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Abstract

In practicalapplicationswith bathymetricsidescansonars,the multipath reflectionsand

otherdirectional interferencesare the key limiting factorsfor a betterperformance.This

thesis proposesa new schemeto dealwith the interferencesusing a multiple-row bathy

metric sidescansonar.Insteadof smoothingthe measurementsover some time or angle

intervals, which was previously widely investigated,we resolvethe multipath interfer

encesfrom the direct signal. Two approacheson signal direction-of-arrivalDOA and

amplitudeestimationare developed,the correlatedsignal directionestimateCSDE for

three-rowsystemsand theESPRIT-basedmethod.Theseapproachesare comparedusing

different sonardatamodels, including a stochasticmodel from the statisticalanalysison

bottomscatteringanda coherentmodelfrom the analysison interferencefield; thesimula

tions showtheESPRIT-basedapproachis quite robustat theangularseparationof 100

betweentwo sourcesandat the signal-to-noiseratio above 10dB exceptfor highly coher

entor temporallycorrelatedsignals,for which CSDEworks very well. Thecomputersim

ulation resultsand the discussionson practical algorithm implementationindicate the

proposedschemecanbe appliedto a real multiple-rowbathymetricsidescansonar.With

the capability to simultaneouslyresolve two or more directional signals, the new sonar

model shouldwork betterfor a wider varietyof practicalsituationsin shallowwaterwith

outsignificantincreaseof thesystemcost.

ThesisSupervisor:W. KennethStewart
Title: AssociateScientist,WoodsHole OceanographicInstitution
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Chapter 1

Introduction

1.1 Bathymetric SidescanSonar

Bathymetric sidescansonaris developedbasedon the conventionalsidescansonartech

niqueandthephaseinterferometrytechnique.Dueto its capabilityto integrateboth seaf

loor bathymetryand imagery and its portability and lower cost comparedwith the

multibeam system,bathymetricsidescansonarhasbeenusedin many different applica

tions, including seafloormapping, marine geophysicalresearch,harbor and navigation

channelsurveysfor locating and charting underwaterhazards,ROY surveys,and some

otherscientific,commercialandmilitary applicationsunderwater.

The first commercialsidescansonarappearedin late 1950’s. The typical geometryof

useassociatedwith sidescansonaris shownin Fig. 1.1. Generally,the sonarsystemhas

two transducers,eachper side, andthus two-channelimaging capability. The transducer

emits CW or FM pulsesin a fan-shapebeam,which hasa narrowhorizontalbeampattem

O 1-2° and wide vertical beampatternq5o7o0. A scan line of the seafloor is

Figure 1.1: Geometryof usefor conventionalsidescansonar
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obtainedby displayingthemagnitudesof thebottomechoesas a functionof across-track

distancefor a givenping. With the moving of the vehicle Towfish, ROV or AUV, the

scanlines are accumulatedping by ping to form theimage.The along-trackresolutionis

determinedby thehorizontalbeamangle,0, andrange,R, and theacross-trackresolution

is determinedby thetransmittedpulse length, t, cf. Fig. 1.1, c is the soundspeedand

sea bottom geometry.For high frequency,tens or hundredskHz, the narrow horizontal

beamangleand shortpulse length canbe easilyobtained;therefore,suchkind of system

canbeusedasa high-resolutionimagingtool.

Oneof the majordisadvantagesfor sidescansonaris that only the rangeinformation

and no direction informationcanbe given. For a non-flatbottom,it is impossibleto relate

sidescanto adepthsurvey,thusmaking the geometricallycorrectedinterpretationof side-

scanimagesdifficult.

Thebathymetricsidescansonarsystemwasproposedin 1970’s [1]. Two parallelrows

of transducersare usedinsteadof one Fig. 1.2. Here, eaohrow is long in the fore-aft

Figure1.2: Geometryfor bathymetricsidescansonar:Sideview

dimensionandshort athwartships.Om is the mountingangleof the transducer.By measur

ing the phasedifference, betweentwo rows, the signal directioti-of-arrival DOA,

00 = + 0, canbeobtainedby therelation 2irdsin0 whered is thephasecenter

separationbetweenthe two rows and ? is the wavelength.In a practical system,gener

ally, a look up table is usedinsteadof abovetheoreticequationrelating 0 and zp. In a

d
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homogeneousmedium,knowing the signal angle,0, andthe slantrange,R, one cansim

ply calculatethebottomdepthby h = RsinOt Fig. 1.1.

To improve resolution, widely spacedrows are preferred.However, the maximum

unambiguousphasedifferencemeasurementis obtainedfor half-wavelengthrow spacing,

i.e., d = . For d> , Denbigh[1] suggestedtwo main techniquesto resolvethe ambigu

ities. The first onerequiresan additionalpair of rows havinga differentspacingandthere

fore a differentambiguousrelationshipbetweenphaseandangle.Hence,thecombination

of two phasedifferencemeasurementscorrespondsuniquely with only onesignal arriving

angle,which is thebasisof the"Vernier" technique.A practicalexampleusesseveralrows

with different spacing.Thepair with small spacingless thanhalf wavelengthis usedto

resolvetheambiguity,while the pair with largespacingis usedto obtainhigh resolution.

The secondtechniqueof removingambiguity is tracking the varying phaseif the phase

canbeexpectedto vary slowly andmonotonicallyalongtheswath.

In Denbigh’ssystemandsomeotherlater developedsystems,including SeaMARCII

[2] ownedby Hawaii Institute of Geophysics,the phasedifferenceis computedfrom the

individual phasemeasurementsat two rows.However,a commonproblemwith all these

bathymetric sidescansonarsystemsis that their phasemeasurementsare dispersedby

noiseandinterferences.

The main sourcesof interferenceand noise include: 1 multipath reflectingbetween

theoceansurfaceandbottom, aswell asthosedueto multiple targetswithin the watercol

umn at thesamerange,2 volume scatteringin thewater column,3 surfacescattering,4

multiple scatterson thebottomwithin the acousticfootprint, 5 ambientnoise. 1, 2, 3

and 5 are discussedin [1], [2] and [3]. 4 is analyzedin [4].

A few signalprocessingschemeshavebeenproposedto reducetheeffectsofnoiseand

interference,suchas themeantime, meananglemethod,andhistogramapproaches.Their

underlyingideais smoothingdataover a fixed time intervalor angleintervalor both. One

significant improvementwas proposedin [3]. In this method, the completecomplex

receivedsignalis usedinsteadof only the phaseterm. Thephasedifferenceis computed

by estimatingthe spatial correlationbetweenthe receivedsignalsat two rows for some

time interval cf. section3.1 for detaildiscussions.Thebasicideais to identify andreject
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measurementsat instantscorrespondingto a poor signal spatial correlation.Under the

conditions assumedin [3], this kind of estimateis also a maximumlikelihood estimate.

Furthermore,Zhu, et al. [5], incorporatedtheeffectsof noisecorrelationandanalytically

analyzedtheperformanceof suchkind of estimator,which is consistentwith thephysical

intuition.

Woods Hole OceanographicInstitution developeda seriesof high frequencybathy

metric sidescansonarsusing a similar methodandapplied themto obtainthequantitative

seafloorcharacterization.The analysis[6] on thebathymetrypowerspectraldensityfunc

tion andbackscatteringstrengthprobabilitydensityfunctionshowedgood agreementwith

previousempiricalstudies,thusvalidatingthe approachto wide areaseafloorcharacteriza

tion using calibratedbathymetricsidescansonar.

It shouldbepointedout that all above-mentionedmethodssuffer from anotherkind of

ambiguity resultingfrom some simultaneouslyarriving echoesfrom different directions.

This ambiguity is inherentto thesidescangeometryof use,which limits theapplications,

particularlyin shallowwater areaswith significantmultipathpropagations.

To solve this ambiguityproblem,at leastpartly, a new systemdesignconsideration

andits correspondingsignalprocessingschemeusinga multiple-rowbathymetricsidescan

sonaris proposedin this thesis.Theechoesfrom different directions,including the inter

ferences,are to be resolved.Thenew systemshould workbetterfor manypracticalsitua

tions in shallow water.

1.2 Signal Direction-of-Arrival and Amplitude Estimation

In astrict sense,signaldirection-of-arrivalDOA andamplitudeestimationis a parameter

estimationproblem.It is tightly relatedto beamformingin that, traditionally, signalDOA

and amplitude estimatesare obtainedon the basis of beamforming,or spatial filtering.

Theyboth constitutethe very importantaspectsin array signal processing.Severaltext

books [7, 8, 9], tutorial papers[10, 11] havebeendevotedto theseareas.Among them,

Van Veen and Buckley [10] usedthe spatial filtering approach,while Krim and Viberg

[11] usedthe parameterapproach.Discussionsin this sectionalso refer to [12]. For each

method,an applicabledatamodel is assumedunlessotherwiseindicated.
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A beamformeris a processorusedin conjunctionwith an arrayof sensorstransduc

ersto receivea signalradiatingfrom a specificlocation and attenuatesignalsfrom other

locations.The sensorssamplethereceivedsignal in space,and thebeamformeroutputis

theweightedsumof thesensoroutputs.Therefore,thespatialresponseof a beamformeris

determinedby theweightsusedto combinethe individual sensoroutputs.

In a primitive beamformer,theweight-delay-sumbeamformer,thevarioussensorout

puts areweightedanddelayedby appropriateamountsrelative to thereferencesensorto

align signal componentscoming from some target direction and then summed.The

weights usedare fixed for different steeringdirections.For a single source,the average

powerat the beamformeroutputis maximized whenit is steeredtoward the source,and

thebeamformerresolutionis determinedby the arrayapertureandsteereddirection.How

ever, this methodbreaksdowncompletelyin thepresenceof multiple sources.

In order to enablea beamformerto respondto an unknown noise and interference

eavironment,some adaptiveweighting methods have beendeveloped.A well-known

method, Capon’sMaximum Likelihood Method, also calledtheMinimum VarianceDis

tortionlessResponsemethodin a differentcontext,was proposedby Capon[13] in 1969.

Thebasicideaof Capon’smethodis to chooseweightsto minimize thepowercontributed

by noiseand signalsfrom directionsotherthanthe steereddirection,while keepinga fixed

gain in the steereddirection. Thepowerminimization can also be interpretedas placing

nulls in thedirectionsof interferences.Many othermethods,suchasgeneralizedsidelobe

cancellerGSC, were developedusing the sameprinciple. Capon’smethoddid achievea

significant resolutionimprovementover conventionalbeamformer.However, it is not a

trueML methodtrue only for a single sourcesituation,andits performancedegradesin

thepresenceof highly correlatedsignals.

Another important adaptivemethod is Burg’s Maximum Entropy Method MEM

[14]. Observingthat theestimatedspatialcovariancefunctionhasonly a finite numberof

lags due to the finite numberof sensors,Burg’s methoddoesthe covarianceextension

accordingto Burg’s Entropycriterion, which assumesa maximalrandomdatamodel. For

the deterministicsignals or signalwith deterministiccomponents,MEM’s performance

becomesworse. For a uniform linear array, Capon’smethodand MEM canbe relatedto

eachothersimply [9].
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In thecontextof signalDOA and amplitudeestimation,althoughboth Capon’smethod

and MEM areoften successfullyand widely used,they havecertainfundamentallimita

tions, suchastheestimationbias andsensitivity,partlybecausethey haven’texploitedthe

underlyingdatamodelstructureeffectively.

Developmentof subspace-basedmethods,which explicitly invokes theeigenstructure

of thecovariancematrix, is a significantcontributionfor signalparameterestimationprob

lem. Onesuchearly attemptwasdoneby Pisarenko[15], who developeda new methodto

retrieveharmonicsfrom a finite segmentof the covariancefunction. His ideacould be

extendedto the signalDOA estimationproblemfor a uniform linearsensorarray.

