In this sectionwe will useclusteranalysisto gain insight
into the3-D structureof theMFParraymanifold.MFPsim-
ulationswere carriedout using environmentalparameters
from the SantaBarbaraChannel(SBCX) experiment[7].
Simulationsweredonecomparinga notionalsingle-linear-
ray (101phonesat 2 m spacing)to a volumetricarraycon-
sistingof threeverticallystackedarrayswith 30m totalver-
tical aperture.Simulationsweredonefor frequenciesand
sourcelevels usedin the actualSBCX test (12 tonesfrom
64-338Hz at 159 dB re 1 � Pa ) with 80 dB white noise
added.

Figure2 shows how the membersof an exampleclus-
ter at 94 Hz aredistributed in threedimensions.Clusters
weregeneratedwith 1.5 dB clusterradii for thesingle-line
arraydescribedabove.Clustermembersarewell groupedin
bearingbut arewidely distributedin rangeanddepth.While
not shown here,similar patternsareseenwhenplane-wave
replicasareusedasclustercentersfor clusteringthe MFP
replicas.Whenverticalapertureis addedtheclustermem-
bersbecomemoreclumpedin rangeanddepth. This plot
demonstratesseveralimportantfeatures:

� Whenvertical apertureis limited, sourceazimuthis
muchbetterresolved thanrangeor depth. Thusthe
SNRandenvironmentalcalibrationrequirementsfor
correctlylocalizingsourcebearingwill bemuchlower
thanfor range/ depthlocalization.

� While clustermembersfor the single-linearray are
widely scatteredacrossrangeanddepth,severalclus-
terswill berequiredto fully samplethesearchspace
alonga particularbearing.

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



Figure 2: Three-dimensionalview of exampleclusterfor
single-linearray, 94Hz simulation.

We de�ne a coveragemetric for comparingthe useof
direct-pathandclusteredMFPreplicas.Coverageis de�ned
asthe fractionof thesearchvolumev s for which themis-
match,minimizedover thesetof replicavectorsv � , is be-
low somethreshold
 for allowablemismatch:

min
�

dist(vs ; v � ) < 
 : (3)

High coverageat a low 
 indicatesthataggressive adapta-
tion is possiblewithoutsigni�cant targetself-nulling.

To addrealism,environmentalmismatchis introduced
into the MFP replicas; the startingcompressionalsound-
speedin the seabedhasbeenloweredfrom 1628 to 1600
m/s, and soundspeedpro�le points in the water column
have beenperturbedrandomlyby � 1 m/s. This environ-
mentalmismatchgivesroughly1 dB beamformermismatch
acrossmuchof thesearchspace.
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Figure3: Percentcoveragefor end�re searchvolume,al-
lowing for amaximummismatchof 
 = 1.5dB.

Figure3 comparescoveragevaluescalculatedfor plane-

waveandclusteredMFPreplicas,allowing1.5dBmismatch.
The plane-wave replica set coveragedrops from roughly
70% to 20% asfrequency increases.WhenclusteredMFP
replicasare used,better than 90% coverageis achieved.
Figure4 comparesthenumberof replicasusedfor unclus-
teredvs. clusteredMFP. Thenumberof clustersgrowswith
frequency asarrayresolutionimproves,but a reductionof
roughlytwo ordersof magnitudeis seen.Thustheclustered
replicasetachievesincreasedcoverageby includingmulti-
pathbut requiresmany fewer replicasthanstandardMFP.

50 100 150 200 250 300 350
10

2

10
3

10
4

10
5

10
6

Frequency, Hz

N
um

be
r 

of
 r

ep
lic

as

MFP 

1.5 dB clusters 

Figure4: Numberof replicasrequiredfor end�re search.

