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Abstract

This paperpresentsperformanceresultsfor the designand implementationof parallel

pipelinedSpace-Time Adaptive Processing(STAP) algorithmson parallelcomputers.In par-

ticular, thepaperdescribestheissuesinvolvedin parallelization,ourapproachtoparallelization

andperformanceresultson an Intel Paragon.Thepaperalsodiscussestheprocessof devel-

opingsoftwarefor suchanapplicationonparallelcomputerswhenlatency andthroughputare

bothconsideredtogetherandpresentstradeoffs consideredwith respectto interandintra-task

communicationanddataredistribution. Theresultsshow thatnot only scalableperformance

wasachieved for individual componenttasksof STAP but linearspeedupswereobtainedfor

theintegratedtaskperformance,bothfor latency aswell asthroughput.Resultsarepresented

for upto 236computenodes(limited by themachinesizeavailableto us).Anotherinteresting

observationmadefrom theimplementationresultsis thatperformanceimprovementdueto the

assignmentof additionalprocessorsto onetaskcanimprove the performanceof othertasks

without any increasein thenumberof processorsassignedto them. Normally, this cannotbe

predictedby theoreticalanalysis.
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1 Introduction

Space-timeadaptiveprocessing(STAP) is a well known techniquein theareaof airbornesurveil-

lanceradarsusedto detectweaktarget returnsembeddedin stronggroundclutter, interference,

andreceivernoise.STAP is a 2-dimensionaladaptivefiltering algorithmthatattenuatesunwanted

signalsby placingnulls in theirdirectionsof arrival andDopplerfrequencies.MostSTAP applica-

tionsarecomputationallyintensiveandmustoperatein realtime. High performancecomputersare

becomingmainstreamdueto theprogressmadein hardwareaswell assoftwaresupportin thelast

few years.They cansatisfytheSTAP computationalrequirementsof real-timeapplicationswhile

increasingthe flexibility , affordability, andscalabilityof radarsignalprocessingsystems.How-

ever, efficient parallelizationof a STAP algorithmwhich hasembeddedin it differentprocessing

stepsis challengingandis thesubjectof thispaper.

This paperdescribesour innovative parallel pipelinedimplementationof a PulseRepetition

Interval (PRI)-staggeredpost-DopplerSTAP algorithmon theIntel Paragonat theAir ForceRe-

searchLaboratory(AFRL), Rome,New York. For a detaileddescriptionof the STAP algorithm

implementedin this work, the readeris referredto [1, 2]. AFRL successfullyinstalledtheir im-

plementationof the STAP algorithmonboardanairborneplatformandperformedfour flight ex-

perimentsin May andJune1996[3]. Theseexperimentswereperformedaspartof theReal-Time

Multi-ChannelAirborneRadarMeasurements(RTMCARM) program.TheRTMCARM system

block diagramis shown in Figure1. In that real-timedemonstration,live datafrom a phasedar-

ray radarwasprocessedby theonboardIntel Paragonandresultsshowedthathigh performance

computerscandeliver a significantperformancegain. However, this implementationusedcom-

putenodesof the machineonly asindependentresourcesin a roundrobin fashionto run differ-

ent instancesof STAP (ratherthanspeedingup eachinstanceof STAP.) Usingthis approach,the

throughputmaybeimproved,but thelatency is limited by whatcanbeachievedusingonecompute

node.

Parallelcomputers,organizedwith a largeset(severalhundreds)of processorslinkedby a spe-

cializedhigh speedinterconnectionnetwork, offer anattractive solutionto many computationally

intensive applications,suchas imageprocessing,simulationof particle reactions,andso forth.

Parallel processingsplits an applicationprobleminto several subproblemswhich aresolved on
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Figure 1. RTMCARM system block diagram.

multipleprocessorssimultaneously. To learnmoreaboutparallelcomputing,thereaderis referred

to [4, 5, 6, 7, 8]. For ourparallelimplementationof this realapplicationwehavedesignedamodel

of theparallelpipelinesystemwhereeachpipelineis a collectionof tasksandeachtaskitself is

parallelized.This parallelpipelinemodelwasappliedto theSTAP algorithmwith eachstepasa

taskin apipeline.Thispermitsusto significantlyimprove latency aswell asthroughput.

This paperdiscussesboth theparallelizationprocessandperformanceresults.In addition,de-

sign considerationsfor portability, taskmapping,paralleldataredistribution, parallelpipelining

aswell assystem-level andtask-level performancemeasurementarepresented.Finally, the per-

formanceandscalabilityof theimplementationfor a largenumberof processorsis demonstrated.

Performanceresultsaregivenfor theIntel ParagonatAFRL.

Thepaperis organizedasfollows. In Section2 we discussthe relatedwork. An overview of

the implementedalgorithmis given in Section3. In Section4 we presentthe parallelpipeline

systemmodelanddiscusssomeparallelizationissuesandapproachesfor implementationof STAP

algorithms.Section5 presentsspecificdetailsof STAP implementation.Performanceresultsand
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conclusionsarepresentedin Section7 andSection8, respectively.

2 Related Work

TheRTMCARM experimentswereperformedusingaBAC 1-11aircraft.Theradarwasaphased

arrayL-Bandradarwith 32 elementsorganizedinto two rows of 16 each.Only thedatafrom the

upper16elementswereprocessedwith STAP. Thisdatawasderivedfroma1.25MHz intermediate

frequency (IF) signalthatwas4:1oversampledat5 MHz. Thenumberrepresentationat IF was14

bits, 2’s complementandwasconvertedto 16 bit basebandrealandimaginarynumbers.Special

interfaceboardswereusedto digitally demodulateIF signalsto baseband.Thesignaldataformed

araw 3-dimensionaldatacube,calledthecoherentprocessinginterval (CPI)datacube,comprised

of 128pulses,512rangegates(32.8miles),and16 channels.Thesespecialinterfaceboardswere

alsousedto cornerturn thedatacubeso that theCPI is unit stridealongpulses.This speedsthe

subsequentDopplerprocessingon the High PerformanceComputing(HPC) systems.Live CPI

datafrom a phased-arrayradarwereprocessedby a ruggedizedversionof theParagoncomputer.

Theruggedizedversionof theIntel Paragonsystemusedfor theRTMCARM experimentscon-

sistsof 25 computenodesrunningthe SUNMOSoperatingsystem.Figure2 depictsthe system
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implementation.Eachcomputenodehasthreei860 processorsaccessingthe commonmemory

of size64M bytesasa sharedresource.TheCPI datasetsweresentto the25 computenodesin

a roundrobin mannerandall threeprocessorsworkedon eachCPI datasetasa shared-memory

machine.Thesystemprocessedup to 10 CPIspersecond(throughput)andachieveda latency of

2.35secondsperCPI.This implementationusedcomputenodesof themachineasindependentre-

sourcesto run differentinstancesof CPI datasets.No communicationamongcomputenodeswas

needed.This approachcanachievedesiredthroughputby usingasmany nodesasneeded,but the

latency is limited by whatcanbeachievedusingthethreeprocessorsin onecomputenode.More

informationon theoverallsystemconfigurationandperformanceresultscanbefoundin [1, 3].

Other relatedwork [9, 10, 11, 12] parallelizedhigh-orderpost-DopplerSTAP algorithmsby

partitioningthe computationalworkloadamongall processorsallocatedfor the applications.In

[9, 10], thework focusedonthedesignof parallelversionsof subroutinesfor FFTandQRdecom-

position. In [11, 12], the implementationsoptimizedthe dataredistribution betweenprocessing

stepsin theSTAP algorithmswhile usingsequentialversionsof theFFT andQR decomposition

subroutines.A multi-stageapproachwasemployedin [13] whichwasanextensionof [11, 12]. A

beamspacepost-DopplerSTAP wasdividedinto threestagesandeachstagewasparallelizedon

a groupof processors.A techniquecalledreplicationof pipelinestageswasusedto replicatethe

computationalintensive stagessuchthat a differentdatainstanceis run on a differentreplicated

stage.Theireffort focusedon increasingthethroughputwhile keepingthelatency fixed.For other

relatedwork, thereaderis referredto [14, 15,16].

3 Algorithm Overview

Theadaptivealgorithm,whichcancelsDopplershiftedclutterreturnsasseenby theairborneradar

system,is basedon a leastsquaressolution to the weight vector problem. This approachhas

traditionallyyieldedhigh clutter rejectionbut suffersfrom severedistortionsin theadaptedmain

beampatternandresultinglossof gainon thetarget. Our approach,which is describedin greater

detail in the Appendix, introducesa set of constraintequationsinto the leastsquaresproblem

which canbeweightedproportionallyto preserve mainbeamshape.Thealgorithmis structured

sothatmultiple receivebeamsmaybeformedwithoutchangingthematrixof trainingdata.Thus,
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theadaptive problemcanbesolvedoncefor all beamswhich lie within the transmitillumination

region. The airborneradarsystemwasprogrammedto transmitfive beams,each25 degreesin

width, spaced20degreesapart.Within eachtransmitbeam,six receivebeamswereformedby the

processor.