The tremendousinterestsin the subspaceapproachlargely attributedto the MUSIC

Multiple SIgnal Classificationalgorithmintroducedby Schmidt [16] in later 1970’s. One

of the importantcontributionsin MUSIC is the geometricapproachto signal parameter

estimation.In this approach,the signal subspaceis estimatedby eigendecompositionof

thespatialcovariancematrix, andthe arraymanifold is obtainedby calibratingall possible

sensorresponsesto singlerank one signalwith variedparameters.For asuitably designed

array, thesignalparameterspaceis relatedto the array manifoldwithout ambiguity,sothe

signalparameterscan be determineduniquely by finding the closeregions betweenthe

estimatedsignal subspaceand the array manifold accordingto someoptimality criterion.

Somecommonusedcriteriainclude the least-squarescriterion, which selectsthe model

that minimizes thesum of squarederrorsbetweenthe dataandthemodel output,and the

maximumlikelihood criteria,which selecttheparametervectorassociatedwith the most

likely measurements.In conventionalMUSIC algorithm, a one-dimensionalsearchfor

parametersis employed,thus reducingthecomputationload, while producingbiasedesti

mates with finite samples.In root-MUSIC, a multi-dimensional searchis employed,

which, generally,is computationallyprohibitiveexceptfor theuniform linear array.Many

otherextensionsto conventionalMUSIC are developed.In MUSIC, the maximumresolv

ablesourcenumberis thesensornumber.

As thefirst high-resolutionalgorithmto correctlyexploit the underlyingdatamodelof

narrow-bandsignalsin additive noise, the performanceimprovementof MUSIC was so

significant that it becamean alternativeto most existing DOA estimationalgorithms.

However, the pricespaidfor its excellentperformanceare the heavycomputationload in
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searchingover the parameterspace,and a largeamountof datastoragefrom the arduous

arraycalibration. Besides,MUSIC is sensitiveto calibration errorsincluding the sensor

positionerrorandsensorgain/phaseerror, andcannotgive the signalamplitudeestimate.

In the middle of 1980’s, ESPRIT Estimationof Signal ParametersVia Rotational

InvarianceTechniques,a new subspace-basedapproachto estimation of parametersof

cisoidsin noisewasproposedby Roy, et al. [17], andwasextendedto signalDOA estima

tion [18]. Following the samegeometricapproachas MUSIC, ESPRITexploitsan under

lying rotationalinvarianceamongsignal subspacesand obtainsthe signalDOA estimate

without searchingparameterspace,thusreducingthecomputationloadsandstoragecosts

significantly. Besides,ESPRITshowsmorerobustperformancewith respectto arrayper

turbations,andcanobtain optimalsignalcopy thus optimalsignal amplitudeestimate.On

the otherhand,ESPRIT is not a generalmethodbecauseit requiresthe array manifold to

possessa displacementinvariance;andthemaximumresolvablesourcenumberis half the

sensornumberunlessan overlappingsubarraystructureis usedcf. further discussionson

ESPRITat section3.3.

A numberof researchpaperson ESPRIThavebeenpublishedsincethen.Ottersten,et

al. [19], followed theideaof SuandMorf [20], whichmodelsthe sourcesignal asthe sta

tionary outputof a finite dimensionallinear systemdrivenby white noise,anddevelopeda

wide-bandsignalsDOA estimationmethodusingESPRIT. Ottersten,et al. [21], analyzed

theperformanceof theTotal LeastSquaresTLS ESPRITalgorithmandshowedtheTLS

ESPRIT is competitivewith the MUSIC, and the performanceis closeto the calibrated

Cramer-RaoboundCRB for many practicalcases.However,asdiscussedin later sec

tions, for highly correlatedsignals,the estimatesdeviate.Furthermore,Swindlehurst,et

al. [22], extendedtheoriginal ESPRITto exploit arrayswith multiple invariances.

In practicalapplication,theESPRITalgorithmhasbeenusedto estimatetheangleof

arriving signaland thendetectthe weak targetsin SAR Synthetic-Aperture-Radardata

processingby Curlander[23]. Merwe,etal. [24], usedtheTLS ESPRIT to generatehigh

resolutiontwo-dimensionalmicrowaveimages.Wong,et al. [25, 26], appliedESPRITto a

velocity-hydrophonearray to locate acoustic sources.Theseresults have shown that

ESPRIThasgreatpotential to be integratedinto a practical real-timeprocessingsystem.
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Above mentionedarray signalprocessingtechniquesare basedon the second-order

statisticsofthereceivedsignals,mostof which assume,explicitly or implicitly, a Gaussian

signal. In recentyears,some DOA estimationalgorithmsbasedon high-orderstatistics,

suchasfourth-ordercumulants,are proposed[27, 28, 29]. For non-Gaussiansignalsand

additive Gaussiannoise, such as digital communicationsignals, someoceanacoustic

propagationsignals with only a few Gaussiancomponents,cumulant-basedalgorithms

work well. Nevertheless,it is obviousthat a cumulant-basedalgorithmis very sensitiveto

thesignalmodel, andalsotheestimationof high-orderstatisticsneedsto be further inves

tigated.

Finally, aswe haveseenfrom abovediscussions,estimationof the covariancematrix

playsakey role in signalDOA andamplitudeestimation.A generalizedcoherenceestima

tion frameworkwasproposedby KnappandCarter[30], in which differentestimatorsare

chosento optimize certaindifferentperformancecriteria. Also, a tutorial overviewof the

coherenceandtime delayestimationwas givenby Carter[31].

1.3 Thesis Overview
This thesisproposesa new ideato dealwith the interferencesusing amultiple-rowbathy

metric sidescansonar,which is, resolving the interferencesfrom the signals of interests

insteadof only smoothingthe receiveddatasignals+ interferences+ noise for given

time or angleintervals. Correlatedsignal directionestimateCSDE, a new signalDOA

and amplitudeestimationmethodfor three-rowsystems,is developedin the absenceof

noise,andthenappliedto thesituationwith noise.ESPRIT-basedapproachesare alsopro

posed,and theyare comparedwith CSDE using differentdatamodel. Resultsfrom simu

lationsand afewreal datatestsare givenandanalyzed,andsomesystemrealizationissues

are addressed.Becausethe thesisresearchis supportedby a three-rowbathymetricsides

cansonarprojectfrom ONR Office ofNavalResearch,mostof thethesisdiscussionsare

in thecontextof thethree-rowsystem,thoughthebasicidea and someof the algorithms

canbeeasilyextendedto multiple-row systems.

Theorganizationof therestof this thesisis as follows:
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Chapter2 analyzesthe acousticfield in the bathymetricsidescansonarapplications

and the stochasticcharacteristicsof the bottomscattering,and thenestablishesthe prob

lem anddatamodel.

Chapter3 studiesthe signalprocessingschemesfor DOA and amplitudeestimation.

Threemethodsandtheir applicabledatamodelsare discussedin detail.

Chapter4 presentsthe simulation and real datatestresults.The relatedissuesto the

datamodelandalgorithmparametersare addressedin detail.

Chapter5 discussessomeissueson thepracticalimplementationof theproposedalgo

rithms in a real sonarsystem,and summarizesthe resultsof the thesis.Limitation of cur

rent work andrecommendationsfor future work arediscussed.
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Chapter 2

Problem and Data Model

2.1 Analysis on Interference Field Associatedwith SidescanSonar
As indicatedin the first Chapter,one of the main sourcesof interferenceassociated

with sidescansonaris the multipathreflectionbetweenthe oceansurfaceand bottom. To

analyzethe multipath interferencebehaviorqualitatively, a horizontally stratifiedocean

acousticmodelis chosenasshownin Fig. 2.1.

Theoceansurfaceis assumedto be pressure-release,i.e., pressureP = 0, andthe sur

facescatteringeffect is ignored.In practical,the surfacebackscatteringilluminatedby the

sidelobeis significant sometimes,but canbe reducedby adjustingthe beampatterndesign

and systeminstallation.For applicationswith tow-fish, AUV, or ROV at a depthfar away

from the surface,this assumptionis reasonable.

Sidescansonaris an activesystemin that a shortpulseof acousticwaveis transmitted,

andthebackscatteringechoesarereceived.Thus, thebottomcanbemodeledasan infinite

set of discretepoint sourcesexcitedby the transmittedacousticpulsewith strength, S,

Eachsourceis contributedby the wholescatteringregionof the footprint Fig. 1.1 enson

ified by the acousticpulses.As horizontalrange, r, increases,thebottom backscattering

strengthattenuates.On the otherhand,the distancebetweenthe contiguoussources,i.e.,

r1 - r_1, increasesto keepconsistentwith the systemresolutionissue.Only the first-order

scatteringis considered,which meansweconsideronly thereflectionwaveafter radiated

from the point source.The bottom is penetrablewith I CR1 1 , where CR is the bottom

reflectioncoefficientdeterminedby theincidentangleandmediumpropertiesdensityand

soundvelocity. Here the density and velocity are assumedto be constantsin the water

and bottom, respectively.

The homogeneous,time-independentwaveequationwith sourcefP {32] is

V2PP+k2PP = -2fP 2.1

wherek is thewavenumber, = r, z, fP = - Ps,and P, is the i -th source

coordinate.
=0
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agoodchoice.Combiningall possibleeigenraysusing imagemethodFig. 2.1, we obtain

thepressurefield producedby a sourceat P1r, h as

ikR, ikR1,2

P, & = - C0ifl2___J 2.2
mi mn2

n=0

R1111 = Jr - r2 + z - 2n + 1h2 2.3

R2 = Jr_ r2 + z + 2n + 1h2 2.4

whereCROjflj is thebottomreflectioncoefficient at theangle 0 for n >0, and equals

to one for n = 0. Note, 0k,, is theincidentangleto thebottomexperiencedby thepropa

gation wave from the first n -th image sourceto the receiver Fig. 2.1. Similarly,

CRO,fl2 is associatedwith the secondn -th imagesource.

The total wavefield at thesonarreceiver,Po = 0, z0, is

ikR1 ikR1f

PP0 = - C0in2-__J 2.5
mnl mn2

,=O n=0

R1 = Jrj2
+ z0 - 2n + 1h2 2.6

R2 = Jrj2
+ z0+ 2n + 1h2 2.7

Now, we apply above resultsto the analysisof the interferencebehavior.Note, the

contributionsfrom all the individual image sourcesarrivethereceiverat different times.

Assumethe sonartransmitsa pulse at time t = 0. The first receivedsignal is from the
2h-z0 . . 2hpoint sourceat nadir, r0 = 0, at t

=
. Thefirst multipath signal occursat t = -.

The secondmultipath signal occurs at t
= 221 z0

with amplitude attenuatedby

CROoil. The third multipath signal begins at t = with amplitude attenuatedby

CR0ol2. And so on. As t increases,thepropagatingdistancesfor both the direct signal

andmultipathsignal,andthus theenergylossesfor them,increase.Aboveanalysisis con

sistentwith theobservationto SeaMARCII data[2].

Here an omnidirectionalsensoris implicitly assumed.In a practicalsystemFig. 1.1,

exceptfor thoseangularsectorsof interests,mostotherangularsectorsare attenuatedby

thebeampatterndirectivity. Therefore,if a multipath interferenceappearsatthesesectors,
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it will be furtherattenuated.In sidescansonardesign,a null towardthe nadir in beampat

tern is oftenpreferredto avoid the strongreflectionthere.
h-z0 2 -z0From abovediscussions,for thetime interval, t = to t = , onedirect

C C

signalandat mostonemultipathpropagationsignal arereceivedatthesameinstant.From
2 h-z0 4h . . .

t
=

to t = -, one direct signal and at mosttwo multipathpropagationsignals

are receivedat the sameinstant. Higher-ordermultipath signals are attenuatedsignifi

cantly relativeto the directsignal,andthuscanbeignored.

Two examplesaregiven belowwith c = 1500m/s.For h = 50m,and z0 = lOm, atypi

cal situation in shallow water, above two time intervals are 0.053s- 0.12s and

0.12s- 0.133s.Assuminga flat bottom, the correspondinghorizontal rangeintervals are

0- 80m and 80-92m, and the correspondinggrazingangle intervals are 90° - 26° and

26° - 23°, respectively.For a sidescansonarwith carrier frequency 200kHz, the typical

operatingslant rangeis about200m, which correspondsto a maximumhorizontalrange

- 200m here. In further distance,the direct signals are attenuatedsignificantly and the

imagedataareno longermeaningful.

