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Abstract

This paperpresentgperformanceresultsfor the designand implementationof parallel
pipelinedSpace-ime Adaptive ProcessindSTAP) algorithmson parallelcomputersin par
ticular, thepaperdescribesheissuesnvolvedin parallelizationpurapproacho parallelization
andperformanceaesultson an Intel Paragon. The paperalsodiscusseshe procesof devel-
opingsoftwarefor suchanapplicationon parallelcomputersvhenlateng andthroughputare
bothconsideredogetherandpresentdradeofs consideredvith respecto inter andintra-task
communicatioranddataredistrilution. Theresultsshav thatnot only scalableperformance
wasachieved for individual componentasksof STAP but linear speedupsvere obtainedfor
theintegratedtaskperformancebothfor lateny aswell asthroughput.Resultsarepresented
for upto 236 computenodeqlimited by the machinesizeavailableto us). Anotherinteresting
obserationmadefrom theimplementatiomesultsis thatperformancémprovementdueto the
assignmenbof additionalprocessorso onetask canimprove the performanceof othertasks

without ary increasdn the numberof processorsissignedo them. Normally, this cannotbe

predictedby theoreticabnalysis.



1 Introduction

Space-timedaptve processingSTAP) is a well known techniquen the areaof airbornesuneil-
lanceradarsusedto detectweaktarget returnsembeddedn stronggroundclutter, interference,
andrecevernoise.STAP is a 2-dimensionahdaptve filtering algorithmthatattenuatesinwanted
signalsby placingnullsin their directionsof arrival andDopplerfrequenciesMost STAP applica-
tionsarecomputationallyntensve andmustoperaten realtime. High performanceomputerare
becomingmainstreandueto the progressnadein hardwareaswell assoftwaresupportin thelast
few years.They cansatisfythe STAP computationatequirement®f real-timeapplicationsvhile
increasingthe flexibility, affordability, and scalability of radarsignal processingystems.How-
ever, efficient parallelizationof a STAP algorithmwhich hasembeddedn it differentprocessing
stepss challengingandis the subjectof this paper

This paperdescribesour innovative parallel pipelinedimplementationof a PulseRepetition
Interval (PRI)-staggeregost-DopplelSTAP algorithmon the Intel Paragonat the Air ForceRe-
searchLaboratory(AFRL), Rome,New York. For a detaileddescriptionof the STAP algorithm
implementedn this work, the readeris referredto [1, 2]. AFRL successfullynstalledtheir im-
plementatiorof the STAP algorithmonboardan airborneplatform and performedfour flight ex-
perimentsn May andJunel996[3]. Theseexperimentsvereperformedaspartof theReal-Time
Multi-ChannelAirborne RadarMeasurementRTMCARM) program. The RTMCARM system
block diagramis shavn in Figurel. In thatreal-timedemonstrationljve datafrom a phasedar
ray radarwasprocessedy the onboardintel Paragonandresultsshaoved that high performance
computerscandeliver a significantperformancegain. However, this implementatiorusedcom-
pute nodesof the machineonly asindependentesourcesn a roundrobin fashionto run differ-
entinstance®f STAP (ratherthanspeedingup eachinstanceof STAP.) Usingthis approachthe
throughputmaybeimproved,but thelateng is limited by whatcanbeachiezedusingonecompute
node.

Parallelcomputersprganizedwith alarge set(severalhundredspf processoréinkedby a spe-
cializedhigh speednterconnectiometwork, offer anattractve solutionto mary computationally
intensie applications,suchasimageprocessingsimulationof particle reactions,and so forth.

Parallel processingsplits an applicationprobleminto several subproblemsavhich are solved on
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Figure 1. RTMCARM system block diagram.

multiple processorsimultaneouslyTo learnmoreaboutparallelcomputing thereaderis referred
to[4,5,6, 7, 8]. Forourparallelimplementatiorof thisrealapplicationwe have designeca model
of the parallelpipelinesystemwhereeachpipelineis a collectionof tasksand eachtaskitself is
parallelized.This parallelpipelinemodelwasappliedto the STAP algorithmwith eachstepasa
taskin apipeline. This permitsusto significantlyimprove lateng aswell asthroughput.