4. COMPUTATIONAL GAINS

As shown above, a signi�cant reductionin the numberof
steeringvectorscanbeachievedby replacingtheMFPrepli-
caswith the setof clustercenters.Beamformeroutput in
3-D canberecoveredby mappingtheoutputpowerfor each
clustercenterto all cellsbelongingto thecluster. This ap-
proachachievescomputationalsavings proportionalto the
reductionin thenumberof replicas.

Thecostof this computationalgainis a potentialsquint
lossequalto theclusterradius.Thustheacceptablesquint
losscanbea usefulcriterionfor choosingclustersize. For
the three-linearraysimulationsdescribedabove, a cluster
radiusof 1.5dB did not introducesigni�cant squintlossin
reconstructed3-D output.A smallerclusterradius(roughly
0.5 dB) wasrequiredto reconstructsingle-lineresultswith
thesamedegreeof accuracy. Squintlosscanbereducedby
using 'multi-level' clustering. In this concept,a relatively
coarseclusteringcanbeusedfor aninitial griddingof space.
If highoutputSNRisseenfor aparticularcluster(indicating
that the clustercontainsa source),that clustercan be re-
beamformedusingeithertheactualMFPreplicasor asetof
smallerclustersgeneratedwith asmallerradius.

Theactualcomputationalgaindependson theproblem
considered.For the SWellEx dataexampleshown below



(which is a static array geometry)an overall speedupof
roughly17� wasobserved. Whenthearrayshapedeforms
over time it is necessaryto re-generateand re-clusterthe
replicas.In thesecasesclusteringcanoftenreducetheadap-
tiveweightcalculationtimebyanorderof magnitude,though
theoverall speedupmaybelimited to 3-4� dueto theneed
to frequentlyrecalculatethereplicas.

5. BEARINGS-ONLY CLUSTER LOCALIZA TION

Figure2 aboveshowedthathorizontalarraystypically have
poorability to estimaterangeanddepthbut goodability to
estimatebearing.Theresultsalsoshowedthatalongagiven
bearing,a singlereplica(whetherderivedfrom direct-path
or clusteredMFP replicas)did not provide completecov-
erage. Motivatedby theseobservations,we will explore
the useof clustersfor bearings-onlylocalization. The ex-
tra information provided by clusteringcanaid in collaps-
ing three-dimensionalsearchresultsto bearings-only, giv-
ing gainsin trackSNRandde�ection ratio.

In general,multipleclusterswill becenteredoneachaz-
imuth. Themoststraightforwardwayto collapsethemis by
a simple 'max' operationfor all clusterscenteredon each
azimuth. Similarly, standardMFP resultscanbecollapsed
by maximizing along rangeand depth. Thesemaximiza-
tionswill preserveany signalgainachievedfrom accurately
modelingmultipath. They will alsoincreasethedisplayed
noiselevel, aneffectoftenreferredto asORingloss.

Theambiguitysurfacemapprovidedby clusteringgives
informationthatcanbeusedto reduceORingloss.Oneway
to separatesourcesfrom noiseis to searchfor clustersthat
arepeaksin their local neighborhood.Mathematically, we
seekclusterswhoseoutputpowerPi satis�es

Pi > Pj 8j 2 N i (4)

whereN i is thesetof clustercentersj in theneighborhood
of the cluster i. While noisewill occasionallygive local
peaksin output power, the majority of noiseoutputswill
not. Collapsingto bearingby ORingover thepeakclusters
on eachbearingshouldthereforegive an improvementin
displayedsignal-to-noiseratio. Thelocalneighborhoodcan
be de�ned asthesetof all clusterswhosecentersaremis-
matchedfrom the currentclustercenterby lessthansome
threshold:

dist(v i
cen ; v j

cen ) � � (5)

Settingthethreshold� to betwice theradiusof theindivid-
ual clustersis a reasonablechoice.Severalmodi�cationsto
this de�nition werefoundto behelpful. A criterioncanbe
imposedthatthedifferencein bearingbetweenthetestclus-
ter centerand its neighborsshouldnot exceed1-2 beams.
It canalsobehelpful to avoid rejectingnearbyclustersthat
haveoutputpowerverycloseto thatof thelocalpeak.These

modi�cationshelpavoid rejectionof aquietersourceneara
loud source.