A MATLAB versionof the codewhich was parallelizedis presentedin the Appendix. The

algorithmconsistsof thefollowing steps:

1. Dopplerfilter processing,

2. Weightcomputation,

3. Beamforming,

4. Pulsecompression,and

5. CFAR processing.

Dopplerfiltering is performedoneachreceive channelusingweightedFastFourierTransforms

(FFT’s). Theanalogportionof the receiver compensatesthe receivedclutter frequency to center

the clutter frequency at zeroregardlessof the transmitbeamposition. This simplifies indexing

of Dopplerbins for classificationas”easy” or ”hard” dependingon their proximity to mainbeam

clutterreturns.For thehardcases,Dopplerprocessingis performedon two 125-pulsewindowsof

dataseparatedby threepulses(a STAP techniqueknown as”PRI-stagger”).Both setsof Doppler

processeddataareadaptively weightedin thebeamformingprocessfor improvedclutterrejection.

In the easycase,only a singleDopplerspectrumis computed.This simplertechniquehasbeen

termedPostDopplerAdaptive Beamformingandis quite effective at a fraction of the computa-

tional costwhentheDopplerbin is well separatedfrom mainbeamclutter. In thesesituations,an

angularnull placedin thedirectionof the competinggroundclutterprovidesexcellentrejection.

Selectablewindow functionsareappliedto thedataprior to theDopplerFFT’s to controlsidelobe

levels.Theselectionof awindow is akey parameterin thatit impactstheleakageof clutterreturns

acrossDopplerbins,tradedoff againstthewidth of theclutterpassband.

An efficientmethodof beamformingusingrecursiveweightupdatesis madepossibleby ablock

updateform of theQRdecompositionalgorithm.This is especiallysignificantin thehardDoppler
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regions,which arecomputedusingseparateweightsfor six consecutive rangeintervals. There-

cursive algorithmrequiressubstantiallylesstraining data(samplesupport)for accurateweight

computation,aswell asproviding improvedefficiency. Sincethehardregionshave onesixth the

rangeextent from which to draw data,this approachdealtwith thepaucityof databy usingpast

looks at the sameazimuth,exponentiallyforgotten,as independent,identically distributedesti-

matesof theclutterto becancelled.Thisassumesareasonablerevisit timefor eachazimuthbeam

position.During theflight experiments,thefive 25 degreetransmitbeampositionswererevisited

ata1-2Hz rate(5-10CPIspersecond.)

Thetrainingdatafor theeasyDopplerregionswasselectedusinga moretraditionalapproach.

Here,theentirerangeextentwasavailablefor samplesupport,sotheentiretrainingsetwasdrawn

from threeprecedingCPIsfor applicationto thenext CPI in this azimuthbeamposition. In this

case,a regular (non-recursive) QR decompositionis performedon the trainingdata,followedby

blockupdateto addin thebeamshapeconstraints.

Pulsecompressionis a computeintensive task,especiallyif appliedto eachreceive channelin-

dependently. In general,thisapproachis requiredfor adaptivealgorithmswhichcomputedifferent

weightsetsasa functionof radarrange.Our algorithm,however, with its mainbeamconstraint,

preservesphaseacrossrange.In fact,thephaseof thesolutionis independentof theclutternulling

equations,andappearsonly in the constraintequations.The adaptedtarget phaseis preserved

acrossrange,even thoughthe clutter and adaptive weightsmay vary with range. Thus, pulse

compressionmay be performedon the beamformedoutputof the receive channelsproviding a

substantialsavingsin computations.

In thesectionsto follow, wepresenttheprocessof parallelizationandsoftwaredesignconsider-

ationsincludingthosefor portability, taskmapping,paralleldataredistribution,parallelpipelining

andissuesinvolvedin measuringperformancein implementationswhennotonly theperformance

of individual tasksis important,but overall performanceof the integratedsystemis critical. We

demonstratetheperformanceandscalabilityfor a largenumberof processors.
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4 Model of the Parallel Pipelined System

Thesystemmodelfor the typeof STAP applicationsconsideredin this work is shown in Figure

3. A pipelineis a collectionof taskswhich areexecutedsequentially. The input to the first task

is obtainednormally from sensorsor other input deviceswith the inputs to the remainingtasks

coming from outputsof previous tasks. The setof pipelinesshown in the figure indicatesthat

the samepipelineis repeatedon subsequentinput datasets. Eachblock in a pipelinerepresents

onetask,that is parallelizedon multiple (differentnumberof) processors.That is, eachtask is

decomposedinto subtasksto beperformedin parallel. Therefore,eachpipelineis a collectionof

paralleltasks.

In sucha system,thereexist both spatialandtemporalparallelismthat result in two typesof

datadependenciesand flows, namely, spatialdatadependency and temporaldatadependency

[17, 18, 19]. Spatialdatadependency canbeclassifiedinto inter-taskdatadependency andintra-

taskdatadependency. Intra-taskdatadependenciesarisewhenasetof subtasksneedsto exchange

intermediateresultsduring the executionof a parallel task in a pipeline. Inter-taskdatadepen-
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dency is dueto the transferandreorganizationof datapassedonto the next parallel task in the

pipeline.Inter-taskcommunicationcanbecommunicationfrom thesubtasksof thecurrenttaskto

thesubtasksof thenext task,or collectionandreorganizationof outputdataof thecurrenttaskand

thenredistributionof thedatato thenext task.Thechoicedependson theunderlyingarchitecture,

mappingof algorithmsandinput-outputrelationshipbetweenconsecutive tasks. Temporaldata

dependency occurswhensomeform of outputgeneratedby the tasksexecutedon the previous

datasetareneededby tasksexecutingthecurrentdataset. STAP is an interestingparallelization

problembecauseit exhibitsbothtypesof datadependency.

4.1 Parallelization Issues and Approaches

A STAP algorithminvolvesmultiple algorithms(or processingsteps),eachof which performs

particularfunctions,to beexecutedin a pipelinedfashion.Multiple pipelinesneedto beexecuted

in a staggeredmannerto satisfythe throughputrequirements.Eachtaskneedsto beparallelized

for the requiredperformance,which, in turn, requiresaddressingthe issueof datadistribution

on the subsetof processorson which a task is parallelizedto obtaingoodefficiency and incur

minimal communicationoverhead.Giventhateachtaskis parallelized,dataflow amongmultiple

processorsof two or moretasksis requiredand,therefore,communicationschedulingtechniques

becomecritical.

4.1.1 Inter-task Data Redistribution

In an integratedsystem,dataredistribution is requiredto feeddatafrom oneparalleltaskto an-

other, becausethewaydatais distributedin onetaskmaynot bethemostappropriatedistribution

for thenext taskfor algorithmicor efficiency reasons.For example,theFFTsin theDopplerfil-

ter processingtaskperformoptimally whenthe datais unit-stridein pulse,while the next stage,

beamforming,performsoptimally whenthe datais unit stride in channel. To ensureefficiency

andcontinuityof memoryaccess,datareorganizationandredistribution arerequiredin the inter-

taskcommunicationphase.Dataredistributionalsoallowsconcentrationof communicationat the

beginningandtheendof eachtask.

We have developedruntimefunctionsandstrategies that performefficient dataredistribution
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[20]. Thesetechniquesreducethecommunicationtime by minimizingcontentionon thecommu-

nicationlinks aswell asby minimizing theoverheadof processingfor redistribution (which adds

to thelatency of sendingmessages).We take advantageof lessonslearnedfrom thesetechniques

to implementtheparallelpipelinedSTAP application.

4.1.2 Task Scheduling and Processor Assignment

An important factor in the performanceof a parallel systemis how the computationalload is

mappedontotheprocessorsin thesystem.Ideally, to achievemaximumparallelism,theloadmust

beevenly distributedacrosstheprocessors.Theproblemof staticallymappingtheworkloadof a

parallelalgorithmto processorsin a distributedmemorysystemhasbeenstudiedunderdifferent

problemmodels,suchas[21,22]. Themappingpoliciesareadequatewhenanapplicationconsists

of a singletask,andthe computationalload canbe determinedstatically. Thesestaticmapping

policiesdonotmodelapplicationsconsistingof asequenceof tasks(algorithms)wheretheoutput

of onetaskbecomestheinput to thenext taskin thesequence.