For h = lOOm and z0 = 60m, an examplein middle to deepwater, thetwo time inter

vals are 0.053s- 0.187s and 0.187s- 0.267s. Assuminga flat bottom, thecorrespondinghor

izontal rangeintervals are 0- 134m and 134 - 196m, and the correspondinggrazingangle

intervalsare 90° - 17° and 17° - 12°, respectively.

As shownin thesetwo examples,themultipath signalsare significantparticularly in

shallow water,while the direct signalsdominateparticularly in deepwater,which is con

sistentwith the observationto realoceanacousticfield. However,themodel useddoesn’t

imply anytime-varyingbehavior,whichdoesexist in the real field.

A key observationis that for grazingangleslessthan 10°, thebottombackscattering

strengthdecreasesdramatically.So doesthe signal-to-noiseratio SNR at the receiver.

Thus the signalDOA estimatesand the bathymetrymeasurementsare not reliable. For

those regionswith larger grazing anglesand thus with reliable bathymetrymeasure

ments,a model with two or threesimultaneouslyreceivedsignals describesevensome

shallow waterfields very well.
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Fig. 2.2 gives someotherkinds of interferences,which occurfrequentlyin real appli

cations.In Fig. 2.2 a, bathymetricsidescansonarworks in a slopingbottom area.For

equalR1 and R2,two signalsfrom differentdirectionsarrive thereceiverat thesametime.

In Fig. 2.2 b, theseabottomis non-flat.Similarly, for equalR1 and R2,two or moresig

nals arereceivedsimultaneouslyat someinstantsdueto thebottomrelief.

Figure 2.2: Two applicationcasesusingbathymetricsidescansonar

22 Fishery Survey Application
Another applicationareawe may have someinterestsis the fishery survey.Tradition

ally, theresearchfishery surveysare conductedby catchingfish with a net and manually

counting and measuringthe samples.This operation is arduous,time-consumingand

Vehicle

sidescansonar

‘Sea bottom

a AUV surveyabovea slopingbottom

sidescansonar

R2

R1
Seabottom

b AUV surveyabovea non-flatbottom
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expensive.An automatic large-volumehigh-resolutionmapping systemis to be devel

oped, which can be realizedby combining optical [33] and acousticalmethods.Two

examplesof suchan applicationaregiven in Fig. 2.3.

Vehicle

Bathymetricsidescansonar

a Fishschoolsin thewatercolumn

Figure 2.3: Fishery surveyusingbathymetricsidescansonar

Hendershotand Jackson[34] proposedan acousticfish schoolmeasurementsystemof

using thephaseinformation, thesameapproachin the conventionalbathymetricsidescan

sonar.Thefish schoolis representedby an ellipsoidfilled with point scatterers.Depending

on range,size and scatteringproperty of the fish school and sonarbeampattern,one or

more scatteringsignals from a single fish school are receivedat the sameor different

times. In theexampleswith densefish schoolsor fish schoolcloseto thebottomFig. 2.3

a andb, when R1 is equalto R2,the systemneedsto beableto simultaneouslyresolve

two directional signals. The sonarsystemwith this improvedcapability can provide a

coarseestimationaboutthe distribution and density of some fish speciesfor the optical

R1 Fish school

Vehicle R1 Fishschool

b Fishschoolabovethebottom
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mappingandclassificationsystem,andextendtheproposedfishery surveyto morepracti

cal situations.

2.3 Statistical Analysis on Bottom Scattering
In section2.1, we useda point sourcemodel for the bottom echo, and mentionedeach

suchsourceis contributedby thewhole scatteringregionwithin the footprint. In orderto

makemoreclearly aboutthemeasurementprocess,an introductionof thestatisticalchar

acteristicsof theseabottomscatteringreverberationis appropriate.

The first systematicpresentationon characteristicsof seareverberationusing statisti

cal methodwas given by Ol’shevskii [35] in 1966. In [36], Klepsvik did a similar work

with applicationsto wide-swathebathymetricmapping.Accordingto [35], the seabottom

reverberationprocesscanbetreatedasa discretemodel

St = 2.8

wherea denotestherandomamplitudewith probability density function pa, and t is

the onsettime of the i -th scatteringelement,which is often assumedto havea uniform

distributionin asmall time interval -T/2, T/2. st describesthetransmittedsignal,and

E is a stochasticparameterdefiningthecharacteristicsofthe elementaryscatteringsignals

with probability density pE,. For nonstochastic parameter = , we have

p = - . Thenumberof scatteringelement,n, arriving at thereceptionpoint at the

time t is also a randomvariable,whosedistributionsatisfiesthePoissonLaw if the scat

tererpositionsare statisticallyindependent,andthe meanscattererdensity is constantfor

a sufficiently largescatteringregion. In [36], the modelusedis a little bit different in that

thescattererspacedistributionis considered.

Generally, thebottomscatteringprocessis non-stationary.For the bathymetricsides

cansonarusing the narrow-bandsignal with the geometrygiven in Fig. 1.1 and 1.2, we

canneglecttherelativemotion betweenthe transmitterand receiversand dopplereffects,

andtreattheprocessstationary.

According to thecentrallimit theorem,if the numberof elementaryscatteringsignals

arriving atthereceptionpositionat a given time instantis large,andnoneof thethesesig
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nals dominates,then the one-dimensionaldistribution, pS, of the scatteringprocess

approximatesto beGaussian,i.e.,

S2

5 =

_____

2a
2.9

.Jas

Note in general, S is a complex process.Its instantaneousphaseN’ distribution is

uniformin theinterval 0, 2it, i.e.,

2.10

TheenvelopE satisfiestheRayleighdistribution,

E2

pE = 2.11
Ys

For the sidescansonarwith narrowbeamand short pulse, the numberof scatterer

within the footprint maybereducedsignificantly, particularly for thebottomwhereshad

owing occurs. Consequently,the resultingdistribution departsfrom a Gaussianlaw and

showssomePoissoncharacters.Though,theGaussianmodel is still a goodapproximation

for off-normal scatteringregion with largersize of the footprint and randomscattering

components.

For scatteringat normalincidence,a significantcontributionfrom themeanamplitude

to the total scatteringechooccurs.Hence,the Gaussianmodel is invalid, and theenvelop

distributionin this situationapproximatesto be so-calledRicedistributionwith

E÷A02

E - 2a2 EA0"
pE = -e S 2.12

‘3S

where I is a zero-thorder modified Besselfunction, and A0 is the amplitude of the

dominatingscatteringcomponent.

In a real application,suchan analysisis muchmorecomplex,andthevalidity of a sta

tistical modeldependson many factors associatedwith thebottompropertiesroughness,

relief and material and systemparametersfrequency,signal type and pulse length.

Though,analysisof somerealbottom scatteringdataobtainedby a bathymetricsidescan
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sonar[6] hasshowna goodagreementwith the Gaussianmodelat a narrowgrazing-angle

bandfor quite largeregionsincluding sediment-pondandaxial valley. On theotherhand,

in a wide rangeof grazingangles,a multimodal Rayleighenvelopdistribution model fits

thedatawell.

Thecorrelationanalysisofthe scatteringprocessshowsthat for a rectangulartransmit

tedpulsewith a sinusoidalcarrier, the correlationinterval of the instantaneousvalueof a

scatteringprocessis aboutone-halfof the pulse-length[35]. A measurementcorrelation

interval from a realbathymetricsidescansonaris given in [36], which approximatestwice

the specific pulse length. Consideringthe dispersionof the propagationmedium, it is a

reasonableresult.

Thecross-correlationbetweenthe signalsreceivedat two points is, in general,a func

tion of SNR,wavelength,spacingbetweenthe two pointreceivers,andreceivingarrayori

entationto thescatteringsource[35]. In [36], the cross-correlationis further factorizedto

include the dependenceon both the transmittedpulse and the scatteringcharacteristics.

For a two-row high-frequencybathymetricsidescansonarwith half-wavelengthrow spac

ing, it canbeexpectedthat signalsattwo rows are highly correlated.

Finally, we give theprobabilitydensityfunctionfor thephase-differencep obtained

on thebasisof aboveanalyses[35] as

= 1 Il -

+ /2 + asin for -- 2.13

2it1-f3

where ji is the meanvalue, y is the cross-correlationcoefficient, and i = cosp -

As the cross-correlationcoefficient increases,the width of the peaked distribution

decreases,andthus theestimatedphasedifferenceapproachesmoreto thetruevalue.

2.4Problem Definition and Data Model
Thediscussionsin thefirst two sectionssuggestthat a newbathymetricsidescansonarcan

be developedto obtain more accuratefield measurementsif two or more simultaneous

directionalsignalscanbe resolved.This canbe doneby addingmorerows to the conven

tionalsidescansonar.
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A M-row bathymetricsidescansonaris configuredin a uniform linear arrayULA

Fig. 2.3, in whichthemounting angleis ignoredfor convenience.Therow spacing,d, is

half-wavelengthto avoid the directionambiguity. In the contextof bathymetricsidescan

sonar,weuse"row" insteadof "sensor"to emphasizethe geometricpropertyof thesensor

here,i.e., long in onedirectionand shortin anotherdirection.Thechoiceof row numberis

almost purely an engineeringproblem.Taking into account the spaceavailable,weight

allowable,powerlimitation andcosts,two to five rows maybe a reasonablechoice.

By collectingdatafrom all the rows, we areto estimatesignalDOA and amplitudefor

multiple directional sources,including the bottom echo, multipath interference,and/or

othertargetreturnin watercolumn within thesonaroperatingrange.

Thesourcesassociatedwith a bathymetricsidescansonarare time-varyingin thesense

thattheir DOA’s changewith time. In otherwords,using themodel in section2.1, for each

source,thereis a limited datapoints to be usedto estimateits directionandamplitude,if

theseparameterschangeslowly. The data length availablefor a single sourceis deter

mined by the systemparametersincluding the pulse length and sampling rate, by the

applicationgeometry,and by the resolution obtainablefrom the signalprocessingalgo

rithm cf. chapter4 for furtherdiscussion.Here we still treat thecontinuoustime-varying

sourcesasa discreteset ofpoint sources,for eachof which a signalDOA estimatecanbe

M- ldsinO

Figure2.4: Multiple-row bathymetricsidescansonar
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obtainedindividually. Therefore,theparameterestimationproblemfor a wholesonarping

is simplified to the parameterestimationfor a discreteset of sources.Note, becauseall

thesediscretesourcescome from the samesonarping, their parametersaremoreor less

correlated.

A few assumptionsare invokedin our model andspecifiedfurtherbelow.

Thetransmittedmediumis assumedto be homogeneousconstantdensityand veloc

ity, so the propagatingraysare in the form of straight lines. Furthermore,the receiver

arrayis in thefar-field of the sourcefor kr>> 1, which canbeeasilysatisfiedin high-fre

quency.Undertheseapproximations,the wavefield at the receiverarray is a sumof plane

waves.Note, for thefrequencyusedhere, - 200kHz,the wavelength,?, is about0.01m.

With the half-wavelengthrow spacing,it is reasonableto assumethat thereceivedsignal

ateachrow is justa delayingversionwith respectto thereferencerow, which, generally,is

chosenasrow 1.

The problemhere is a planarproblem from the sonargeometry.Assuminga single

source,s, in 0, direction, thereceiveddataat the k -th row canbe representedas

Xkt = akOisirt - tkO 2.14
k-1dsinO

where Sjrt is the receivedsignalat the referencerow, and tkO
= C

is the

propagationdelaybetweenthe k -th row and the referencerow for a wavefrontfrom s,.

Sirt is relatedto the sourceby S’irt = s/r, where r is the distancebetweenthe source

and thereferencerow. akO1 is the normalizedresponseof the k -th row to thewavefront

from 0, direction.