This paperdiscusse$oth the parallelizationprocessandperformanceaesults. In addition,de-
sign considerationgor portability, task mapping,parallel dataredistribution, parallel pipelining
aswell assystem-lgel andtask-lesel performanceneasuremerdre presented Finally, the per
formanceandscalabilityof theimplementatiorfor alarge numberof processorss demonstrated.
Performanceesultsaregivenfor theIntel Paragorat AFRL.

The paperis organizedasfollows. In Section2 we discussthe relatedwork. An overview of
the implementedalgorithmis givenin Section3. In Section4 we presentthe parallel pipeline
systemmodelanddiscusssomeparallelizationssuesandapproachefor implementatiorof STAP

algorithms.Section5 presentspecificdetailsof STAP implementation Performanceesultsand
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Figure 2. Implementation of the ruggedized version of Intel Paragon system in RTMCARM

experiments.

conclusionsarepresentedn Section7 andSection8, respectrely.

2 Reated Work

TheRTMCARM experimentsvereperformedusinga BAC 1-11aircraft. Theradarwasa phased
arrayL-Bandradarwith 32 elementrganizednto two rows of 16 each.Only the datafrom the
upperl6elementsvereprocessewith STAP. Thisdatawasdervedfromal.25MHz intermediate
frequeny (IF) signalthatwas4:1 oversampledt5 MHz. Thenumbemrepresentatioat IF was14
bits, 2's complementindwascorvertedto 16 bit basebandealandimaginarynumbers.Special
interfaceboardswereusedto digitally demodulatéF signalsto basebandThe signaldataformed
araw 3-dimensionatlatacube,calledthe coherenprocessingnterval (CPI) datacube,comprised
of 128pulses512rangegates(32.8miles),and16 channelsThesespecialinterfaceboardswere
alsousedto cornerturn the datacubesothatthe CPI is unit stridealongpulses.This speedshe
subsequenboppler processingon the High PerformanceComputing(HPC) systems.Live CPI
datafrom a phased-arrayadarwereprocessetby aruggedizedrersionof the Paragoncomputer
Theruggedizedrersionof the Intel Paragonsystemusedfor the RTMCARM experimentson-

sistsof 25 computenodesrunningthe SUNMOS operatingsystem. Figure 2 depictsthe system



implementation.Eachcomputenodehasthreei860 processorgccessinghe commonmemory
of size64M bytesasa sharedresource.The CPI datasetswere sentto the 25 computenodesin
aroundrobin mannerandall threeprocessorsvorked on eachCPI datasetasa shared-memory
machine.The systemprocessedip to 10 CPIspersecondthroughputlandachiesed a lateng of
2.35secondperCPI. Thisimplementatiorusedcomputenodesof themachineasindependente-
sourcego rundifferentinstance®f CPI datasets.No communicatioramongcomputenodeswas
neededThis approacttanachiere desiredthroughputby usingasmary nodesasneededbut the
lateng is limited by whatcanbe achiezed usingthethreeprocessorn onecomputenode.More
informationon the overall systemconfiguratiorandperformanceesultscanbefoundin [1, 3].

Otherrelatedwork [9, 10, 11, 12] parallelizedhigh-orderpost-DopplerSTAP algorithmsby
partitioningthe computationalvorkload amongall processorsllocatedfor the applications.In
[9, 10], thework focusedonthedesignof parallelversionsof subroutinegor FFT andQR decom-
position. In [11, 12], the implementation®ptimizedthe dataredistrikution betweenprocessing
stepsin the STAP algorithmswhile usingsequentialersionsof the FFT and QR decomposition
subroutinesA multi-stageapproactwasemployedin [13] whichwasanextensionof [11, 12]. A
beamspacepost-DopplelSTAP wasdividedinto threestagesandeachstagewasparallelizedon
agroupof processorsA techniquecalledreplicationof pipelinestagesvasusedto replicatethe
computationalntensve stagessuchthat a differentdatainstanceis run on a differentreplicated
stage.Theireffort focusedonincreasinghethroughputwhile keepingthelateng fixed. For other
relatedwork, thereadeitis referredto [14, 15, 16].