Optimaluseof resourcesis particularlyimportantin high-performanceembeddedapplications

dueto limited resourcesandotherconstraintssuchasdesiredlatency or throughput[23]. When

severalparalleltasksneedto beexecutedin a pipelinedfashion,tradeoffs exist betweenassigning

processorsto maximizetheoverall throughputandassigningprocessorsto minimizea singledata

set’s responsetime (or latency.) Thethroughputrequirementsaysthatwhenallocatingprocessors

to tasks,it shouldbe guaranteedthat all the input datasetswill be handledin a timely manner.

That is, theprocessingrateshouldnot fall behindtheinput datarate. Theresponsetime criteria,

on theotherhand,requireminimizing thelatency of computationonaparticularsetof datainput.

To reducethe latency, eachparalleltaskmustbe allocatedmoreprocessorsto reduceits exe-

cution time, andconsequently, theoverall executiontime of the integratedsystem.But it is well

known thattheefficiency of parallelprogramsusuallydecreasesasthenumberof processorsis in-

creased.Therefore,thegainsin thisapproachmaybeincremental.On theotherhand,throughput

canbeincreasedby increasingthelatency of individual tasksby assigningthemfewerprocessors

and,therefore,increasingefficiency, but at thesametime having multiple streamsactive concur-

rently in a staggeredmannerto satisfy the input-datarate requirements.We next presentthese

tradeoffs anddiscussvariousimplementationissues.
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5 Design and Implementation

Thedesignof the parallelpipelinedSTAP algorithmis shown in Figure4. Theparallelpipeline

systemconsistsof sevenbasictasks.Wereferto theparallelpipelineassimplyapipelinein therest

of thispaper. Theinputdatasetfor thepipelineis obtainedfrom aphasedarrayradarandis formed

in termsof acoherentprocessinginterval (CPI).EachCPIdatasetis a3-dimensionalcomplex data

cubecomprisedof 
 rangecells, � channels,and � pulses.Theoutputof thepipelineis a report

on thedetectionof possibletargets.Thearrows shown in Figure4 indicatedatatransferbetween

tasks.Althougha singlearrow is shown, notethateachrepresentsmultipleprocessorsin onetask

communicatingwith multiple processorsin anothertask. Eachtask � is parallelizedby evenly

partitioningits work load among ��� processors.The executiontime associatedwith task � , ��� ,
consistsof the time to receive datafrom the previous task,computationtime, andtime to send

resultsto thenext task.

The calculationof weightsis the mostcomputationallyintensive part of the STAP algorithm.

For thecomputationof theweightvectorsfor thecurrentCPIdatacube,datacubesfrom previous

CPIsareusedas input data. This introducestemporaldatadependency. For example,suppose

thata setof CPI datacubesenteringthepipelinesequentiallyaredenotedby ������� , �����
� �!�#" " " .
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At any time instance� , theDopplerfiltering taskis processing���$�%� andthebeamformingtaskis

processing�&�$�%�('*) . In themeanwhile,theweightcomputationtaskis usingpastCPIsin thesame

azimuthaldirectionto calculatethe weight vectorsfor �&�$�%� asdescribedbelow. Thecomputed

weightvectorswill beappliedto �&�$�%� in thebeamformingtaskat thenext time instance( �,+-� ).
Thus,temporaldatadependenciesexist andarerepresentedby arrows with dashedlines, �/.0)21 3
and �/.5461 7 , in Figure4 where �/.8�91 : representstemporaldatadependency of task ; on datafrom

task � . In a similar manner, spatialdatadependencies<=.8�91 : canbe definedandareindicatedin

Figure4 by arrowswith solid lines.

Throughputandlatency aretwo importantmeasuresfor performanceevaluationon a pipeline

system. The throughputof our pipeline systemis the inverseof the maximumexecutiontime

amongall tasks,i.e.,
>@?BADCFE*G
?IH*E*> � �JLKFMN6O �9PRQ ���

" (1)

To maximizethe throughput,themaximumvalueof ��� shouldbeminimized. In otherwords,no

taskshouldhave an extremely large executiontime. With a limited numberof processors,the

processorassignmentto differenttasksmustbemadein sucha way thattheexecutiontime of the

taskwith highestcomputationtime is reduced.

The latency of this pipelinesystemis the time betweenthearrival of theCPI datacubeat the

systeminputandthetimeatwhichthedetectionreportis availableatthesystemoutput.Therefore,

thelatency for processingoneCPI is thesumof theexecutiontimesof all thetasksexceptweight

computationtasks,i.e.,
SUT >WV XZY�[ �\� N +^] T!_�` �Z3a�6��7�bc+d��ef+d��gh" (2)

Equation(2) doesnot contain ��) and ��4 . The temporaldatadependency doesnot affect the

latency becauseweightcomputationtasksusedatafrom theprevious instanceof CPI datarather

thanthecurrentCPI.ThefilteredCPI datacubesentto thebeamformingtasksdonot wait for the

completionof its weightcomputationbut ratherfor thecompletionof theweightcomputationof

the previous CPI. For example,whenthe Dopplerfilter processingtaskis processing������� , the

weight computationtasksusethe filtered CPI data, �&�$�%�('*) , to calculatethe weight vectorsfor

������� . At thesametime, thebeamformingtasksareworking on �������9'*) usingthedatareceived

from theDopplerfilter processingandweightcomputationtasks.Thebeamformingtasksdo not
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wait for thecompletionof theweightcomputationtaskwhenprocessing�������9'*) data.Theoverall

systemlatency canbereducedby reducingtheexecutiontimesof theparalleltasks,e.g., � N , ��3 ,
��7 , �Ze , and �Zg in oursystem.

Next, we briefly describeeachtaskandits parallel implementation.A detaileddescriptionof

theSTAP algorithmweusedcanbefoundin [1, 2].

5.1 Doppler Filter Processing

The input to the Doppler filter processingtask is one CPI complex datacubereceived from a

phasedarrayradar. The computationin this taskinvolvesperformingrangecorrectionfor each

rangecell andtheapplicationof a windowing function(e.g. Hanningor Hamming)followedby

a � -point FFT for every rangecell andchannel.Theoutputof theDopplerfilter processingtask

is a 3-dimensionalcomplex datacubeof size 
jilkm�nil� which is referredto asstaggeredCPI

data. In Figure4, we canseethat this outputis sentto theweightcomputationtaskaswell asto

thebeamformingtask.

Both theweightcomputationandthebeamformingtasksaredividedinto easyandhardparts.

Thesetwo partsusedifferentportionsof staggeredCPIdataandtheassociatedamountsof compu-

tationarealsodifferent.Theeasyweightcomputationtaskusesrangesamplesonly from thefirst

half of thestaggeredCPIdatawhile thehardweightcomputationtaskusesrangesamplesfrom the

entirestaggeredCPIdata.On theotherhand,easyandhardbeamformingtasksuseall rangecells

ratherthansomeof them. Therefore,thesizeof datato be transferedto theweightcomputation

tasksis differentfrom the sizeof datato be sentto the beamformingtasks. In Figure4, thicker

arrows connectedfrom theDopplerfilter processingtaskto thebeamformingtasksindicatesthat

theamountof datasentto thebeamformingtasksis morethantheamountof datasentto theweight

tasks.

Thebasicparallelizationtechniqueemployedin theDopplerfiltering processingtaskis to par-

tition theCPI datacubeacrosstherangecells, that is, if � N processorsareallocatedto this task,

theneachprocessoris responsiblefor ophq rangecells.Thereasonfor partitioningtheCPIdatacube

alongdimension
 is that it maintainsanefficient accessingmechanismfor contiguousmemory

space.A total of 
srDkm�t� -point FFTsareperformedandthebestperformanceis achievedwhen
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Figure 5. Partitioning strategy for Doppler filter processing task. The CPI data cube is par ti-

tioned among uwv processor s across dimension x .

every � -point FFTaccessesits � datasetsfrom a contiguousmemoryspace.Figure5 illustrates

the parallelizationof this step. The inter-taskcommunicationfrom the Dopplerfilter processing

taskto weightcomputationtasksis explainedin Figure6(b). Sinceonly subsetsof rangecellsare

neededin weightcomputationtasks,datacollectionhasto beperformedon theoutputdatabefore

passingit to thenext tasks.Datacollectionis performedto avoid sendingredundantdataandhence

reducesthecommunicationcosts.

5.2 Weight Computation

Thesecondstepin thispipelineis thecomputationof weightsthatwill beappliedto thenext CPI.

This computationfor � pulsesis dividedinto two parts,namely, ”easy”and”hard” Dopplerbins,

asshown in Figure6(a). The hardDopplerbins (pulses),�&y{z}|2~ , are thosein which significant

groundclutteris expected.TheremainingbinsareeasyDopplerbins, ����z@��� . Themaindifference

betweenthetwo is theamountof datausedandtheamountof computationrequired.Not all range

cellsin thestaggeredCPIareusedin weightcalculationanddifferentsubsetsof rangesamplesare

usedin easyDopplerbinsandhardDopplerbins.