For typical bathymetricsidescansonar,the narrow-bandsignal modulatedat center

frequency,w0, is transmitted,i.e.,

‘irt = mirtcoswot+ Pjrt 2.15

wheremirt, IPirt are slowly varying functionof time which modulatethe amplitudeand

phaseof Sjrt, respectively.

Note, the narrow-bandsignalensuresthat the array responseis independentof fre

quencyover thesignalbandwidth.Using thecomplexenveloperepresentation,a complex

form of thereceivedsignalat thereferencerow is
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s,t = Strt + Jirt = [mirte1t]e30t 2.16

where t is theHilbert transformof Sjrt, givenby

1 s.t
5irt = _f____dt 2.17

Thus, thereceiveddataat k -th row in a complexform are

Xkt = akOisirt - ckO, akOisirte 2.18

Here, weusedmjrt mjrt-ckO, and Pjrt qjrt-’tkOj for all possibledelays.

If we haveD directionalsignals at the sameinstant, the receiveddata including the

measurementnoise, iikt, atthe k-th rowbecome

Xkt
=

+ ñt 2.19

For M rows, it is moreconvenientto usethematrix representation.

Defining

akO = [ak0le_iv0t0m,
..., a0e ] 2.20

A0 = [ai0, ...,aMO]T 2.21

Srt = [irt, ..., St] 2.22

Xt = [1t, ...,XMt] 2.23

Nt = [lt,...,Mtl 2.24

where
[]T

meansthematrix transpositionoperation,thenwe have

Xt = A0Srt + Nt 2.25

Note, now the directioninformation is containedin the time delayandthus thephase

termof thereceivedsignal.

In theproblemdefinition, the sensoroutputis decomposedinto two components,the

signal to beobservedand thenoisedue to sourcesof uncertaintyin theprocessof observ

ing thesignal.Thenoiseis dueto ambient,seareverberation,andreceiverelectronics,and
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canbe treatedas additive. Generally speaking,the noise includesboth nondeterministic

componentsanddeterministiccomponentssuchas multipath interferences.For theprob

lem of interesthere,amultipath interferenceis treatedasadirectionalsignalandthus the

noiseprocessis assumedto bea zero meanwhite Gaussianprocess.In practical, "white"

meansthe power spectraldensity of the noisecomponentis flat over the bandwidthof

interests.Furthermore,the noisecorrelationare often ignoredin the developmentof the

algorithms.However,for somecomponentsof the noiseprocess,theredo existsomecor

relationbetweenthenoiseand signal andbetweenthe noisesat two different rows,which

will beaddressedin theperformanceevaluation.

Two kinds of signalmodelsare considered.First, thestochasticonefrom thestatistical

analysison bottom scatteringin section2.3, which may also be usedfor the scattering

from fish schoolundersomeconditions.Generally,a Gaussianmodel is assumedfor each

bottom scatteringprocessfrom a narrow grazing-angleband. Second,the coherentone

from the analysison interferencefield in section2.1. A Inathematicalmodel for the

receivedsignalxt in multipathenvironmentis proposedby Ehrenberg[37] as

xt = m1st-t +nt 2.26

wherem and t aretheamplitudeand arrival time for the i -th multipathsignal,N is the

numberof multipaths,st is the propagatingwaveformof a single path,and nt is the

additivenoise. It is easily to be seenthat 2.26 is a particularversionof 2.25. From this

model, we canexpectto seethat, for someinstantsof time, two processesarrive at the

receptionarray simultaneously,one of which is a delayedversion of another.In a real

environment,thedatastructureis generallymuchmorecomplex,and thesemodelsmight

only be two componentsof thereceivedsignals.

37





Chapter 3

Methodologies

3.1 Differential PhaseEstimate
In this chapter, the solutions for the problem definedin last chapterare developedand

studied.First, thecaseswith a single directionalsourceare considered,wheretheconven

tional differential phaseestimationDPE method[3] works.

Assuminga single sourcein 0 direction,at the k -th row, thereceivedsignal in a com

plex notationcf. section2.4 is

- - -jWotk9 -

Xkt = akOsrte +nkt 3.1

We requireall therows havethesamebeampattern,i.e. a10 = a20 = ... = aMO for

all 0, and for further convenience,an omnidirectionaldirectivity in vertical plane is

assumedfor eachrow, i.e., akO = 1, for all 0.

For a properlybandlimitedreceivedsignal,it is possibleandsufficient to dealwith the

base-bandedquadraturesamples,which can be obtainedby a complexdemodulatoror a

realdemodulatorplus theHilbert tranformerin digital domain.Thus,thebase-bandedout

puts in digital domainat the k-th and k + 1 -th row are

- - -JwOck8 -

Xkbfl = srbne +flkbfl 3.2

- - -JwOtk+1O -

Xk+ 1b = sTbne + k÷ 1btZ 3.3

In the absenceof noise, we form a productby multiplying 3.2 by theconjugateof

3.3

- -*
- 2 jwQtk÷lO-tkO

Rn = XkbflX k÷1bfl = lSrbflI e 3.4

Here * is thecomplexconjugateoperation.Thencf. section2.4,

= 3.5

where4R is the angleor phaseof Rn. Thus,
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0 = asin
2itd

3.6

Note, for a lineararray,aninherentproblemis that it cannotresolvetheup-goingwave

from thedown-goingwave.Fortunately,a sidescansonaris sodesignedthatonly up-going

or down-going,dependingon themannerusedwavewith respectto thetransducerarray

planecanbe sensed.Therefore,0 canbechosenin therangeof [-it/2, it/2].

For noisy signal,an estimateof Rn shouldbe obtained.Given L samplesof thepro

cess,theleastsquaredistanceestimate canbe obtainedby minimizing thecostfunction

Ck = w2nRn_2 3.7

andtheresulting is

W2nRn

= n=1
. 3.8

W2n

i.e., the averageof the correspondingL samples.Here, W is a window function, and the

rectangularwindow is often usedto obtain better resolution[38]. The choice of L is a

trade-offbetweentheresolutionandsmoothness.Dueto thetime-varyingsignalDOA in

sidescansonar,large L yields a smootheroutput,but causesloss in resolution, which is

different from thebehaviorin spectralestimation.

Note,

n = Rn + srbflW0
‘k+ 1b + srbneiW0*1Oñkbn + kb’’k÷ 1b@ 3.9

If both the directional signal and noise are zero-meanrandom processes,and the

noisesareuncorrelatedwith thedirectionalsignalandwith eachother,thentheestimate

approachesto thetrue R asL increases.A morerealisticargumentis given in [3] that for

highly correlateddirectional signal and zero-meanGaussiannoise, aboveestimateis a

maximumlikelihoodestimateat high SNR.

For a M -row bathymetricsidescansonar,betterestimatecanbeobtainedby combin

ing all the estimatesfrom arbitrary pairs of rows. Let Oj = asin-‘-- representsthe esti

mateat thepair of the i -th andJ -th rows, then
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O
= MM-l

3.10
i=1,j=2,i<j

However,a problemof ambiguity phasewrappingariseswhenthe spacingbetween

the rows in a pair is larger than the half-wavelength.For example,for 013, the estimate

from row 1 and row 3, d = 2, and R = 2itsin0. The interval of 0, [-it/6, it/6], is

mappedto the interval of R, [- it]. Similar, 0 [it/6, rc/2] is mappedto 4R [it, 2it]

and 0 E [-it/2, -it/6] to R E [-2it, -it]. Therefore, 4R rangesfrom -2it to 2it, and we

cannottell in which 2it circle the estimated4n shouldbe.

This ambiguity canberesolvedusing theunambiguousestimationfrom pairsof rows

with half-wavelengthspacing.In thesameexample,if theunambiguousestimationof 0 is

in the interval of [-it/6, it/6], then kn shouldbe chosenin the intervalof [-it, it]; oth

erwise,chosenin the intervalof [-2it, -it] and [it, 2it]. For a largerrow spacing,a similar

procedurecanbe applied.

Note, above DOA estimates,O1, are not independent.For example, 013 can be

obtainedfrom 012 and023. Averagingall suchestimatesis not necessary.Moreover,using

DPE method,the DOA estimationresolutionis inverselyproportionalto therow spacing.

A Vernier techniquecanbe realizedby averagingestimatesonly from thosepairs of rows

with a largerrow spacing.

In the conventionalbathymetricsidescansonar,the amplitude estimationis done by

averagingtheamplitudesreceivedateachrow or simply usingany oneof the row outputs.

3.2 Correlated Signal Direction Estimation CSDE for Three-row Sys
tems
As we introducedin lastsection,theconventionaldifferentialphaseestimateis obtainedin

the absenceof noise, and then applied to the situationwith noise. It is natural to extend

this procedureto the multiple-row system.We repeat2.25 here in the absenceof noise

using theequivalentbase-bandrepresentation:

Xlbt Sri bte + ... + 5rDbte 3.11

X2bt Srlbte + ... + srDbte 3.12



- - -JW0v5G1 - -jw0c 0
XMbt = Sribte +... +SrDbte

M D 3.13

Again, all the rows are assumedto havethe normalizedomnidirectionalbeampattern

in verticalplane.As wecanseein theconsequence,theomnidirectionaldirectivity is nota

necessaryrequirementaslong asall therows haveapproximatelythesamebeampatternin

theangularsectorof interests.

For a two-row system,onedirectional signal can be resolved.From 3.11 -3.13, we

have threeunknowns,sribt magnitudeand phaseand 01, and four equations.Note,

eachequationin 3.11-3.13 includestwo equationsby making the real part and imagi

nary partequal,respectively.This is an overdeterminedproblem.As a result,the solution

01 canbe obtainedby using only the phaseinformation in lbt and x2bt, thoughthe

magnitudeinformationcanbeusedto obtaintheoptimal solutionin noise.

For a four-row system, signals from three different directions should be able to

resolved.Later wewill indicatethat for a M -row system,the maximumresolvablesource

numbercanbe M -1 by using ESPRIIT algorithm.Howev&, from 3.11 -3.13, we have

nineunknowns,srjbt, Sr2bt’ 5r3bt’ 01, 02, and 03, andonly eightequations.Generally,

sincethreeunknownsare associatedwith eachdirectional source,for a M -row system

with M - 1 directional signals to be resolved,we will have 3M - 1 unknownsand 2M

equations.Therefore,the problemfor M 4 is undetermined.We cannotsolve this group

of equationsanalyticallyandexactly,andmustresortto someoptimalestimationmethods.

In nextsection,sucha methodwill beintroduced.

Fortunately, there is a solution for M = 3 and D = 2, in which casewe have 6

unknowns,Srlbt, Sr2bt, 01, and 02, and 6 equations.Let’s repeat3.11 -3.13 herefor

M = 3 andD = 2:

Xlbt
= r1bt

wotl01
+ r2 bte 3.14

X2bt
=

srlbte + r2bte_JW0t2O2 3.15

X3bt
= irlbte3V0t3Om + r2bte3W0t3O2 3.16

Becausethe 1st row is chosenas thereferencerow, we have

‘r101 = t102 = 0 3.17
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2dsinO1
= 2’r201

= C

3.18

2dsinO2
‘t302 = 2’r202

= C

3.19

To simplify theequationsfurther,wechangevariablesby

-jw0r201
X = e 3.20

Y = 3.21

Thenwe obtainthefollowing equations

Xlbt = Srlbt+Sr2bt 3.22

2bt = SrlbtK + 5r2bt Y 3.23

X3bt = SribtX+5r2bt}’ 3.24

Solving 3.22 and3.23, we get

Srlbt
= XibtY_X2bt

3.25

X2btXlbtX
Sr2bt y_ 3.26

Solving 3.22 and 3.24, we get

- XibtY_Xibt

r1bt = 2 2
3.27

Y-x

- - 2
- X3bt_XlbtX
Sr2bt = 2 2

3.28
y -x

By equating 3.25, 3.27 and 3.26, 3.28 for r1bt and Sr2bt’ respectively,we

obtain

X3bt = X2bt I’ - XlbtXY + X2btX 3.29

andthus

Y
X3btX2btX

330
X2bt_XlbtX

Note, IXI = 1 and IYI = 1, i.e., X X = 1 and y. = 1. Using theseidentities, we

obtain a second-orderequationof x
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1bt2b*t - x2btx3b*tx + I3btI2 - kibtI X + ib*t2bt - 2b*t.3bt = 0 3.31

Defining

A = XlbtX2b*tX2btX3b*t 3.32

B = k3btI-klbti 3.33

andnotingthesymmetryof X and Y, we have

x - _B±JB2_4lAj2

y 2A

Finally, thesolutionsof 3.14-3.16 are givenby

01 = asin’d 3.35

- .