3 Algorithm Overview

Theadaptve algorithm,which cancelDopplershiftedclutterreturnsasseenby theairborneradar
system,is basedon a leastsquaressolutionto the weight vector problem. This approachhas
traditionally yieldedhigh clutter rejectionbut suffers from severedistortionsin the adaptedmain
beampatternandresultinglossof gainonthetarget. Our approachyhichis describedn greater
detail in the Appendix, introducesa set of constraintequationsinto the leastsquaregroblem
which canbe weightedproportionallyto presere main beamshape.The algorithmis structured

sothatmultiple receve beamanaybe formedwithout changinghe matrix of trainingdata.Thus,



the adaptve problemcanbe solved oncefor all beamswhich lie within the transmitillumination
region. The airborneradarsystemwas programmedo transmitfive beams,each25 degreesin
width, spaced®0 degreesapart.Within eachtransmitbeam six receve beamsvereformedby the
processar

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

algorithmconsistof thefollowing steps:

=

. Dopplerfilter processing,

N

. Weightcomputation,
3. Beamforming,

4. Pulsecompressionand
5. CFAR processing.

Dopplerfiltering is performedon eachreceve channelusingweightedrFastFourier Transforms
(FFT’s). The analogportion of the recever compensatethe receved clutter frequeng to center
the clutter frequeng at zeroregardlessof the transmitbeamposition. This simplifiesindexing
of Dopplerbinsfor classificatioras”’easy” or "hard” dependingon their proximity to mainbeam
clutterreturns.For the hardcasesDopplerprocessings performedon two 125-pulsevindows of
dataseparatedby threepulses(a STAP techniqueknown as”PRI-stagger”).Both setsof Doppler
processedataareadaptvely weightedin the beamformingorocesgor improvedclutterrejection.
In the easycase,only a single Dopplerspectrums computed. This simplertechniquehasbeen
termedPostDoppler Adaptive Beamformingandis quite effective at a fraction of the computa-
tional costwhenthe Dopplerbin is well separatedrom mainbeanctlutter. In thesesituationsan
angularnull placedin the directionof the competinggroundclutter providesexcellentrejection.
Selectablavindow functionsareappliedto the dataprior to the DopplerFFT’s to controlsidelobe
levels. Theselectiorof awindow is akey parametein thatit impactstheleakageof clutterreturns
acrosDopplerbins,tradedoff againsthewidth of the clutterpassband.

An efficientmethodof beamformingusingrecursve weightupdatess madepossibleby ablock

updateform of the QR decompositioralgorithm. This is especiallysignificantin the hardDoppler



regions,which arecomputedusing separataveightsfor six consecutre rangeintenvals. There-
cursive algorithmrequiressubstantiallylesstraining data (samplesupport)for accurateweight
computationaswell asproviding improved efficiengy. Sincethe hardregionshave onesixth the
rangeextentfrom which to drav data,this approachdealtwith the paucityof databy usingpast
looks at the sameazimuth, exponentiallyforgotten, asindependentidentically distributed esti-
matesof the clutterto be cancelled Thisassumesareasonableevisit time for eachazimuthbeam
position. During theflight experimentsthefive 25 degreetransmitbeampositionswererevisited
atal-2Hzrate(5-10CPlspersecond.)

Thetraining datafor the easyDopplerregionswasselectedisinga moretraditionalapproach.
Here,theentirerangeextentwasavailablefor samplesupportsotheentiretrainingsetwasdravn
from threeprecedingCPIsfor applicationto the next CPI in this azimuthbeamposition. In this
casearegular (non-recursie) QR decompositions performedon the training data,followed by
block updateto addin the beamshapeconstraints.