Thistypeof peak-pickingoperationclearlydoesnotrep-
resentanoptimalsolutionto theproblemof detectingasig-
nal in clusteroutput.Thegoalof thecurrentwork is simply
to indicatethatclusteroutputscanbereducedto abearings-
only displaywhile retainingmeasurablegainsoveradirect-
pathbeamformer.

Bearings-onlycluster localizationhasbeenappliedto
datacollectedas part of the SWellEx-96 oceanacoustics
experiment(www.mpl.ucsd.edu/swellex96). For dataanal-
ysiswe concentrateon eventS5, in which thetowshipR/V
Sproul towedapairof sourceswhicheachprojectedacomb
sequenceof tones.Resultsareshownfor thebottom-mounted
HLA North array, an irregularly-spacedarray of roughly
240m overall length.During thetime periodanalyzed,the
towed sourcewasin the aft end�re (south)directionfrom
thearrayandwasmoving from roughly2 to 4.5km in range.

Figure5 shows a bearing-timerecord(BTR) for adap-
tive processingof a projected235 Hz tone using range-
focusedreplicas.The resultwasconstructedby using� ve
range-focusedreplicavectorswith focusrangesuniformly
spacedbetween2-10km. This representsanoversampling
in rangeandwasdoneto minimize thepotentialmismatch
(thoughtherange-focusinghadlittle effect nearend�re, as
expected).TheDMR beamformerused15 snapshotsto es-
timate5 degreesof freedom,with a 6 dB white noisegain
constraintapplied. While the high SNR towed sourceis
clearly visible, sometime periodsof high adaptive self-
nulling areseenalongthe track. At thesetime periodsthe
signalmodelmismatchis highenoughthattheadaptivepro-
cessorpartiallycancelsthesignalof interest.

Figure 6 shows clusterbeamformeroutput where the
two-stage(peak-pick,thenOR) methodoutlinedabove has
beenapplied. In this casepeak-pickingwasonly allowed
within � 2 azimuthalbeamsof eachcluster center. The
sameadaptivebeamformingparameterswereusedasin the
range-focusedcase.Theclusterresultshowsadditionalpower
on sourcetracks,due to mismatchreduction,anda noise
�oor similar to that seenin the range-focusedresult. The
resultis adisplaywhichhasincreasedSNRontheprojected
toneandprovidesclearertracksfor severalothertraces.

The track detectabilitycanbe measuredusing the de-
�ection ratio, de�ned as the differencein expectedvalues
of signalandnoise,normalizedby thestandarddeviationof
thenoise:

p
d =

Ef P j H1g � E f P j H0g
� f P j H0g

: (6)

This quantitywascalculatedalongthe track of the towed
sourcefor the casesabove. The expectationwas calcu-
latedover 5 snapshotscenteredon the currenttime with a
split window in bearing. The track beamandthreeguard
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Figure5: SWellEx-96 bearing-timerecord(BTR), 235 Hz
projectedtone,for time periodwith R/V Sproul in aft end-
�re. Azimuthalbeamsarecosine-spacedfrom � 60o to 60o.
Resultsareshown for range-focusedreplicas. The towed
sourceis nearend�re, in beams22-25.
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Figure6: Cluster-basedbearing-timerecord(BTR) for the
event S5 exampleabove. Note the increasedSNR on the
towed sourceas well as the improved de�nition of the
weaker tracknearbeam16.

beamson eithersidewereexcludedfrom the noisecalcu-
lation, with noiseestimatedfrom a � ve-beamwindow on
eitherside.To allow for trackjitter, thede�ection ratio was
maximizedoverthetrackbeamandonebeamoneitherside.