2itd

- Xlbtl’_X2bt
Srlbt

= y_
3.37

- X2btX1btX
Sr2bt

= Y-X
3.38

where 4XY is the phaseof XY. The amplitudeestimatesare just the magnitudesof

ribt and Sr2bt

Now we apply abovesolutionsfor thenoisy signals.Again, the estimatesof A and B

canbeobtainedover L given samples.In digital domain, using the rectangularwindow,

wehave

A= i223 = 1bfl2b*fl_j2bflj3b*fl 3.39

B = 33R11 = 3.40

whereI is thecovarianceestimatebetweenthe i -th and j -th row. In thediscussionsin

this section,themeasurementprocessis assumedto bezero-meanor themeancomponent

hasbeenremoved,so the covarianceestimateis equivalentto the correlationestimate.

However,unlike the differential phaseestimatemethod,the solutionhereis dependednot
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only the phasebut also the magnitudeof suchcovarianceestimate.An optimalestimate

can be obtainedif the two directional sourcesare highly coherent.To show how this

works, let’s assumea fully coherentcase,i.e., r2b = r1b where a is a complex

constant,andrepresentthereceivingdataas

Xlbfl = r1b + asribhi + u1b2 3 41

- - -jw0t20, - -jw0202 -

X2bfl = Srlbfle + csrlbne + n2bfl 3.42

- - -jw01301 - -jw0t302
X3bfl Sribne + Tlbne + 3b’ 3.43

thenthecovarianceestimationsfor L given samplesare

jw0t201 * jw0’r202 L

12
= l+ae

L
e

3.44

-jw0t201 -jw0r202 jw0t301 * jw0t302 L

k23 = e +cte e +a e IirlbnII2+Nojseterm 3.45

L
= 1 +a1 +a*_I2 Nt 3.46

jw0t301 jw0302 jw01301 jw0t302 L

R
= e +ae e +a*e

3.47

Note, the signal term in the estimatesis the samething as for a single datasample

exceptthata single r1b’j is replacedby the sumfrom L samples.Defining

= kr1b"I 3.48

as signalweightingfactor, we find thesignaltermsin all thecovarianceestimateshavethis

sameweighting factor,and so do thesignaltermsin A and E. In the absenceof noise,by

factorizing f3 from 3.44 - 3.47, wecanobtainthe exactsamesolutionsasby a singledata

sample.On the other hand, if thenoisesare zero-meanand uncorrelatedwith the signal

and with eachother, then thecovarianceestimateof L samplesaddsthe noiseterm inco

herentlywhile adding the signal term coherently,thus increasingthe array output SNR

greatlyrelative to a singledatasample.Therefore,theoptimum arraygain canbeobtained
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andthe covariance-basedCSDE is an optimal estimatorfor abovesignalandnoisemod

els.

To achievethe performanceprovidedby an optimal estimate,the noisesamplesare

generallyrequiredto be temporallyindependent.Thatmeansthe samplinginterval should

be significantly larger than the maximuminversebandwidthof the noise process.This

conditionis easilysatisfiedby notingthegeneralnoiseprocesshaswider, flat spectrum.

A similar issueregardingthesignal is quite different. Thedatamodel usedherealso

usedby mosthigh-resolutionDOA estimatealgorithmsrequiresthesignalbandwidthas

narrowaspossible,while thenarrowbandwidthintendsto increasethecorrelationinterval

of thesignal.Thoughthe signalsare neverpure cisoidsin reality, the temporalcorrelation

of a directionalsignalcannotbe ignored.Thecorrelationinterval is abouttwice thetrans

mittedpulselengthcf. section2.3, for example,which is equivalentto ten datapointsif

a samplingrateof 50kHz is usedin a lOOps-pulsesystem.

Let’s considertwo temporallyfully correlatedsignals, r1b" = C1 and r2b’ = C2

both for all n, with C1, C2 constant.Following a similar procedurein coherentissueactu

ally this is a specialcoherentcase,wecanreachthesameconclusion.Hence, it is safe to

arguethat CSDEis also optimal for temporallyhighly correlatedsignals.Thereasonwhy

we call this methodcorrelatedsignal direction estimationCSDE is that the proposed

estimatoris optimalfor highly coherentor temporallycorrelatedsignals.Later simulations

will verify this point further.

Observationsto 3.39 and 3.40 showthat the noisesat threerows canbecorrelated

with eachother as long asthey are from the sameprocessand thushavethe samespatial

correlationcharacteristics.Thesenoise-noisecross-producttermsare cancelledwith each

otherby theminusoperationin calculatingA and b.

Generallyspeaking,for incoherentandtemporallyuncorrelatedsignals,a covariance

basedCSDEis not an optimalestimate.Though,a point-basedCSDEcan still beused.To

reducethe noise effect, a few suchestimatesare averagedover the given datasamples.

Specifically, let §1n, 02n be the solutions from L data samples [.1bfl X2bfl X3bfl]1

then
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=
3.49

and

§2 = 02n. 3.50

We should point out here that the three-rowbathymetricsidescansonarsystemis of

ourmostinterestsin real applicationssincea two-row systemcanbeeasilyextendedto a

three-rowsystem,and somesuchthree-rowsystemshavealreadybeenavailable, though

they still usetheconventionalsignal processingmethod.Besides,aswediscussedin sec

tion 2.1 and 2.2, thenew capability, resolvingtwo directionalsignalsat the sameinstant,

canextendtheconventionalbathymetricsidescansonarto a wider varietyof practicalsit

uations.

3.3 ESP1UTApproach -

ESPRITis developedon thebasisof a particulararray structurewith displacementinvari

ance. For a uniform linear array usedin bathymetricsidescansonar,two subarraysare

formedwith maximally overlappingFig. 3.1. There are M -1 sensordoubletsshown

1 2 3

__

M

i.I1L:[-a1i1i1
1 mçoublet

Figure 3.1: Array geometryfor ESPRIT

by the arrow connections,and the sensorsin eachdoublet haveidentical beampatterns

and are translationally separatedby a vector , which is the exact requirementby

ESPR1T.To seehow ESPRITworks, let’s inspectthesignalsreceivedat eachdoubletfirst.

Denotingkt astheoutputofthe k -th sensorin subarray1, $t as theoutputof the k -th

sensorin subarray2, for the k -th doublet,cf. section2.4
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Xkt
=

+ flt 3.51

ykt = + ñykt 3.52

Note, the k -th sensorin subarray 2 is the k + 1 -th sensor in subarray 1. If
-jwor0.

akO = ak+ 1Oj’ and defining akOi = akOe , thenwe have

xkt = ak0iYsjrt + ñXkt 3.53

Ykt = + Ykt 3.54

Combining all the outputs in two subarrays,using the matrix representationcf. sec

tion 2.4, we have

Xt = A0Srt + Nt 3.55

Yt = A0’I0Srt + Nt 3.56

To make the problemmore clearly, all the matricesare specifiedwith their sizes as

XM1x1 , YM-1X1 , Am_1xD, NxM1xD andNyM1xD.

ct0 is a D x D diagonalmatrix of thephasedifferencesbetweenthe sensorsin a dou

blet for D directionalsources,i.e.,

= diag[e ..., e°°’"] 3.57

A morecompactrepresentationof thedatamodel is given as

Zt = Xt
= A0rt +Nt 3.58

Yt

with

A0 = [ A0 1 3.59
LA 0 0j

and
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Nt
= Nt

3.60
Nt

So far, the datamodel hasmanifesta key factorin ESPRIT that the outputsfrom the

subarray 1 and2 are relatedby a complexscalingoperator I0, which is equivalentto a

realtwo-dimensionalrotation operatorthat’swhy ESPRITgot its name.Thus,the struc

tureof A0 canbeexploitedto obtain estimatesof 10 and thenthedirectioninforma

tion for eachsource.

Thedetailedderivationof theESPRITalgorithmis given in [12]. Here, thebasicpro

cedureis summarizedsimply as following.

From theidealmeasurementmodel, thecovariancematrix

= ASrA + 2E 3.61

where ‘r, are signaland noise covariance,respectively.Thenoise correlation, is

known. For D M - 1 the sensornumber in a subarray,the generalizedeigenvalues

GE’s of Rz, E are [v1 +
2

..., VD +
2 2 2] The2M - 1- D minimumGE’s equal

to thenoisepower, 2 Hence,the noise componentis identified and its effect on signal

subspacestructurecanbe removed.At the sametime, the basisvectorsthat spanthesignal

subspaceis obtainedfrom D getieralizedeigenvectorsGEV’s correspondingto D largest

GE’s as = [e1 ... e]. Note, thoughwe assumeD is known for the time being, it is

obviousthat aboveargumentscanbeusedto estimateD.

Here, E3 is 2M - 1 x D matrix, and it can be shownthat the spacespannedby E5 is

equalto thatspannedby A. Thus E3 mustbe relatedto A by a nonsingularmatrix T such

that E5 = AT, andnow theinvariancestructureof A suggestsa partitionof E3 as

= [Exl = [AT1 3.62
[Ej [ATJ

whereboth E and E are M -1 x D matrices,and they spanthe samesignal subspace

spannedby A. If wecanfind a matrix, ‘V. which relatesE to E by E = EX’I’, then,from

3.62,

ATVT’ = A 3.63

AssumingA is full rank,weget thekey relationshipin ESPRIT
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= 3.64

which means,thediagonalelementsof in 3.57 areequalto theeigenvaluesof ‘V.

In a real situation,E5 is estimatedfrom a covarianceestimationkz, andgenerally,E,

and A don’t spanthe samesubspace,and neitherdo E and E. To find ‘I’, the general

problemis

min1sIE’V _EyIIF 3.65

where II IF is theFrobeniusnorm [39]. SincebothE andE arenoisy, theproblemis fur

therredefinedby using the total leastsquarecriterionas

min [ExI _E]
‘V

F

3.66

subjectto a symmetricconstrainton both ‘P and ‘Vp.

By first forming a newmatrix,

Ext
3.67

Et Y

where is the conjugatetranspose,and thencomputing its eigendecompositionand

choosingthe eigenvectors, correspondingto D smallesteigenvalues,and finally,

partitioning into D x D matrices, 13 and ‘V is obtainedas

w -
D D- ‘368

- xy,x I xy,y J

Thetotal leastsquareTLS ESPRITalgorithmis summarizedasfollowing cf. [12]:

1 Obtain theestimateof from the measurement. Specifically, for L given

datasamplesateachsensor,i.e., Z E C2M, themaximumlikelihood estimateis

RZZ
= 2M- lL

. zt 3.69

wherep. is themeanof . Thenumberof snapshots,L, is chosenaccordingto theavail

ablemeasurements,SNRateachsensor,and desiredDOA estimationaccuracy.Generally,

L shouldbeat leastM - 12.

2 Implementthe generalizedeigendecompositionof { k, Z }



IzzE = EA 3.70

where A = diag{ ..., 2M -1 }‘ 2M -1 and E = [e1 j... I e2M 1] . Note, because

we useanoverlappingarray structureandthus somesensorsare membersof bothsubar

rays, z,, shouldbeconsideredcarefully. For example,for M = 3, using the noisemodel

proposed,E is givenby

1000
0110

3.71
0110
0001

Assuminga decompositionof = Z exists,the generalizedeigendecomposition

canbeconvertedastandardeigendecompositionof Y,,2i?zzZ,2

3 Estimatethe numberof sources,b. For a practical kz, the 2M - 1 - D smallest

GE’s are clusteredaround,and not all equalto 2 To obtain b, somefurther techniques

needto beused[12].