Pulsecompressiofis a computeintensve task,especiallyif appliedto eachreceve channeln-
dependentlyln generalthisapproachs requiredfor adaptve algorithmswhich computedifferent
weight setsasa function of radarrange. Our algorithm,however, with its mainbeantonstraint,
preseresphaseacrosgange.ln fact,the phaseof thesolutionis independenof the clutternulling
equationsand appearonly in the constraintequations. The adaptedarget phaseis presered
acrossrange,even thoughthe clutter and adaptve weightsmay vary with range. Thus, pulse
compressiommay be performedon the beamformedutput of the receve channelsproviding a
substantiabavingsin computations.

In thesectiondo follow, we presenthe procesof parallelizatiorandsoftwaredesignconsider
ationsincludingthosefor portability, taskmapping paralleldataredistritution, parallelpipelining
andissuednvolvedin measuringperformancen implementationsvhennotonly the performance
of individual tasksis important,but overall performanceof the integratedsystemis critical. We

demonstratéhe performanceandscalabilityfor alarge numberof processors.
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Figure 3. Model of the parallel pipeline system. (Note that T'ask; for all input instances is
executed on the same number of processor s, but that the number of processor s may diff er

from one task to another.)

4 Model of the Parallel Pipelined System

The systemmodelfor the type of STAP applicationsconsideredn this work is shavn in Figure
3. A pipelineis a collectionof taskswhich are executedsequentially The input to the first task
is obtainednormally from sensorr otherinput deviceswith the inputsto the remainingtasks
coming from outputsof previous tasks. The setof pipelinesshavn in the figure indicatesthat
the samepipelineis repeatedn subsequeninput datasets. Eachblock in a pipelinerepresents
onetask, thatis parallelizedon multiple (differentnumberof) processors.Thatis, eachtaskis
decomposedhto subtaskgo be performedn parallel. Therefore eachpipelineis a collectionof
paralleltasks.

In sucha system thereexist both spatialandtemporalparallelismthat resultin two typesof
datadependencieand flows, namely spatial data dependenc and temporaldata dependengc
[17, 18, 19]. Spatialdatadependenccanbe classifiedinto inter-taskdatadependencandintra-
taskdatadependeng Intra-taskdatadependenciearisewhenasetof subtasksieeddo exchange

intermediateresultsduring the executionof a paralleltaskin a pipeline. Intertask datadepen-



deng is dueto the transferandreoiganizationof datapassednto the next paralleltaskin the
pipeline.Inter-taskcommunicatiorcanbe communicatiorfrom the subtask®f the currenttaskto
thesubtask®f thenext task,or collectionandreoiganizationof outputdataof the currenttaskand
thenredistritution of the datato the next task. The choicedepend®n theunderlyingarchitecture,
mappingof algorithmsand input-outputrelationshipbetweenconsecutie tasks. Temporaldata
dependengc occurswhen someform of outputgeneratedy the tasksexecutedon the previous
datasetareneededy tasksexecutingthe currentdataset. STAP is aninterestingparallelization

problembecausé exhibits bothtypesof datadependeng

4.1 Parallelization Issuesand Approaches

A STAP algorithminvolves multiple algorithms(or processingsteps),eachof which performs
particularfunctions,to be executedn a pipelinedfashion.Multiple pipelinesneedto be executed
in a staggereanannerto satisfythe throughputrequirements Eachtaskneedso be parallelized
for the requiredperformancewhich, in turn, requiresaddressinghe issueof datadistribution
on the subsetof processor®n which a taskis parallelizedto obtain good efficiengy andincur
minimal communicatioroverhead Giventhateachtaskis parallelizeddataflow amongmultiple
processorsf two or moretasksis requiredand,therefore communicatiorschedulingechniques

becomecritical.