Togatherrangesamplesfor easyDopplerbinstocalculatetheweightvectorsfor thecurrentCPI,

datais drawn from threeprecedingCPIsby evenlyspacingout over thefirst onethird of 
 range

cellsof eachof thethreeCPIs.Theeasyweightcomputationtaskinvolves����z@��� QRfactorizations,

block updates,andbacksubstitutions.In the easyweightcalculation,only rangesamplesin the

first half of thestaggeredCPIdataareusedwhile hardweightcomputationemploysrangesamples
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be performed before the comm unication. This can be viewed as irregular data redistrib ution.

from the entirestaggeredCPI. Furthermore,the rangeextent for hardDopplerbins is split into

six independentsegmentsto further improve cluttercancelation.To calculateweightvectorsfor

the currentCPI, the rangesamplesusedin hard Doppler bins are taken from the immediately

precedingstaggeredCPIcombinedwith older, exponentiallyforgotten,datafrom CPIsin thesame

direction. This is donefor eachof the six rangesegments. The hardweight computationtask

involves �!��y{zW|2~ recursive QR updates,block updates,andbacksubstitutions.Theeasyandhard

weightcomputationtasksprocesssetsof 2-dimensionalmatricesof differentsizes.

Temporaldatadependency exists in the weight computationtaskbecauseboth easyandhard

Dopplerbinsusedatafrom previousCPIsto computetheweightsfor thecurrentCPI.Theoutputs

of thisstep,theweightvectors,aretwo 3-dimensionalcomplex datacubesof size �&��z@����i���i��
and �&y{z}|2~&i�km�^i�� for the easyandhardweight computationtasks,respectively, where � is

thenumberof receivebeams.Thesetwo weightvectorsareto beappliedto thecurrentCPI in the

beamformingtask.Becauseof thedifferentsizesof easyandhardweightvectors,thebeamforming

taskis alsodividedinto easyandhardpartsto handledifferentamountsof computation.

Giventheunevennatureof theweightcomputations,differentsetsof processorsareallocated
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Figure 7. Partitioning strategy for easy and hard weight computation tasks. Data cube is

par titioned across dimension � .

to the easyandhardtasks. In Figure4, �=) processorsareallocatedto easyweight computation

and ��4 processorsto hardweightcomputation.Sinceweightvectorsarecomputedfor eachpulse

(Dopplerbin), theparallelizationin this stepinvolvespartitioningof thedataalongdimension� ,

that is, eachprocessorin easyweightcomputationtaskis responsiblefor �*�9�2�9�pI� pulseswhile each

processorin hardweightcomputationtaskis responsiblefor ��� �2���pa� pulses,asshown in Figure7.

Notice that the Dopplerfilter processingandweight computationtasksemploy differentdata

partitioningstrategies (along differentdimensions.) Due to differentpartitioningstrategies, an

all-to-all personalizedcommunicationschemeis requiredfor dataredistribution from theDoppler

filter processingtaskto the weight computationtask. That is, eachof the �=) and ��4 processors

needsto communicatewith all � N processorsallocatedto the Doppler filter processingtask to

receive CPI data. Sinceonly subsetsof the Dopplerfilter processingtask’s outputareusedin

the weight computationtask,datacollectionis performedbeforeinter-taskcommunication.Al-

thoughdatacollectionreducesinter-taskcommunicationcost,it alsoinvolvesdatacopying from

non-contiguousmemoryspaceto contiguousbuffers. Sometimesthecostof datacollectionmay

becomeextremelylargedueto hardwarelimitations(e.g. high cachemissratio.) Whensending

datato thebeamformingtask,theweightvectorshave alreadybeenpartitionedalongdimension

� which is thesameasthedatapartitioningstrategy for thebeamformingtask.Therefore,nodata

collectionis neededwhentransferringdatato thebeamformingtask.
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5.3 Beamforming

Thethird stepin thispipeline(which is actuallythesecondstepfor thecurrentCPIbecausethere-

sultof theweighttaskis only usedin thesubsequenttimestep)is beamforming.Theinputsof this

taskarereceivedfrom boththeDopplerfilter processingandweightcomputationtasks,asshown

in Figure4. Theeasyweightvectorreceivedfrom theeasyweightcomputationtaskis appliedto

theeasyDopplerbinsof thereceivedCPI datawhile thehardweightvectoris appliedto thehard

Dopplerbins. The applicationof weightsto CPI datarequiresmatrix-matrixmultiplicationson

two receiveddatasets.Due to differentmatrix sizesfor themultiplicationsin theeasyandhard

beamformingtasks,unevencomputationalloadresults.Thebeamformingtaskis alsodividedinto

easyandhardpartsfor parallelizationpurposes.This is becausethe easyandhardbeamform-

ing tasksrequiredifferentamountsandportionsof CPI data,andinvolve differentcomputational

loads.Theinputsfor theeasybeamformingtaskaretwo 3-dimensionalcomplex datacubes.One

datacube,which is received from the easyweight computationtask,is of size �&��z6�U��i�� i�� .

Theotheris from theDopplerfilter processingtaskandits sizeis ����z@����i���it
 . A totalof ����z@���
matrix-matrixmultiplicationsareperformedwhereeachmultiplication involvestwo matricesof

size � i^� and �dil
 , respectively. Thehardbeamformingtaskalsohastwo input datacubes

whicharereceivedfrom theDopplerfilter processingandhardweightcomputationtasks.Thedata

cubeof size �I�&y{zW|�~�it� itkm� is receivedfrom thehardweightcomputationtaskandtheDoppler

filteredCPI datacubeis of size �&y{zW|�~$inkm�ni�
 . Sincerangecellsaredividedinto 6 rangeseg-

ments,therearea total of �!�&y{z}|2~ matrix-matrixmultiplicationsin hardbeamforming.Theresults

of thebeamformingtaskaretwo 3-dimensionalcomplex datacubesof size �&��z6�U��in� in
 and

�&y{z}|2~�i�� i�
 correspondingto theeasyandhardparts,respectively.

In amannersimilar to theweightcomputationtask,parallelizationin thisstepalsoinvolvespar-

titioning of dataacrossthe � dimension(Dopplerbins.)Differentsetsof processorsareallocated

to theeasyandhardbeamformingtasks.Sincethecostof matrixmultiplicationscanbedetermined

accurately, thecomputationsareequallydividedamongtheallocatedprocessorsfor this task.As

seenfrom Figure4, this taskrequiresdatato becommunicatedfrom thefirst aswell asthesecond

task. Becausedatais partitionedalongdifferentdimensions,anall-to-all personalizedcommuni-

cationis requiredfor dataredistribution betweenthe Dopplerfilter processingandbeamforming
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sending from one processor in Doppler filter processing task to another in easy beamforming

task.

tasks.Theoutputof theDopplerfilter processingtaskis adatacubeof size 
®i�k¯��i�� which is

redistributedto thebeamformingtaskafterdatareorganizationin theorderof �°i±
²i±km� . Data

reorganizationhasto be donebeforethe inter-taskcommunicationbetweenthe two taskstakes

place,asshown in Figure8.

Datareorganizationinvolvesdatacopying from non-contiguousmemoryspaceandits costmay

becomeextremelylarge dueto cachemisses.For example,two Dopplerbins in the samerange

cell andthesamechannelarestoredin contiguousmemoryspace.After datareorganization,they

are ophq r
� elementdistanceapart. Therefore,if � N is smallandthesizeof theCPI datasubcube

partitionedin eachprocessoris large,thenit is quitelikely thatexpensivedatareorganizationwill

be neededwhich becomesa major part of the communicationoverhead.The algorithmswhich

performdatacollectionandreorganizationarecrucial to exploit the availableparallelism. Note

thatreceiving datafrom theweightcomputationtasksdoesnot involvedatareorganizationor data

collectionbecausethey have thesamepartitioningstrategy (alongdimension� .)
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5.4 Pulse Compression

Theinputto thepulsecompressiontaskisa3-dimensionalcomplex datacubeof size��i´�µi¶
 , as

shown in Figure9. Thisdatacubeconsistsof two subcubesof size �&��z@����i��siw
 and �&y{z}|2~·i��si

 whicharereceivedfrom theeasyandhardbeamformingtasks,respectively. Pulsecompression

involvesconvolution of thereceivedsignalwith a replicaof thetransmitpulsewaveform. This is

accomplishedby first performing
 -pointFFTsonthetwo inputs,point-wisemultiplicationof the

intermediateresultandthencomputingtheinverseFFT. Theoutputof thisstepis a3-dimensional

realdatacubeof size�¸i��¹i´
 . Theparallelizationof thisstepisstraightforwardandinvolvesthe

partitioningof thedatacubeacrossthe � dimension.Eachof theFFTscouldbeperformedonan

individualprocessorand,hence,eachprocessorin this taskgetsanequalamountof computation.