4 Obtain the signal subspaceestimateS = Q{E5}, where meansspannedby,

and decomposeit to obtain E and E,

= Zn[ell...Ieb]
= EX 3.72

5 Implementtheeigendecomposition,

[ [ ] = EAE* 3.73

with theeigenvaluesarrangedin decreasingorder, andpartitionE into b x b submatrices,

= [E1, E121 3.74
[E21 E22j

6 Obtain ‘V by ‘V = -E12E, and computeits eigenvalues,denotedby 2c, and let k

denotethephaseof k’ for k = 1, ..., b.

7 Calculate
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Ok = asin{-c . k/wØA} 3.75

To avoid squaringthe data,which intendsto causesomeproblemson matrix opera

tion, themeasurementdatacanbeprocesseddirectlyusing thesingularvaluedecomposi

tion SVD, which theoretically yields the same subspace estimate as the

eigendecomposition.In step5, noting

Et
SVD X = 3.76

where is diagonalandreal, and U and V are unitary,then

Ext = UE2* 3.77
Et

Thus, theleft singularvectors, U, of [] are theeigenvectorsof [] [ Er].

In step2, a generalizedSVD GSVD canbe applieddirectly [12]. However,sincea

standardeigendecompositionproblemis obtainedthere,theGSVD is not necessary.Sim

ply, replacing by thesignalsubspaceestimatecanbe obtainedfrom the left singu

lar vectorsof z22

To applyESPRITto a real application,severalissuesare discussed.First, wepoint out

herethat the maximumresolvablesourcenumberfor a M -sensorULA with maximum

overlappingis M - 1 , closeto thatof MUSIC. Theperformancein termsof estimationbias

andvarianceusingoverlappingstructureneedto be furtherinvestigated,thougha study in

[5] supportsthis usagein thecontextof a conventionalsplit-aperturesystem.

Second,the noise may include both nondeterministicand unwanteddeterministic

components,while knowledgeof thenoisecorrelationmustbe known, which canbeesti

matedby field measurements.Note, the optimumarraygain is limited by thelogarithmof

M. For a largeM, theESPRITalgorithmmaybe very sensitiveto an incorrectnoisecorre
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lation model, particularlyat low SNR.However,for a small M, thoughthenoisemodel is

nota critical issue,SNRwill dominatethe systemperformance.

Third, in ESPRIT, the signals are modeledas narrow-bandstochasticprocessand

requiredto be temporally independent.To track the statisticsof the signalprocess,all

availablemeasurementsshouldbeused.In manypracticalsituations,datalength available

for estimatingthesourceDOA is limited, andfurthermorethesedataare generallymoreor

less correlatedasin thebathymetricsidescansonar.It canbe expectedthatall thesefactors

will impacttheperformanceof ESPRIT.

Fourth,thecorrelationbetweensignalsfrom differentdirectionsis allowedin ESPRIT.

However, for fully coherentsignals,ESPRITcannotresolvethem, andgives an incorrect

estimate.Though,practically, the fully coherentsignalsdoesn’texist, theperformanceof

ESPRITwill alsobedegradeddependingon the amountof suchcorrelationasfor thetem

porally highly correlatedsignals.Fortunately,whenthe highly coherentsignals appear

togetherwith an incoherentsignal,this incoherentsignalcanstill beidentifiedby ESPRIT.

Fifth, for a small M, theestimateof sourcenumberis not a critical issueand evencan

be ignored,because,using a maximumpossible D, ESPRIT can still give correctesti

matesfor the true sources,and the false randomsourcescan be thrown away by further

processing.However,a detail inspectionon the eigenstructureof is very helpful to

estimatetherealwavefield structure,andthusgivesan evaluationto thequality ofthepro

cesseddata.

Finally, we give theresults on optimal signal amplitudeestimation,one of the advan

tagesof ESPRIT over MUSIC. Generally, a signalcopy is obtainedby using a weighted

sumof thesensoroutputs.Suchweightvectorsareoptimal in thesensethat a singleoutput

containsonly the desiredsignal while eliminating other D - 1 signals.Again, using the

TLS approach,theoptimalweightmatrix is givenby [12]

= Es[Et5 . Es]V 3.78

which satisfies iV0 . A = I and I is the identity matrix. Therefore,theoptimalsignalcopy

is estimatedby

=
. Zt 3.79
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andthe amplitudeestimateis the magnitudeof 0t
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Chapter 4

Simulations

A newbathymetricsidescansonarwith improvedsignalprocessingsystemis beingdevel

opedat the Woods Hole OceanographicInstitution WHOI. In this chapter,computer

simulationsarecarriedout to verify theperformancesof previousalgorithmsandinvesti

gatethepossibility of applying thesealgorithmsto thedevelopingsystem.First, we study

a singledirectionalsourcesituationusing theDPEand ESPRIT. Then, theperformances

of ESPRITand CSDE are evaluatedin the caseswith two directionalsources.They are

furthercomparedusingdifferent datamodelswith varyingdegreesoftemporalcorrelation

or coherence.After that, a practicalexamplewith two time-varyingdirectional sources

and SNR’s is simulated.Finally, becausethe realthree-rowsonardataare not availableat

thetime of this writing, sometwo-row dataareusedto testthe algorithms.

The new systemis configuredas a three-rowuniform linear array with half-wave

lengthrow spacing.The operatingfrequencyis 200kHz, andthetransmittedpulse length

is lOOps. Becausethe systembase-bandbandwidthis 10kHz, the sampling frequencyis

chosenas48KHz,approximatelytwo andhalf timesof Nyquestrate.Soundvelocity, C , 15

assumedto be l500m/s.Thereceivedsignalsarepassedto thepre-amplifier,demodulator,

time-varying and fixed gain amplifier, A/D converter,match-filter, and finally recorded.

Theraw dataare compensatedfor systemparametersaccordingto the sonarequation[40].

In the simulation, a three-sensorarray structureis adoptedwith eachsensorbeing

omnidirectional. The sensorspacing is exactly half-wavelength.The signals are con

structedasnarrow-bandstationarystochasticprocesseson the basisof thestatisticalchar

acteristicsof bottom scattering.Specifically, quadraturesamplesare generatedto form

complexsamplesfor eachsensor,and thefollowing characteristicsof the bottomscatter

ing areconsidered[35, 3]:

1 The scatteringprocessis Gaussian,andthequadraturecomponentsalsohaveGaus

sian distributionswith zeromean,andvariancesequalto thevarianceofthescatteringpro

cess.
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2 Thequadraturecomponentsareuncorrelatedand statisticallyindependent.

3 Theenvelopof thescatteringprocesshasa generalizedRayleighdistribution.

4 Thephasehasa uniform distribution in the interval 0, 2it.

5 The statistical spectrumof bottom scatteringin the transmissionof determinate-

type signalsis proportionalto thesquareof their amplitudespectrum.

Under theseassumptions,at the referencesensor1st sensor,for eachdirectional

source s,., the envelopErn canbegeneratedby two zero meanindependentlyGaussian

processesE1n in-phasecomponentand E2n quadraturecomponentwith the same

variancer’ as

Erfl2 = E1n2+E2n2

To includethefinite bandwidtheffects,thequadraturecomponentsareconvolvedwith

a window function whoselength dependson the pulse length, thus forming the signal

componentof the simulateddata.Therefore,the simulateddata are correlatedwithin a

finite interval, consistentwith the correlationanalysisresults on the real scatteringpro

cess.Here, we choosea rectangularwindow and the window length is five points, the

numberof samplesin a pulse.

In someof thesimulations,highly coherentor temporallycorrelatedsignalsare inves

tigated.For fully temporallycorrelatedsignals, rjt is a constant,and wecanadda ran

dom componentto it to adjust its correlation.For fully coherentsignals defined as

5r1t = a Srit with a a complexconstant,thedegreeof coherencemayalso beadjusted

by letting a have a randomcomponentand giving different weights to the deterministic

andrandomcomponentsin a.

Additive noise is presentat all sensors,and assumedto beuncorrelatedband-limited

zeromeanGaussianprocess,which is addedto thesignalquadraturecomponentsindepen

dently. An FIR low-passfilter correspondingto the systemparametersbandwidth,sam

pling rateis usedto obtain theband-limitednoise.

Two importantparametersin simulationsare thenumberof measurementssnapshots

per trial, L, and the numberof trials, N. As previously indicatedcf. section3.3, the

choiceof L is dependenton the SNR at array input, desiredDOA estimateaccuracyfor

abovetwo factors, a largerL is preferred,and also,for bathymetricsidescansonar,esti
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materesolutiona smallerL is preferred.To establisha relationshipbetweenL and the

resolution, let’s look at the geometryof sonaruse.For the bathymetricsidescansonar

beingdeveloped,themaximumoperatingdistanceis about 200m.Supposethe operating

heightabovethebottomis aboutone-thirdofthe horizontalrange,i.e., - 60m. Assuming

a fiat bottomand L = 64 correspondsto lm in acousticpropagatingdistance,at normal

incidence,the angledifferencebetweentwo contiguous64-pointestimatesapproximates

4°, while at the maximumoperatingdistance,approximates0.1°. Note, theangularreso

lution of ESPRITfor a three-sensorarrayis alsoin theorderof 4° aroundthesameregion.

Therefore,L should be smallerat normal incidenceregion,and larger for far off-normal

region. In the simulations,we choosean intermediatevalueof L = 64. In mostcases,N,

thenumberof trials performeddependson the smoothnessof the resultingestimatehisto

gram.Generally,N is largein low SNR,and small in high SNR. For thescenariosinvesti

gatedhere,wechooseN 512.

Thedifferential phaseestimateis implementedasdescribedin section3.1. Traditional

DPEusing only one pair of sensors,averagedDPEusing two pairsof sensors,andvernier

DPEare tested.In theformer two methods,the sensorspacingis half-wavelength.In the

verniermethod, theDOA estimatesare obtainedfrom thepair of sensorswith onewave

length spacing,and the associatedambiguity is treatedusing the algorithmproposedin

section3.1.

In CSDE simulations,the data are synthesizedfrom two directional sources,and in

most casesthe point-basedCSDE CSDE1 is usedwith all individual estimatesaver

agedfor the given samples.For highly temporallycorrelatedor coherentsignals,a covari

ance-basedCSDECSDE2 is applied.

The ESPRITalgorithmemployedis theTLS ESPRITESPRIT1. Oneor two direc

tional signals areassumed.In step5, a singularvaluedecompositionSVD is computed

insteadof an eigendecomposition.Simulationswith SVD alternativein step2 showa ten

dencyto biasedestimatesin low SNR, and thus are not presented.A modified ESPRIT

ESPRIT2 ignoringtheeffectof noiseis alsotested.In this modifiedversion,at step2,

a regulareigendecompositionof zz is implementedinsteadof thegeneralizedeigende

compositionof {I?zz, ,, }, andthus at step4, themultiplication factor, Z,,, is not neces

sary.
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Simulationsareall performedon a SUN SPARC 10 workstation,andtheMatlabpack

ageis usedto performthe actualcomputations.

First, we considerthe situationswith just one directional signal, for which DPE and

ESPRIT are applicable. The sourcedirection is assumedto be at 5°, 40°, 60° and 75°,

respectively.The results for this caseare presentedin Fig. 4.1 through4.4. The sample

meansand standarddeviations of the DOA estimatesare presentedin Table 4.1. As

expected,the averagedDPEhasapproximatelyhalf of theestimatevarianceby the tradi

tionalDPE,while, thatthevernierDPEperformsaswell astheaveragedDPE is a little bit

surprising, which gives verniertechniquea few morecreditsif a pair of sensorswith a

larger spacingis usedwith the ambiguity resolved.Theresults also indicatethat theper

formancesimilarity betweenthe averagedDPE or vernierDPE andESPRIT at mediate

to high SNR.At low SNR,ESPRITshowsbetterperformancein thesenseof estimatesta

tistics. As 0 increases,the performancesof all thesemethodsdegrade,which are further

worseconsideringthe lower SNR at larger0 in a realenviroilment.