4.1.1 Inter-task Data Redistribution

In anintegratedsystem,dataredistritution is requiredto feeddatafrom one paralleltaskto an-
other becausehe way datais distributedin onetaskmay not bethe mostappropriatedistribution
for the next taskfor algorithmicor efficiency reasonsFor example,the FFTsin the Dopplerfil-
ter processingaskperformoptimally whenthe datais unit-stridein pulse,while the next stage,
beamforming performsoptimally whenthe datais unit stridein channel. To ensureefficiency
andcontinuity of memoryaccessdatareoiganizationandredistritution arerequiredin theinter
taskcommunicatiorphase Dataredistritution alsoallows concentratiorof communicatioratthe
beginningandtheendof eachtask.

We have developedruntime functionsand stratgies that perform efficient dataredistritution



[20]. Thesetechniqueseducethe communicatiortime by minimizing contentionon the commu-
nicationlinks aswell asby minimizing the overheadof processindor redistrikution (which adds
to thelateny of sendingmessages)We take adwvantageof lessondearnedirom thesetechniques

to implementthe parallelpipelinedSTAP application.

4.1.2 Task Scheduling and Processor Assignment

An importantfactorin the performanceof a parallel systemis how the computationaload is
mappedntothe processors thesystem.deally, to achiave maximumparallelismtheload must
be evenly distributedacrosshe processorsThe problemof staticallymappingthe workloadof a
parallelalgorithmto processoré a distributedmemorysystemhasbeenstudiedunderdifferent
problemmodelssuchas[21, 22]. Themappingpoliciesareadequatevhenanapplicationconsists
of a singletask,andthe computationaload canbe determinedstatically Thesestatic mapping
policiesdo not modelapplicationsonsistingof a sequencef tasks(algorithms)wherethe output
of onetaskbecomesheinputto the next taskin thesequence.

Optimaluseof resourcess particularlyimportantin high-performancembeddedpplications
dueto limited resourcegndotherconstraintssuchasdesiredlateng or throughput23]. When
several paralleltasksneedto be executedn a pipelinedfashion tradeofs exist betweerassigning
processorso maximizethe overall throughputandassigningorocessorso minimizeasingledata
setsresponseime (or lateng.) Thethroughputequiremensaysthatwhenallocatingprocessors
to tasks,it shouldbe guaranteedhatall the input datasetswill be handledin a timely manner
Thatis, the processingateshouldnot fall behindthe input datarate. The responsdime criteria,
ontheotherhand,requireminimizing thelatengy of computatioron a particularsetof datainput.

To reducethe lateng, eachparalleltaskmustbe allocatedmore processorso reduceits exe-
cutiontime, andconsequentlythe overall executiontime of theintegratedsystem.But it is well
known thatthe efficiency of parallelprogramausuallydecreaseasthe numberof processorss in-
creasedThereforethegainsin this approachmaybeincremental Onthe otherhand,throughput
canbeincreasedy increasinghelatengy of individual tasksby assigninghemfewer processors
and,therefore increasingefficiengy, but at the sametime having multiple streamsactive concur
rently in a staggerednannerto satisfy the input-datarate requirements.We next presenthese

tradeofs anddiscussvariousimplementationssues.

10
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5 Design and Implementation

The designof the parallelpipelinedSTAP algorithmis shovn in Figure4. The parallelpipeline
systenconsistof sevenbasictasks.Wereferto the parallelpipelineassimply apipelinein therest
of thispaper Theinputdatasetfor thepipelineis obtainedrom aphasedrrayradarandis formed
in termsof acoherenprocessingnterval (CPI). EachCPIldatasetis a 3-dimensionatomplex data
cubecomprisedf K rangecells,.J channelsand N pulses.Theoutputof the pipelineis areport
onthe detectionof possibletargets. Thearravs shavn in Figure4 indicatedatatransferbetween
tasks.Althougha singlearrav is shavn, notethateachrepresentsnultiple processors onetask
communicatingwith multiple processorsn anothertask. Eachtask: is parallelizedby evenly
partitioningits work load amongP; processors.The executiontime associatedvith taskz, T;,
consistsof the time to receve datafrom the previous task, computationtime, andtime to send
resultsto thenext task.