Partitioningalongthe � dimensionalsoresultsin anefficientaccessingmechanismfor contiguous

memoryspacewhenrunningFFTs.Sinceboththebeamformingandpulsecompressiontasksuse

the samedatapartitioningstrategy (alongdimension� ), no datacollectionor reorganizationis

neededprior to communicationbetweenthesetwo tasks.After pulsecompression,thesquareof

themagnitudeof thecomplex datais computedto move to therealpower domain.This cutsthe

datasetsizein half andeliminatesthecomputationof thesquareroot.
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5.5 CFAR Processing

Theinput to this taskis an �²i±� i�
 realdatacubereceivedfrom thepulsecompressiontask.

Theslidingwindow constantfalsealarmrate(CFAR) processingcomparesthevalueof a testcell

atagivenrangeto theaverageof asetof referencecellsaroundit timesaprobabilityof falsealarm

factor. This stepinvolvessummingup a numberof rangecellson eachsideof thecell undertest,

multiplying thesumby a constant,andcomparingtheproductto thevalueof thecell undertest.

Theoutputof this task,whichappearsat thepipelineoutput,is a list of targetsat specifiedranges,

Dopplerfrequencies,andlook directions.Theparallelizationstrategy for this stepis thesameas

for thepulsecompressiontask. Both taskspartitionthedatacubealongthe � dimension.Also,

nodatacollectionor reorganizationis neededin thepulsecompressiontaskbeforesendingdatato

this task.

6 Software Development and System Platform

All the parallel programdevelopmentand their integration was performedusing ANSI C lan-

guageand messagepassinginterface(MPI) [24]. This permitseasyportability acrossvarious

platformswhich supportC languageandMPI. SinceMPI is becominga de facto standardfor

high-performancesystems,webelieve thesoftwareis portable.

The implementationof the STAP applicationbasedon our parallelpipelinesystemmodelhas

beendoneon the Intel Paragonat the Air ForceResearchLaboratory, Rome,New York. This

machinecontains321 computenodesinterconnectedin a two-dimensionalmesh. The Paragon

runsIntel’s standardOpenSoftwareFoundation(OSF)UNIX operatingsystem. Eachcompute

nodeconsistsof threei860RISCprocessorswhichareconnectedby asystembusandsharea64M

bytememory. Thespeedof ani860RISCprocessoris 40MHz andits peakperformanceis 100M

floatingpoint operationspersecond.The interconnectionnetwork hasa messagestartuptime of

35.3 º secandadatatransfertimeof 6.53nsec/bytefor point-to-pointcommunication.

In our implementation,adoublebufferingstrategy wasusedbothin thereceiveandsendphases.

Duringtheexecutionloops,thisstrategy employstwo buffersalternativelysuchthatonebuffer can

beprocessedduringthecommunicationphasewhile theotherbuffer is processedduringthecom-

putephase.Togetherwith the doublebuffering implementation,asynchronoussendandreceive
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» : numberof CPIs

inBuf[2] : inputdatabuffer

outBuf[2] : outputdatabuffer

1 for ¼B½¿¾ to »�ÀLÁ
2 ÂFÃ«Ä6Å´½�ÆÇ¼ ÀLÁÉÈ mod Ê
3 Ë2ÌDÃ=½-¼ mod Ê
4 » Ä@ÍDÎ*½ÏÆÇ¼!Ð Á6È mod Ê
5 Î�Ñ�½ readtimer

6 postasyncreceivesfor inBuf[ » Ä6ÍFÎ ]
7 wait for completionof previousreceivesfor inBuf[ Ë}ÌDÃ ]
8 dataunpackingon inBuf[ Ë2ÌIÃ ]
9 Î�Òc½ readtimer

10 computationon inBuf[ Ë2ÌIÃ ] andresultin outBuf[Ë}ÌDÃ ]
11 ÎUÓÔ½ readtimer

12 datapackingfor outgoingmessageonoutBuf[Ë2ÌIÃ ]
13 postasyncsendsfor outBuf[Ë2ÌIÃ ] to next task

14 wait for completionof sendsfor outBuf[ÂFÃ«Ä6Å ]

15 ÎUÕÔ½ readtimer

Figure 10. Implementation of timing computation and comm unication for each task. A doub le

buff ering strategy is used to overlap the comm unication with the computation. Receive time =
Öh×/ØÙÖ v , compute time =

Ö%Ú¤ØÙÖh×
, and send time =

Ö�Û�ØÜÖ%Ú
.

callswereemployedin orderto maximizetheoverlapof communicationandcomputation.Asyn-

chronouscommunicationmeansthattheprogramexecutingthesend/receivedoesnotwait until the

send/receive is complete.This typeof communicationis alsoreferredto asnon-blockingcommu-

nication.Theotheroptionis synchronouscommunicationwhichblocksthesend/receiveoperation

till themessagehasbeensent/received. Thegeneralexecutionflow andtheapproachto measure

the timing for eachpartof computationandcommunicationis givenin Figure10. We usedMPI

timer, MPI Wtime(), becausethis functionis portablewith high resolution.
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Table 1. The number of floating point operations for the PRI-staggered post Doppler STAP

algorithm to process one CPI data.

Task numberof floatingpointoperations

Dopplerfilter processing 79,691,776

hardweightcomputation 197,038,464

easyweightcomputation 13,851,792

easybeamforming 28,311,552

hardbeamforming 44,040,192

pulsecompression 38,928,384

CFAR processing 1,690,368

Total 403,552,528

7 Performance Results

Wespecifiedtheparametersthatwereusedin ourexperimentsasfollows:

Ý rangecells( Þ ) = 512,

Ý channels( ß ) = 16,

Ý pulses( à ) = 128,

Ý receive beams( á ) = 6,

Ý easyDopplerbins( à ��z@��� ) = 72,and

Ý hardDopplerbins( à/y{zW|2~ ) = 56.

Giventhesevaluesof parameters,thetotalnumberof floatingpointoperations(flops)requiredfor

eachCPI datato beprocessedthroughoutthis STAP algorithmis 403,552,528.Table1 shows the

numberof flopsrequiredfor eachtask.A totalof 25CPIcomplex datacubesweregeneratedasin-

putsto theparallelpipelinesystem.Eachtaskin thepipelinecontainsthreemajorparts:receiving

datafrom theprevioustask,maincomputation,andsendingresultsto thenext task.Performance

resultsaremeasuredseparatelyfor thesethreeparts,namelyreceiving time,computationtime,and

22



32

0.1

0.2

0.4

0.6

1684
Number of nodes

0 0

0.3
15

20

25

30

35

40

0 5

0.5

15 20 25 30

0.7

40

T
im

e 
in

 s
ec

on
ds

Doppler Filter Processing

5

10

10
Number of nodes

Sp
ee

du
p

Doppler Filter Processing

35

T
im

e 
in

 s
ec

on
ds

0.1

0

0.2

0.5

0.6

0.7

14 56 11228

Hard Weight Computation

Number of nodes

0

20

60

80

100

140

0 20 40 60 80 100 120 140
Number of nodes

Hard Weight Computation

Sp
ee

du
p

0.2

0.15

0.05

0.1

0
7 14 28 56

Hard Beamforming

T
im

e 
in

 s
ec

on
ds

Number of nodes

0

10

20

30

40

0.3

70

0 10 20 30 40 50 60 70

0.4

Hard Beamforming

40

120

0.4

0.35

0.25

0.1

0.05

0.15

0.2

0
2 4 8 16

T
im

e 
in

 s
ec

on
ds

Number of nodes

CFAR processing

20

15

10

5

0
0 5 10 15 20

Number of nodes

CFAR processing

Sp
ee

du
p

50

Number of nodes

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

4 8 12 18
0

Easy Weight Computation

T
im

e 
in

 s
ec

on
ds

0

5

10

15

20

25

0 5 10 15 20 25

Sp
ee

du
p

Number of nodes

Easy Weight Computation

60

Sp
ee

du
p

0.05

0.1

0.15

0.2

0.25

0.3

4 8 12 18

Easy Beamforming

Number of nodes

T
im

e 
in

 s
ec

on
ds

0 0

5

10

15

20

25

0 5 10 15 20 25

Sp
ee

du
p

Number of nodes

Easy Beamforming

Number of nodes

0.3

0.05

0

0.1

0.15

0.2

0.25

0.3

0.35

4 8 16 32

T
im

e 
in

 s
ec

on
ds

Pulse Compression

Number of nodes

0

5

10

15

20

25

30

35

40

Sp
ee

du
p

Pulse Compression

0 5 10 15 20 25 30 35 40

Number of nodes

Figure 11. Performance and speedup of computation time as a function of number of compute

nodes for all tasks.

sendingtime. In eachtasktiming resultsfor processingoneCPI datawereobtainedby accumu-

lating theexecutiontime for themiddle20 CPIsandthenaveragingit. Timing resultspresented

in this paperdo not includetheeffect of the initial setup(first 3 CPIs)andfinal iterations(last2

CPIs).