100

DOA deg

Figure 4.1: HistogramofDPEandESPR1Tsimulationresultsfor a
single directionalsource1

SNR= 10dB
Sourcedirection: 5°
64 points/trial
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Figure 4.2: Histogramof DPEandESPRITsimulation resultsfor a
single directionalsource2

DOA deg

Figure 4.3: Histogramof DPEandESPRITsimulationresultsfor a
singledirectionalsource3
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I

Il

0

TraditionalDPE

Table 4.1: DPE and ESPRIT simulation results for a singledirectional source at SNR
= 10dB

Estimator
SourceDOA Estimates

00 = 5° 00 = 40° 00 = 75°

Traditional DPE 4.99°± 0.31° 40.00°± 0.41° 75.01°± 1.19°

AveragedDPE 5.00°± 0.16° 40.00°± 0.21° 75.03°± 0.60°

Vernier DPE 5.00°± 0.16° 40.00°± 0.21° 75.00°± 0.59°

ESPRIT 4.99°± 0.17° 40.00°± 0.19° 75.02°± 0.61°

Theresultswith two directional sourcesare also investigated,for which ESPRIT and

CSDE are applicable.The SNR and angularresolution issuesare addressedwith two

equal-powersources.Theresultsare given in Fig. 4.5 through4.10 and Table 4.2 and 4.3.

ESPRIT 1, ESPRIT 2, and CSDE1 are tested.Note here, a simple angle-ordering

60.4 I I

60.3 ‘..

N

.‘
60.2 -.

N

* . N

60.1 :. N

599 I
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Sourcedirection:
60°

30

N
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N

-5

AveragedDPE

VernierDPE

ESPRIT

5 10 15 20 25 30

SNRdB

Figure 4.4: DPE andESPRITsimulationresultsfor a singledirec
tional source:meanandstandarddeviationv.s. SNR
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schemeis used.The larger of the estimatedDOA’s is chosenasthe larger of the true

DOA’s. So doesthesmaller.This is reasonablefor largeSNR and sourceseparation.The

resultsindicate that the performanceof DOA estimation is the function of SNR for all

methods.At SNR=5dB, two sourcesat 40° and 50° can still be resolvedusing both

ESPRIT 1 andESPR1T2, while for CSDE1, a SNR=lOdB is needed,and the esti

matebiasis still obvious.Theestimateperformancealsodependson the angularsepara

tion betweentwo sources.UsingESPRITalgorithms,two sourceswith angularseparation

of 4° in thedirection around 50° canbe resolvedat SNR=2OdB,while for CSDE1, the

resolvableangularseparationis about5- 10° at the sameSNR. For all the situationshere,

ESPRJT’sperformbetterthanCSDE1. However,the resultsshowno significantdiffer

encebetweenESPRIT1 and ESPRIT2. It should be pointed out that all the estimate

performancesare also thefunction of the sourcedirection seeFig. 4.11,4.12, and Table

4.4. As the sourcesmove from the near-normalregion to far off-normal region, the

ESPRITestimatebiasand standarddeviationbecomelarger,whileCSDEestimateis bet

ter in the intermediateregion.
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Figure 4.10: CSDE 1 simulationresultsfor two directional
sources:estimatedDOA distributionv.s. angularseparation
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Table 4.2: ESPRIT and CSDEsimulation results for two directional sources:DOA
estimatesv.s. SNR

Estimator
SourceDOA Estimates40°, 50°

SNR=5dB SNR=lOdB SNR=l5dB SNR20dB SNR30dB

ESPRIT1 3982°+312° 3983°+184° 4001°+060° 4000°+020°

5O9O°+4O3° 5O31°+216° 5000°+O72° 50.01°±0.22°

ESPRIT2 39.51°±3.18° 39.83°±1.78° 39.98°±O.61° 40.O0°±O.19°

5O75°+4O3° 5O.2O°+214° 5000°+O73° 4999°±021°

CSDE1 38.76°±4.2O° 39.11°±2.40° 39.51°± 1.46° 39.84°±O.76°

48.53°± 1.56° 49.42°± 1.36° 49.73°± 1.06° 49.89°± 0.62°
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Table 4.3: ESPRET and CSDEsimulation results for two directional sources:DOA
estimatesv.s. angular separation

Estimator SourceDOA EstimatesSNR=2OdB

46° 50° 42°,so° 38° 50° 34° 50°

ESPRIT1 45.84°±1.52° 42.02°±0.74° 38.OO°±O.47° 33.99°±O.34°

50.34°± 1.76° 50.10°± 0.88° 49.98°+ 0.56° 49.96°± 0.42°

ESPRIT2 45.8O°±1.56° 42.03°±0.81° 38.00°+O.46° 33.99°±O.31°

50.38°± 1.72° 50.02°± 0.87° 49.94°± 0.58° 50.00°± 0.42°

45°,5o° 4o°,5o° 35°,50° 3O°,5O°

CSDE1 4298°+298° 3943°+151° 3491°+121° 3003°+110°

5O.7O°±O.97° 49.75°±1.03° 49.23°±0.93° 49.18°±1.11°

Table 4.4: ESPRIT and CSDEsimulation results for two directional sources:DOA
estimatesv.s. sourcedirection

Estimator

SourceDOA Estimates
SNR=2OdB

5°,15° 40° 50° 6o°,70°

ESPRIT1 498°+O32° 4001°+060° 6007°+149°

15.11°+0.31° 5000°+072° 7026°+241°

ESPRIT2 4.99°±O.33° 39.98°±0.61° 60.09°±148°

1500°+0.33° 5000°+073° 7O17°+232°

CSDE1 4.22°±0.82° 39.51°±1.46° 63.40°±8.2O°

15.63°±O.81° 49.73°±1.06° 65.42°±1.22°

The amplitudeestimateis investigatedusingbothESPRITand CSDE.Theresultsare

shown in Fig. 4.13 through 4.18. Note, the ESPRIT solution is the estimateof source

amplitudewithin a scalarof constant.Hence,we canobservethe displacementbetween

the true amplitudeandESPRIT estimate.However, the shapeof the sourceamplitudeis

well recovered.Thescalarfactormustbe determinedby calibratingatleastonesensor.On

the other hand,theCSDEsolution is the exactamplitudeestimate.Theexampleestimate
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standarddeviationis given in Table4.5. It is not strangethat theperformanceof theampli

tudeestimationdependson that of theDOA estimation,and thus the SNR available.As

shownin simulations,for SNR=10- 20dB, theamplitudeestimateis quite goodaslong as

theDOA estimateis accurate.

Source1 direction:
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Source2 direction:
50°

64 points/trial

I

True Value

Estimate

0.

I

SamplePoint

Figure 4.13: ESPRIT1 simulationresultsfor two directional
sources:amplitudeestimateexampleat SNR=2OdB
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Figure 4.14: ESPRIT2 simulationresultsfor two directional
sources:amplitudeestimateexampleat SNR=2OdB
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Figure 4.16: ESPRIT1 simulationresultsfor two directional
sources:amplitudeestimateexampleat SNR=lOdB
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Figure 4.17: ESPRIT2 simulationresultsfor two directional
sources:amplitudeestimateexampleat SNR=10dB
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Table 4.5: CSDE simulation results for two directional sources:amplitude estimate
examples

Estimator

StandardDeviationsfor
Two SourceAmplitude

Estimates

SNR=lOdB SNR=2OdB

CSDE1 0.7734 0.4051

0.8717 0.3575

In the abovesimulations,we assumea statisticalindependentsignal model, in which

the temporal correlation, or the coherencebetween two directional sources,can be

ignored.Now, wewill considerthecoherentandtemporallycorrelatedsignal models,and

the covariance-basedCSDECSDE2 is testedtogetherwith ESPRIT. First, sensitivity

to temporalcorrelationis investigated.The results are shownin Fig. 4.19 through4.21.

The samplemeanand standarddeviationare given in Table4.6. Theaveragedcorrelation

coefficient, Cay, for any time lag within thesampledatalength is chosenas0.5, 0.85, and

0.97, respectively.Theresults indicatethat, thoughits performancedecreasesa little bit,

ESPRITis quite robustto thesignal correlationexceptfor very highly closeto 1.0 corre

latedmodel. On the contrary,for CSDE2, a fully temporallycorrelatedsignal model is

preferred.
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temporallycorrelatedsignalmodelwith Cay =0.5
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Figure 4.21: Simulationresultsfor two directionalsources:
temporallycorrelatedsignal modelwith Cay=0.97
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Table 4.6: ESPRIT and CSDE simulation results for two directional sources:
temporally correlated signal model

Estimator

-

SourceDOA Estimates
400, 500, SNR=2OdB

Cav=0.5 C0=0.85 Cav=0*97

CSDE2 / 3748°+1343° 3918°+373°

5154°+1O49° 52O2°+664° 5191°+565°

ESPRIT1 39.99°±152° 3994°+296° /

5002°+190° 5O12°±393° 51200+9320

ESPRIT2 39.91°± 1.550 39.53°±6.06° /

50.100 ± 1.95° 50.26° ± 4.71° 48.32°± 8.01°

In reality, 100-percentcorrelatedsignalsin time domain.seldomoccur,if not impossi

ble. A muchmoremeaningfulmodel is the coherentsignalsmodel,which is investigated

here. The simulation results are shownin Fig. 4.22 through4.24. The samplemeanand

standarddeviationare given in table 4.7. Thedegreeof coherent, Cd , betweentwo direc

tional sourcesis chosenas 0.68, 0.86, and 0.98, respectively.ThoughESPRITis still not

very sensitiveto the coherentsignalmodel exceptat highly coherentsignalswith degree

of coherentlarger than -0.95, CSDE 2 showsmuch better performancethanESPRIT

evenat degreeof coherent0.70.This suggeststhecoherentsignalbethebestmodel for the

covariance-basedCSDEmethod.

The simulation for a real bathymetricsidescansonaris implemented.The statistical

signal model is the sameas previous simulationsfor non-temporally-correlated,non-

coherentsignals.Two sourcedirections are assumedto changecontinuously from 10° to

60° and from 200 to 700, respectively,with a constantangularseparationof 100 between

them. Note, in a real system,the signalstrengthdecreasesasrangeincreases,while the

noiselevel at the receiveris almost a constant,independentof the signalrange.Thus, the

SNRdecreasesasrangeincreases.Here,the SNR is assumedto changecontinuouslyfrom

40dB at near-normalregionto 10dB at far off-normal region. All the systemparameters

areconsistentwith the sonarbeingdevelopedatWHOI. Forasonarsystem5Om abovethe
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fiat bottom, the chosenangularsectorcorrespondsto the signal rangeof 60-200m. Both

ESPRIT and point-basedCSDECSDE 1 are applied. The results are shownin Fig.

4.25 through4.27. The standarddeviationsfrom the true value for eachsourceDOA esti

mateare given in Table 4.8. Exceptat far off-normal region, where CSDE1 produces

somebiasedestimatesfor one of the sources,all the methodspresenta goodestimatefor

the sourceDOA’s. At far off-normalregion,theperformancedegradationcanbeexpected,

becausethe SNR’s there are lower, and the algorithmsperformworseat that region. The

simulationshereshow that thesealgorithmshasthe capability to trace two time-varying

sourceDOA’s with a small angularseparationbetweenthemfor a wide angularregion.

Finally, let’s look at somereal datafrom two-row bathymetricsidescansonars.Fig.