Figure7 shows the distributionsof along-trackde�ec-
tion ratios for the BTR displaysabove. De�ection is also
shown for aBTR of MFPresultscollapsedalongrangeand
depth(not shown here). Becausethe MFP and clustered
resultsavoid signi�cant self-nulling,theprobabilityof low
de�ection is reducedfor thesebeamformers.Thecollapsed
MFP resultshows an increasein overall de�ection of only
1 dB becausethe increasein signal level is offset by an
increasein displayednoisedue to ORing loss. The clus-
teredresult, which preservesthe signalgainsof MFP but
avoidslargeincreasesin displayednoise,showsanincrease
of roughly4 dB in mediande�ection ratio.
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Figure7: Estimatedprobabilitydistributionsfor de�ection
ratioalongsourcetrack,235Hz toneexampleabove.

6. USE OF CLUSTERS IN POST-PROCESSINGFOR
3-D LOCALIZA TION

A �nal applicationof clustersis in identifyingandrejecting
ambiguouspeaksin 3-D beamformeroutput. Ideally these
ambiguitieswould be suppressedby adaptive processing.
However, the needto scalebackadaptivity to reducesen-
sitivity to mismatch,combinedwith theinherenthigh side-
lobesassociatedwith MFP, meansthatsigni�cant ambigui-
tiesgenerallyremainin beamformeroutput.

Theclustermapderivedfrom MFPreplicavectorsgives
awayof representingthecorrelationsbetweendifferentbeam-
formersteeringvectors.By knowinghow theclustercenters
arerelated,wecanpredictthatasourcein clusterA will also
excitenearbyclustersB andC atsomelowerlevel. If in the
dataweobservethatclusterA is morestronglyexcitedthan
B or C, we canconcludethat the secondtwo clustersare
measuringsidelobeenergy that shouldbe discarded.The



maskgeneratedby the peak-pickingoperationcanthenbe
usedto zerooutbeamformeroutputfor non-peaklocations.
Thismaskis appliedto theSNRestimategeneratedusinga
spatialnormalizationalgorithm.

A similarapproachhasbeentakenin applyingtheCLEAN
algorithmto adaptivematched�eld results[6]. Oneadvan-
tageof the clusterpeak-pickingis that it doesnot assume
thehighestpeakto be the truesourcelocation,which may
behelpful in low SNRsituationswhennoisemayelevatea
sidelobeto betheglobalmaximum.

Figure8showssimulatedadaptiveMFPoutputfor a166
Hz toneprojectedfromthesourcedescribedabove,received
on thesingle-lineHLA array. Beamformeroutputis shown
at thesourcebearing(end�re) anddepth(50m), andis nor-
malizedby a noise�oor estimatedfrom the25thpercentile
of all beams.With no peak-picking,signi�cant rangeam-
biguitiesareseenparallelto thesourcetrack. Theseambi-
guitiesare reducedusingcluster-basedpeak-picking. If a
smallclusterradiusis used,asin Figure9, the rejectionof
ambiguitiesis excellent.However, SNRandenvironmental
mismatchmay requirethat a larger clustersizebe chosen.
Simulationexampleshaveshown thatnoticeablecleanupis
alsoobtainedfor aclusterradiusof 1.5dB.
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Figure8: SimulatednormalizedAMFP results,single-line
HLA, 166Hz tone.

7. SUMMARY

Applying matched�eld processingconceptsto sonararrays
with limited apertureoften resultsin a setof highly over-
lappedreplicavectors.Clusteringmethodscanbe usedto
identify andmapout the resultingambiguitiesin thearray
manifold. Ways of exploiting the clustermap have been
describedabove. As demonstratedusingSWellEx-96HLA
data,bearings-onlyclusteringcanshow mismatchreduction
bene�ts in comparisonto direct-pathbeamforming.
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Figure 9: Simulatedresultsfor clusterpeak-pickingwith
0.3dB radius,single-lineHLA, 166Hz tone.
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