7.1 Computation Costs

The taskof computinghardweightsis the mostcomputationallydemandingtask. The Doppler

filter processingtask is the secondmost demandingtask. Naturally, more computenodesare

assignedto thesetwo tasksin order to obtaina goodperformance.For eachtask in the STAP

algorithm,parallelizationwasdoneby evenlydividing thecomputationalloadacrossthecompute

nodesassigned.Sincethereis no intra-taskdatadependency, no inter-processorcommunication
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Table 2. Timing results of inter -task comm unication from Doppler filter processing task to its

successor tasks. Time in seconds.

easyweight hardweight easyBF hardBF

# nodes 16 56 112 16 16

send recv send recv send recv send recv send recv

Doppler 8 .1332 .4339 .1332 .3603 .1332 .4441 .1332 .4509 .1332 .4395

filter 16 .0679 .1780 .0679 .1048 .0679 .1837 .0679 .1955 .0679 .1843

32 .0340 .0511 .0332 .0034 .0340 .0563 .0340 .0646 .0340 .0519

occurswithin any singletaskin thepipeline.Anotherway to view this is thatintra-taskcommuni-

cationis movedto thebeginningof eachtaskwithin thedataredistribution step.Figure11 gives

thecomputationperformanceresultsasfunctionsof thenumbersof nodesandthecorresponding

speedupon theAFRL Intel Paragon.For eachtask,weobtainedlinearspeedups.

7.2 Inter-task Communication

Inter-taskcommunicationrefersto thecommunicationbetweenthesendingandreceiving (distinct

andparallel)tasks.This communicationcostdependson boththeprocessorassignmentfor each

taskaswell asonthevolumeandextentof datareorganization.Tables2 to 6 presenttheinter-task

communicationtiming results.Eachtableconsiderspairsof taskswherethenumberof compute

nodesfor both tasksare varied. In somecasestiming resultsshown in the tablescontainidle

time for waiting for thecorrespondingtaskto complete.This happenswhenthe receiving task’s

computationpartcompletesbeforethesendingtaskhasgenerateddatato send.

Frommostof theresults(Tables2 to 6) thefollowing importantobservationscanbemade.First,

whenthe numberof nodesis unbalanced(e.g.,sendingtaskhasa small numberof nodeswhile

thereceiving taskhasa largenumberof nodes),thecommunicationperformanceis notverygood.

Second,asthe numberof nodesis increasedin the sendingandreceiving tasks,communication

scalestremendously. This happensfor two reasons.One,eachnodehaslessdatato reorganize,

packand sendand eachnodehaslessdatato receive; and two, contentionat the sendingand

receiving nodesis reduced.For example,Table2 shows thatwhenthesendingtask’s numberof
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Table 3. Timing results of inter -task comm unication from easy weight computation task to easy

beamforming task. Time in seconds.

easybeamforming

# nodes 8 16

send recv send recv

easy 4 .0005 .1956 .0007 .2570

weight 8 .0088 .0883 .0004 .0905

16 .0768 .0807 .0003 .0660

Table 4. Timing results of inter -task comm unication from hard weight computation task to hard

beamforming task. Time in seconds.

hardbeamforming

# nodes 8 16

send recv send recv

hard 28 .0007 .1798 .0007 .2485

weight 56 .0100 .1468 .0065 .0765

112 .1824 .1398 .0005 .0543

nodesis increasedfrom 8 to 32, thecommunicationtimesimprove in asuperlinearfashion.Thus,

it is not sufficient to improve the computationtimes for suchparallelpipelinedapplicationsto

improvethroughputandlatency.

In Figure10 thereceiving time for eachloop is givenby subtracting
> ) from

> N . Sincecompu-

tationhasto beperformedonly aftertheinputdatahasbeenreceived,receiving timemaycontain

thewaitingtimefor theinput,shown in line 4. Sendingtime,
> 3câ > 4 , measuresthetimecontaining

datapacking(collectionandreorganization)andpostingsendingrequests.Becauseof the asyn-

chronoussendusedin theimplementation,theresultsshown herearethevisiblesendingtimeand

theactualsendingactionmayoccurin otherportionsof thetask.Similar to thereceiving time,the

sendingtimemayalsocontainthewaitingtimefor thecompletionof sendingrequestsin theprevi-
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Table 5. Timing results of inter -task comm unication from easy and hard beamforming tasks to

pulse compression task. Time in seconds.

pulsecompression

# nodes 8 16

send recv send recv

easy 4 .0069 .5016 .0069 .5714

BF 8 .0036 .1379 .0036 .2090

16 .0580 .0771 .0022 .0569

send recv send recv

hard 4 .0054 .5016 .0054 .5714

BF 8 .0029 .1379 .0030 .2090

16 .1159 .0771 .0017 .0569

Table 6. Timing results of inter -task comm unication from pulse compression task to CFAR

processing task. Time in seconds.

CFAR processing

# nodes 4 8

send recv send recv

pulse 4 .0099 .3351 .0098 .3348

compr 8 .0053 .0662 .0051 .1750

16 .1256 .0435 .0028 .1783

ousloop,shown in line 8. Especiallyin thecaseswhentwo communicatingtaskshave anuneven

partitionedparallelcomputationload,this effect becomesmoreapparent.With a largenumberof

nodes,thereis tremendousscalingin performanceof communicatingdataasthenumberof nodes

is increased.This is becausetheamountof processingfor communicationpernodeis decreased

(asit handleslessamountof data),theamountof datapernodeto becommunicatedis decreased

andthetraffic on links goingin andout of eachnodeis reduced.This modelscaleswell for both

computationandcommunication.
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7.3 Integrated System Performance

Integratedsystemrefersto the evaluationof performancewhenall the tasksareconsideredto-

gether. Throughputandlatency arethe two mostimportantmeasuresfor performanceevaluation

in additionto individual taskcomputationtime andinter-taskcommunicationtime. Table7 gives

timing resultsfor threedifferentcaseswith differentnodeassignments.

In section5 equations(1) and(2) provide thethroughputandlatency for oneCPI dataset.The

measuredthroughputis obtainedby placinga timer at the endof the last taskandrecordingthe

time differencebetweenevery loop (that is betweentwo successive completionsof thepipeline.)

The inverseof this measureprovidesthe throughput. On the otherhand,it is moredifficult to

measurelatency becauseit requiressynchronizingclocksat thefirst andlasttask’snodes.Thus,to

obtainthemeasuredlatency, thetiming measurementshouldbemadeby first readingtimeatboth

thefirst taskandlasttaskwhenthefirst taskis readyto readanew inputdata.Thiscanbedoneby

sendinga signalfrom thefirst taskto thelast taskwhenthefirst taskis readyfor readingthenew

inputdata.Thenthetimer for thelasttaskcanbestarted.

In fact, the latency givenin equation(2) representsanupper bound becausetheway we time

taskscontainsthe time of waiting for input from the previous task. This waiting time portion

overlapswith thecomputationtime in theprevioustasksandshouldbeexcludedfrom thelatency.

Thus,thelatency resultsareconservativevaluesandthereallatency is expectedto besmallerthan

this value.However, thelatency givenfrom equation(2) indicatestheworst-caseperformancefor

our implementation.Thereallatency equation,therefore,becomes

ADV T¯S�S�T >WV XZY�[ �¸� N + JLKFM ` �wã3 �6�wã7 bc+d�wãe +��wãg (3)

where� ã� = ��� - idle timeat receiving, � = 3, 4, 5, and6.

Table8 givesthethroughputandlatency resultsfor the3 casesshown in Table7. Fromthese3

cases,it is clearthatevenfor thelatency andthroughputmeasuresweobtainlinearspeedupsfrom

our experiments.Given that this scaleup is up to compute236 nodes(we werelimited to these

numberof nodesdueto thesizeof themachine),webelieve theseareverygoodresults.