4.28 showsan exampleof the recordedreal receiveddataat eachof two rows. The esti

matedaveragedSNR’s at row 1 androw 2 areabout 12.9dB and 10.2dB,respectively,and

the noise correlationbetweentwo rows is about0.12. The complexdatacanbe obtained

by using the Hilbert transform.Traditional DPE and ESPRIT for two-row structureare

applied to thebottomechoDOA and amplitudeestimate.Note, in this configuration,both

ESPRIT1 andESPRIT2 areequivalent.Thecovarianceestimationis obtainedatevery

datablock with 64 samples.Theresultsareshownin Fig. 4.29.Becausethedatawere col

lectedfrom a relatively fiat bottom, wecan observean approximatelylinear sourceDOA

relationwith the increasingrange.TheESPRIT-basedapproachachievesexactly thesame

performancefor echo DOA estimatesas the traditional DPE. Moreover, the amplitude

estimateis obtainedby the ESPRIT-basedapproachas well. BecausethetraditionalDPE

hasbeenwidely usedin currentbathymetricsidescansonartechniques,the results here

indicatea greatapplicationpotentialusing theESPRIT-basedapproach.
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Figure 4.23: Simulationresultsfor two directionalsources:
coherentsignal modelwith Cd =0.86
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Figure 4.24: Simulationresultsfor two directionalsources:
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Table 4.7: ESPRIT and CSDE simulation results for two directional sources:
coherentsignal model

Estimator

SourceDOA Estimate
400, 50°, SNR=2OdB

Cd = 0.68 Cd = 0.86 Cd = 0.98

CSDE2 4005°+O92° 39 97°+o62° 4002°+066°

50.14°± 1.60° 50.02°± 0.71° 50.03°± 0.57°

ESPRIT1 4007°+090° 4003°+145° /

5007°+120° 50100+1600 5118°+66O°

ESPRIT2 4006°±O90° 3998°+146° /

5O.O9°± 1.21° 50.14°±1.62° 51.l1°±7.55°
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Figure 4.25: CSDE 1 simulationresultsfor two time-varying
directionalsourceswith time-varyingSNR.

0 20 40 60 80 100 120 140

86 I I I I I

TrueValue

Oneestimat:

0 20 40 60 80 100 120 140

40dB 10dB -..-- SNR

EstimatePoint

Figure 4.26: ESPRIT1 simulationresultsfor two time-vary
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Figure 4.27: ESPRIT2 simulationresultsfor two time-vary
ing directionalsourceswith time-varyingSNR.

Table 4.8: ESPRIT and CSDE simulation results for two time-varying directional
sourceswith time-varying SNR’s

Estimator CSDE1 ESPRIT1 ESPRIT2

SourceDOA
estimates:
Standard
deviation

12.27° 2.99° 1.75° 2.07° 1.83° 2.08°
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Chapter 5

Discussionsand Conclusions

5.1 Discussionsfor Real SystemApplication

It is well knownthat thecomputationloadandthe sensitivityto signal andnoise field are

thetwo key factors,whichmakeit difficult to usea high-resolutionadaptiveDOA estima

tion methodin a real commercialsonarsystem.In this section,thesetwo issuesaredis

cussedsimply.

First, the computationloads are evaluatedfor ESPRITand CSDE, which are widely

testedin Chapter4. Eachestimateis obtainedby using 64 datasamples,and the sensor

numberis assumedto be three.Obviously, a significant computationaleffort is expended

in forming the measurementcovariance matrix, which requires on the order of

64 x 32
= 576 complexoperations.In ESPRIT1, eigendecompositionsof threematrices

with the sizesof 4 x 4, 4 x 4 and 2 x 2, respectively,are computed.Becausean eigende

compositionof a m x m complexmatrix requireson theorder of lOm3 complexoperations,

thetotal computationloadfor eigendecompositionsis on theorderof 1360 complexoper

ations.It canbeshownthat thecomputationrequirementis the sameorderfor botheigen

decompositionand SVD if the covariancematrix forming is includedand only singular

values and left singular vectorare computed[39]. Besides,to reducethe generalized

eigendecompositionto the standardeigendecomposition,a Mahalanobistransformationis

implemented,which needs16 x 7 = 112 complexoperations.To obtainthesignal subspace

estimatefrom the first eigendecomposition,8 x 7 = 56 complex operationsare needed,

and to estimate the rotation operator I1, about 4 x 3 +7 = 19 complex operationsare

needed.Therefore,thecomputationloadfor DOA estimationis on the orderof 2123 com

plex operations.If a modified ESPRIT ESPRIIT 2 is usedwith the noise covariance

ignored,this numberis on theorderof 1955. Furthermore,theamplitudeestimateincludes

the weightscomputation,which needs78 complex operations,and the outputcomputa

tion, which needs 128 x 7 = 896 complex operations.Finally, accountingfor the eigen

valueorderingoperationandmemoryoperation,the total computationload is on theorder

of 3300 complexoperationsfor ESPRIT1, and 3100 for ESPRIT2. Assuminga sam
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pling rate of 48KHz, the numberof the complexoperationsper secondis on the order of

2.475M for ESPRIT1, and 2.325M for ESPRIT2.

A similar analysiscanbe applied to CSDE. Actually, the covariance-basedCSDE is

mostcomputationallyefficient, whosetotal computationloadpersecondis on theorderof

750K complex operations,while the point-basedCSDE requires more computations,

which areon theorderof 2M complexoperationsper second.

Note, in average,a complex operationmultiply or add/subtractrequires four real

operations.Assumingfloating-point operation,the DSPsystemmustbeableto implement

1OM suchoperationsper second,which is not a critical requirementfor a modernDSP

chip. For example,TMS32OC3O producedby Texas Instrumentshas the capability of

33.3M FLOPS floating-point operationsper second. Though some other facts may

increasee.g., otherinputloutput,proceduremanagementtasksor decreasee.g.,parallel

instruction, matrix-orient instruction the computationload, it is reasonableto declaim

that thecomputationload is no longera critical issuein a realbathymetricsidescansonar

systemrealization.This is dueto a relatively simple arrayconfigurationand alsothe sig

nificant improvementon computationalefficiency by ESPRIT over MUSIC and some

otherhigh-resolutionadaptivemethods.

Second,the real dataimperfectionshouldbe takeninto accountbecauseit will affect

theperformanceof theDOA andamplitudeestimateby varyingdegrees.In general,most

adaptivealgorithms require a known noise correlationestimate,which can be obtained

eitherby real measuringor by theoreticallymodeling.If a wrongmodel is used,themis

matching will cause the performancedegradation,even totally failure operation. In

ESPRIT,a noisecorrelationestimateis also needed.However,in the simulationsin chap

ter 4, we haveobservedno significant differencebetweenthe standardESPR1Tand the

modifiedESPRIT,which doesn’tusethenoisecorrelationinformation.This is not strange

becausein the contextof bathymetricsidescansonar,only severalsensorsare used,and

the optimum array gain is ten times the logarithmof the sensornumber.Consequently,

thoughasignificant improvementin SNR won’t happen,thenoisemodelmismatchingis

not a seriousproblemhere.



- However, some other data imperfectionsmay be important. As we have discussed

before,the degreeof temporalcorrelationfor one source,spatialcorrelationamongsen

sors for one source,coherencebetweendifferentsources,affect moreor lessthe estimate

performance.TheGaussianassumptionof thebottom scatteringdoesn’thold asthe reso

lution increases.Furthermore,the strongly dispersivemedium makesthe plane wave

assumptioninvalid, and for a complicatedbottom structure,theelementaryscatteringsig

nallosesits similarity with the impinging signal.In the fishery surveyapplication,therap

idly moving of thefish schoolscausesthe Dopplereffectsno longerignorable.

Besides,the systemdesign imperfections,suchas non-matchingbeampatterns,per

turbedsensorgainand phaseresponse,andsensorpositionerror, shouldbe considered.In

systemimplementation,an ill-conditioning matrix operationshouldalsobe avoided.

It is impossibleto dealwith all theseimperfectionswell. However,if someinforma

tions aboutthemare available,a basiscanbe establishedto evaluatequantitativelytheper

formanceobtainedby the systemalgorithms.For example,aswe know, the performance

ofall theproposedalgorithmsdependsstronglyon the input SNR,soa betterestimatecan

be expectedat the high SNR region, and vice versa. Therefore,the measurementdata

quality is indicatedby an estimatedSNR map associatedwith a bathymetricsidescanout

put. Also, aswe have discussedin section3.3, the eigendecompositionof the measure

mentcovariancematrix describesthesignalfield structureto someextent.

5.2 Conclusionsand Future Works

In thereal applicationwith bathymetricsidescansonar,themultipathreflection andother

directional interferencesare the key limiting factors for a better performance.A new

schemeto dealwith theseinterferencesusinga multiple-rowbathymetricsidescansonaris

proposed.Insteadof smoothingthe measurementsover some time or angleintervals as

previouslywidely investigated,we resolvetheinterferencesfrom thesignalsof interests.

Theproposedschemeis supportedby theanalysison the interferencefield associatedwith

bathymetricsidescansonar,which showsthat, for thoseregionswith necessarysignal-to

noiseratio for reliablebathymetrymeasurements,a modelwith only oneto threedominat

ing directional sourcesincluding the interferencesat the sameinstant is a reasonable

approximationto thewavefield.
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A few approachesare studiedor developedto obtain the signalDOA and amplitude

estimate,andbecausetherealthreeor more-rowsonardataarenot availableat thetime of

this writing, theseapproachesaretestedusing thesimulationdatabasedon boththestatis

tical andcoherentsignal models.For one directionalsourcesituation,the traditionaldif

ferentialphaseestimateDPE, two ofits modifiedversions,andESPRITareinvestigated.

The resultsshow that, at mediateto high SNR, theaveragedDPE and vernierDPE per

form aswell asESPRIT. However,at lower SNR, ESPR1Tshowsbetterperformancein

the senseof estimatestatistics,possiblybecauseit exploits the underlyingnoisecorrela

tion knowledge. -

For the caseswith two directional sources,a correlatedsignal direction estimate

CSDE for three-row systems is proposed, and comparedwith the ESPR1T-based

approachesusing different data models. The simulation results show ESPRIT-based

approachesarequite robustat theangularseparationof 100 betweentwo sourcesand at

the signal-to-noiseratio above 10dB exceptfor highly coherentor temporally correlated

signals, for which the covariance-basedCSDE works very well. Besides,bothESPRIT

andCSDEcan give the amplitudeestimatefor eachdirectionalsourceon thebasisof the

DOA estimate.

Basically,ESPRIT algorithm exploits the phaseinformation embeddedin the signal

covarianceestimateas DPE does.Therefore,for a two-row systemand one directional

source,both ESPRITand DPE are equivalent.However,becauseESPRIT can be applied

to a multiple-row system,more directionalsourcesmay be resolved.On the other hand, -

CSDEdependson not only the receivedphaseinformation but also the exactamplitude

measurementat eachrow, thus limiting its performancein the non-coherent,non-tempo

rally-correlatedsignal field. However,a point-basedCSDE doesn’tassumeany signalor

noise model and can always be used, though its performancedepends.Furthermore,

CSDEis mostcomputationallyefficient.

Underthearrayconfigurationwith only threeor afew moresensors,ahigh-resolution

adaptivemethodsuchasESPRITcannotfully showits advantagesin DOA and amplitude

estimation.On the other hand,the sensitivity to signalandnoise field inherentto sucha

methodis reduced.The simulationresultsandreal-datatestusing two-row sonardata,as

well asthe discussionson the computationload and dataimperfection,have shownthat
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ESPRIThasagreatpotentialto beusedin arealmultiple-rowbathymetricsidescansonar

system.

There is certainlymore researchto be done into the practicalaspectsof the above

algorithms.First, all thesealgorithmsneedto be testedusing the real threeor more-row

sonardata.Second,theimperfectionsin therealdatashouldbefurther investigated.Based

on thereal datatest and analysisresults, the optimumrow numbershould be able to be

determined.With the capability of simultaneouslyresolving two or more directional

sources,the newmultiple-row bathymetricsidescansonarshould work betterfor a wider

variety of practical situations, particularly in shallow water; this improvementcan be

- obtainedwithout significantincreaseof thesystemcost.

So far, our discussionsconcentrateon the signal DOA and amplitude estimation.A

logic stepfor furtherdataprocessingis to interpretandsmooththeseestimates.Therefore,

by combiningthesmoothedestimateswith othersensordata,themeasurementsof thebot

tom bathymetry,backscatteringpropertiesandtargetimagerycan be obtained.
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