As discussedin section4, tradeoffs exist betweenassigningnodesto maximizethroughputand

to minimize latency, givenlimited resources.Usingtwo examples,we illustratehow furtherper-

formanceimprovementsmay(or maynot) beachievedif few extra nodesareavailable. We now
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Table 7. Performance results for 3 cases with diff erent node assignments. Time in seconds.

case1: total numberof nodes= 236

# nodes recv comp send total

Dopplerfilter 32 .0055 .0874 .0348 .1276

easyweight 16 .0493 .0913 .0003 .1408

hardweight 112 .0555 .0831 .0005 .1390

easyBF 16 .0658 .0708 .0021 .1387

hardBF 28 .0936 .0414 .0010 .1361

pulsecompr 16 .0551 .0776 .0028 .1355

CFAR 16 .0910 .0434 - .1344

throughput 7.2659

latency 0.3622

case2: total numberof nodes= 118

# nodes recv comp send total

Dopplerfilter 16 .0110 .1714 .0668 .2492

easyweight 8 .0998 .1636 .0003 .2637

hardweight 56 .0979 .1636 .0005 .2621

easyBF 8 .1302 .1267 .0036 .2605

hardBF 14 .1782 .0822 .0017 .2622

pulsecompr 8 .1027 .1543 .0051 .2621

CFAR 8 .1742 .0864 - .2606

throughput 3.7959

latency 0.6805

case3: total numberof nodes= 59

# nodes recv comp send total

Dopplerfilter 8 .0219 .3509 .1296 .5024

easyweight 4 .1796 .3254 .0003 .5053

hardweight 28 .1779 .3265 .0006 .5050

easyBF 4 .2439 .2529 .0068 .5037

hardBF 7 .3370 .1636 .0032 .5039

pulsecompr 4 .1806 .3067 .0097 .4970

CFAR 4 .3240 .1723 - .4963

throughput 1.9898

latency 1.3530
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Table 8. Throughput and latenc y for the 3 cases in Table 7. Real results are obtained from

the experiments while equation results are obtained from appl ying individual tasks’ timing to

equations (1) and (2). The unit of thr oughput is number of CPIs per second. The unit of latenc y

is second.

# of nodes 236 118 59

equation 7.1019 3.7919 1.9791
throughput

real 7.2659 3.7959 1.9898

equation 0.5362 1.0346 1.9996
latency

real 0.3622 0.6805 1.3530

Table 9. Performance results for adding 4 more nodes to Doppler filter processing task to case

2 in Table 7. Time in seconds.

totalnumberof nodes= 122

# nodes recv comp send total

Dopplerfilter 20 .0090 .1395 .0540 .2024

easyweight 8 .0519 .1633 .0003 .2155

hardweight 56 .0486 .1644 .0005 .2135

easyBF 8 .0815 .1272 .0037 .2124

hardBF 14 .1232 .0823 .0018 .2073

pulsecompr 8 .0519 .1543 .0051 .2113

CFAR 8 .1240 .0864 - .2105

throughput 5.0213

latency 0.5498

take case2 from Table7 asan exampleandaddsomeextra nodesto tasksto analyzeits affect

to thethroughputandlatency. Supposethatcase2 hasfulfilled theminimumthroughputrequire-

mentandmorenodescanbeadded.Table9 shows thatadding4 morenodesto theDopplerfilter

processingtasknot only increasesthethroughputbut alsoreducesthelatency. This is becausethe

communicationamountfor eachsendandreceive betweenthe Dopplerfilter processingtaskto
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Table 10. Performance results for adding 16 more nodes to pulse compression and CFAR

processing tasks to the case in Table 9. Time in seconds.

totalnumberof nodes= 138

# nodes recv comp send total

Dopplerfilter 20 .0091 .1395 .0541 .2027

easyweight 8 .0516 .1633 .0003 .2152

hardweight 56 .0488 .1644 .0005 .2137

easyBF 8 .0819 .1273 .0037 .2129

hardBF 14 .1301 .0823 .0018 .2142

pulsecompr 16 .1337 .0775 .0028 .2140

CFAR 16 .1701 .0434 - .2135

throughput 4.9052

latency 0.4247

weightcomputationandto beamformingtasksis reduced(Table9). So,clearly, addingnodesto

onetasknot only affectsthat task’s performancebut hasa measurableeffect on theperformance

of othertasks.By increasingthenumberof nodes3%,theimprovementin throughputis 32%and

in latency is 19%.Such effectsareverydifficult to capture in purely theoreticalmodelsbecauseof

thesecondaryeffects.

Sincethe parallelcomputationload may be differentamongtasks,bottleneckproblemsarise

whensometasksin thepipelinedonothavethepropernumbersof nodesassigned.If thenumberof

nodesassignedto onetaskwith aheavy work loadis notenoughto catchuptheinputdatarate,this

taskbecomesabottleneckin thepipelinesystem.Hence,it is importantto maintainapproximately

the samecomputationtime amongtasksin the pipelinesystemto maximizethe throughputand,

also,achieve higherprocessorutilization. Onebottlenecktaskcanbeseenwhenits computation

time is relatively muchlargerthantherestof thetasks.Theentiresystem’sperformancedegrades

becausetherestof thetaskshave to wait for thebottlenecktask’s completionto send/receivedata

to/fromit nomatterhow many morenodesassignedto themandhow fastthey cancompletetheir

jobs. Therefore,poor taskschedulingandprocessorassignmentwill causea significantportion

of idle time in theresultedcommunicationcosts.In Table10 we addeda total of 16 morenodes
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to the pulsecompressionandCFAR processingtasksto the casein Table9. Comparingto case

2 in Table7, we canseethat thethroughputincreased.However, thethroughputdid not improve

comparedto theresultsin Table9, eventhoughthis assignmenthas16 morenodes.In this case,

theweighttasksarethebottlenecktasksbecausetheircomputationcostsarerelatively higherthan

othertasks.We canseethat the receiving time of therestof the tasksaremuchlarger thantheir

computationtime. A significantportion of idle time waiting for the completionof weight tasks

is in thereceiving time. On theotherhand,we observe 23%improvementin the latency. This is

becausethe computationtime is reducedin the last two taskswith morenodesassigned.From

equation(3), theexecutiontimeof thesetwo tasks,äwåæ and äwåç , decreasesand,therefore,thelatency

is reduced.

8 Conclusions

In this paperwe presentedperformanceresultsfor a PRI-staggeredpost-DopplerSTAP algorithm

implementationon the Intel Paragonmachineat theAir ForceResearchLaboratory, Rome,New

York. Theresultsindicatethatour approachof parallelpipelinedimplementationscaleswell both

in termsof communicationandcomputation.For the integratedpipelinesystem,the throughput

andlatency alsodemonstratethe linearscalabilityof our design.Linearspeedupswereobtained

for up to 236 computenodes.Whenmorethan236 nodesareused,the speedupcurvesfor the

resultsof throughputand latency may saturate. This is becausethe communicationcostswill

becomesignificantwith respectto thecomputationcosts.

Almost all radarapplicationshave real-timeconstraints.Hence,a well designedsystemshould

beableto handleany changesin therequirementson theresponsetime by dynamicallyallocating

or re-allocatingprocessorsamongtasks.Ourdesignandimplementationnot only showstradeoffs

in parallelization,processorassignment,and variousoverheadsin inter and intra-taskcommu-

nicationetc.,but it alsoshows that accurateperformancemeasurementof thesesystemsis very

important.Considerationof issuessuchascacheperformancewhendatais packedandunpacked,

andimpactof theparallelizationandprocessorassignmentfor onetaskonanothertaskarecrucial.

This is normallynoteasilycapturedin theoreticalmodels.In thefutureweplanto incorporatefur-

theroptimizationsincludingmulti-threading,multiple pipelinesandmultiple processorson each
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computenode.
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Appendix A: Space-Time Adaptive Processing with Mainbeam
Constraint

The space-timeadaptive processingproblemcanbe formulatedasa leastsquaresminimization

of the clutter response.This approachis desirablefrom a computationalstandpoint,asit is not

necessaryto produceanestimateof thecluttercovariancematrix,which is anorder è�é operation.

In the leastsquaresapproach,a matrix ê is constructedfrom snapshotsof the arraydataafter

Dopplerprocessing,andaweightvector ë is computedwhichminimizesthenormof theproduct

vector êìë . The snapshotsare samplesof datafrom eacharray elementtaken at rangecells

adjacentto the testcell, andalsofrom multiple coherentprocessingintervals (CPI’s) which are

decorrelatedacrosstime. Typically a beamconstraint,suchasa requirementfor unit responsein

thedirectionof thedesiredtarget, is addedto rule out thetrivial solution, ë íìî . As illustrated

in Figure12, theweightvectoris computedby multiplying thepseudoinverseof ê timesa unit

vector.

...

2

n

1data  vector 

data  vector 

data  vector 

swH

w

ws

=  column vector  of  element  weights

=  steering  vector  (column)

Find w =  least square error solutionof : 

M =

M w = [ 0 0 . . . 0 1]T

Figure 12. Conventional least squares processing.

While assuringa nonzerosolutionfor theweights,theconventionalbeamconstraintplacedon

the leastsquaresproblemasformulatedabove often producesan adaptedpatternwith a highly

distortedmainbeamwith a peakresponsefar removedfrom thetargetof interest.Thealgorithm

thatwasformulatedandimplementedhereis a constrainedversionof the leastsquaresproblem.

Givena steeringvector ëðï we seeka weightvector ë thatminimizestheclutter responsewhile
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ws

=  column vector  of  element  weights

=  steering  vector  (column)

M =

w

Identity  Matrix  * k

k =  beam  constraint  weight

Find w =  least square error solutionof : M w = [ 0 0 . . . 0 ]H

Figure 13. Beam constrained least squares processing.

maintaininga closesimilarity betweenë and ëðï . This condition is specifiedby augmenting

thedatamatrix ê with an identity matrix asdepictedin Figure13. Theproductof the identity

matrix andthe solutionvector ë is setto a scalarmultiple of the steeringvector ë0ï . The least

squaressolutionis a compromisebetweenclutterrejectionandpreservationof mainbeamshape.

In practice,only slight modificationsof theweightvectorarerequiredto move spatialnulls into

theclutterregion, for clutterreturnsthatareoutsideof themainbeam.Thus,preservationof main

beamshaperequiresonly aslight reductionof clutterrejectionperformance,andis oftenoffsetby

an increasein arraygainon the desiredtarget. As shown in Figure13, thepreservationof main

beamshapeis controlledby scalarñ . Thechoiceof ñ directsthe leastsquaressolutionfor ë to

adheremorecloselyto thesteeringvectorwhen ñ is large,andemphasizecluttercancellationatthe

expenseof beamshapewhen ñ is small.Since ñ is variabledependingonoperatingrequirements,

wenormalizetheresultingweightvectorto unit length.

Thereis acomputationaladvantageof theconstrainedtechniqueof Figure13overthatof Figure

12for systemsthatutilize multiplebeamsteering.Sincethesteeringvector ë0ï appearsonly onthe

right sideof theequation,andmatrix ê is independentof themainbeampointingangle,theQR

factorizationof ê needsbeperformedonly oncefor agivendataset.Multiple weightvectorscan

becomputedfor differentsteeringvectorchoicesby multiplying thesamematrixpseudoinverseor

QRfactorizationby severalchoicesof constraintvectors.
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Appendix B: Matlab Version of RT-MCARM processing Algo-
rithm
function [detections]= process CPI(CPI data,N)

% N is theCPI number

num channels = 16;
num range = 512;
num pulses = 128;
num doppler = num pulses;
numHardDop = 56;
stagger = 3; % PRI-stagger pulses
BeamConstraintWt = 0.5;
FreqConstraintWt = 0.5;
DopplerWindow = hanning(num pulses-stagger);
rangeSegmentBoundaries= [0 75150225300375512];

% DopplerFilter Processing
dopplerdata= rawToFFT(CPI data,DopplerWindow,stagger);

% EasyWeightComputationandBeamforming
beamformeddata(numHardDop/2+1:num doppler-numHardDop/2) = easywts.’ * dopplerdata;
easywts = zeros(numdoppler,numchannels,numbeams);
for idop= numHardDop/2+1: num doppler- numHardDop/2,

[easywts(idop,:,:),previous dopplerdata(idop,:,:)]= computeEasyWts(idop,BeamConstraintWt, ...
Steeringvectors,previous dopplerdata(idop,:,:),dopplerdata(idop,:,:));

end;

% Hard WeightComputationandBeamforming
for rangeSeg = 1:numrangesegments,

startR= rangeSegmentBoundaries(rangeSeg)+1;
endR= rangeSegmentBoundaries(rangeSeg+1);

beamformeddata(1:numHardDop/2,:,startR:endR)= hardwts(rangeSeg,1:numHardDop/2,:,:).’ * ...
dopplerdata(1:numHardDop/2,:,startR:endR);

beamformeddata(numdoppler-numHardDop/2+1:num doppler,:,startR:endR)= ...
hardwts(rangeSeg,numdoppler-numHardDop/2+1:num doppler,:,:).’ * ...
dopplerdata(numdoppler-numHardDop/2+1:num doppler,:,startR:endR);

hardwts= zeros(numrangesegments,numdoppler,numchannels,numbeams);
for idop= 1:numHardDop/2,

[wts(rangeSeg,idop,:,:),new r(idop,:,:)] = computeRecurHardWts(idop,startR,endR, ...
FreqConstraintWt,BeamConstraintWt,SteeringVectors,dopplerdata(idop,:,:), ...
new r(idop,:,:),stagger);

end;% idop
for idop= num doppler-numHardDop/2+1:num doppler,

[wts(rangeSeg,idop,:,:),new r(idop,:,:)] = computeRecurHardWts(idop,startR,endR, ...
FreqConstraintWt,BeamConstraintWt,SteeringVectors,dopplerdata(idop,:,:), ...
new r(idop,:,:),stagger);

end;% idop
end;% range segments

% PulseCompressionandCFARprocessing
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pulsecompression= pulseCompression(beamformed,pcfilter freq);
detections = CFAR(pulsecompression);

end;% functionprocessCPI

function [Doppler data]= rawToFFT(CPI data,window,stagger)
% input: CPI data(numpulses,numrange,numchannels)
% outputDoppler data(numdoppler,numchannels,numrange)

Dopplerdata= zeros(numdoppler,numchannel,numrange);

paddedCPI data(1:numpulses-stagger,:,:) = CPI data(1:numpulses-stagger,:,:) .* window);
paddedCPI data(numpulses-stagger+1:numpulses,:,:)= zeros(stagger,numchannels,numrange);
Dopplerdata(1:numdoppler,:,:) = fft pulses(paddedCPI data);

paddedCPI data(stagger+1:numpulses,:,:)= CPI data(1:numpulses-stagger,:,:) .* window);
paddedCPI data(1:stagger:numpulses,:,:)= zeros(stagger,numchannels,numrange);
Dopplerdata(numdoppler+1:2*numdoppler,:,:) = fft pulses(paddedCPI data);

end;% functionrawToFFT

function [wts, updateddopplerdata]= computeEasyWts(doppler,diagWts,Steeringvectors, ...
prev dopplerdata,new dopplerdata)
% computesadaptiveweightsdirectlyfor theeasydopplerbinsfromdatafromthreepreviousCPIs

% shift datafromprevioustwoCPIsN-1andN-2 up,overwritingdatafromCPI N-3
updateddopplerdata(1:Total easySamples* 2/3,:) = ...

prev dopplerdata(Total easySamples* 1/3:Total easySamples,:);

updateddopplerdata(Total easySamples* 2/3,Total easySamples,:)= ...
Select Range Samples(Total easySamples* 1/3,new dopplerdata);

avg = average(updateddopplerdata)* diagWts;

for beam=1:numbeams,
work = updateddopplerdata;
work(updateddopplerdata+1:updateddopplerdata+numchannels,:)= avg * eye(numchannels);

rhs= zeros(updateddopplerdata+numchannels,1);
rhs(updateddopplerdata+1:updateddopplerdata+numchannels,1)= Steeringvectors(:,beam);

wts(:,beam)= work ò rhs;
wts(:,beam)= wts(:,beam)/(sqrt(wts(:,beam)’*wts(:,beam)));

end;
end;% functioncomputeEasyWts

function [wts, new r] = computeRecurHardWts(doppler,startRangeSeg,endRangeSeg,spatialWt,freqWt, ...
Steeringvectors,dopplerdata,oldr,stagger, CPI Num)
% computesadaptiveweightsrecursivelyfor thehard dopplerbins.

forgettingFactor= 0.6;
qr x = zeros(2*numchannels+ num hardsamples,2*numchannels);
qr x(1:2*num channels,:)= forgettingFactor* old r;
qr x(2*num channels+1:2*numchannels+numhardsamples,:)= ...

Select Range Samples(num hardsamples,dopplerdata);
avg = average(qrx);
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half channels= num channels/2;
if (CPI Nummod2 = 1) thencolOffset= 0;
elsecolOffset= half channels;
end;
% constrain half of thecolumns
qr x(num hardsamples+ 2*num channels+1,1+colOffset:halfchannels+colOffset)= ...

[avg * eye(half channels)];% spatialconstraints
qr x(num hardsamples+ 2*num channels+1,...

num channels+1+colOffset:numchannels+halfchannels+colOffset)= ...
[avg * eye(half channels)* exp(-j * 2 * pi * (doppler-1) * stagger/ num doppler)];

[q new r] = qr(qr x(1:numhardsamples+ 2*num channels+ half channels,:),0);

for beam=1:numbeams,
work = new r;
% freqconstraintsscaledbye(-jk/n)
work(2*num channels+1:3*numchannels,1:numchannels)= [avg * eye(numchannels)];

rhs= zeros(3*numchannels,1);
rhs(2*numchannels+1:3*numchannels,1)= Steeringvectors(:,beam);

[q2 r2] = qr([work rhs],0);
matrhs(:,beam)= r2(1:2*numchannels,2*numchannels+1);

wts(:,beam)= work ò rhs;
wts(:,beam)= wts(:,beam)/(sqrt(wts(:,beam)’*wts(:,beam)));

end;
end;% functioncomputeRecurHardWts
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