The calculationof weightsis the mostcomputationallyintensve part of the STAP algorithm.
For the computatiorof theweightvectorsfor the currentCPI datacube,datacubesfrom previous
CPlsareusedasinput data. This introducestemporaldatadependenc For example,suppose

thata setof CPI datacubesenteringthe pipelinesequentiallyaredenotedoy CPI;, i = 0,1, .. ..

11



At ary time instance;, the Dopplerfiltering taskis processing’ PI; andthe beamformingaskis
processing’ PI;_;. In themeanwhiletheweightcomputatiortaskis usingpastCPIsin thesame
azimuthaldirectionto calculatethe weightvectorsfor C' PI; asdescribedobelon. The computed
weightvectorswill beappliedto C' PI; in the beamformingaskat the next time instance(z + 1).
Thus,temporaldatadependencieexist and arerepresentedy arrovs with dashedines, T'D; 3
andT' D, 4, in Figure4 whereT' D, ; representsemporaldatadependencof task; on datafrom
task:. In asimilar manney spatialdatadependencie§ D; ; canbe definedandareindicatedin
Figure4 by arravs with solid lines.

Throughputandlatengy aretwo importantmeasures$or performancesvaluationon a pipeline
system. The throughputof our pipeline systemis the inverseof the maximumexecutiontime

amongall tasks,.e.,

throughput = Q)

max T;
0<i<7

To maximizethe throughputthe maximumvalueof 7; shouldbe minimized. In otherwords,no
task shouldhave an extremely large executiontime. With a limited numberof processorsthe
processoassignmento differenttasksmustbe madein sucha way thatthe executiontime of the
taskwith highestcomputatiortimeis reduced.

Thelateng of this pipelinesystemis the time betweenthe arrival of the CPI datacubeat the
systemnputandthetime atwhichthedetectiorreportis availableatthesystemoutput. Therefore,
thelateng for processingneCPlis the sumof the executiontimesof all thetasksexceptweight
computatiortasksj.e.,

latency = Ty + max (T3, Ty) + Ts + Ts. (2)

Equation(2) doesnot contain7; and7,. The temporaldatadependenc doesnot affect the
lateny becauseaveight computatiortasksusedatafrom the previous instanceof CPI datarather
thanthe currentCPI. Thefiltered CPI datacubesentto the beamformingasksdo not wait for the
completionof its weightcomputatiorbut ratherfor the completionof the weight computationof
the previous CPI. For example,whenthe Dopplerfilter processingaskis processing’'PI;, the
weight computationtasksusethe filtered CPI data,C' PI;_,, to calculatethe weight vectorsfor
CPI;. At thesametime, the beamformingasksareworking on C'PI; ; usingthe datareceved

from the Dopplerfilter processingandweight computatiortasks. The beamformingasksdo not

12



wait for thecompletionof theweightcomputatiortaskwhenprocessing’ PI;_, data.Theoverall
systemlatengy canbereducedby reducingthe executiontimesof the paralleltasks,e.qg.,Tq, 13,
Ty, Ts, andTg in our system.

Next, we briefly describeeachtaskandits parallelimplementation.A detaileddescriptionof

the STAP algorithmwe usedcanbefoundin [1, 2].

5.1 Doppler Filter Processing

The input to the Dopplerfilter processingaskis one CPI complex datacubereceved from a
phasedarrayradar The computationin this taskinvolvesperformingrangecorrectionfor each
rangecell andthe applicationof a windowing function (e.g. Hanningor Hamming)followed by
a N-point FFT for every rangecell andchannel. The outputof the Dopplerfilter processingask
is a 3-dimensionatomplex datacubeof size K x 2J x N whichis referredto asstaggeredPI
data. In Figure4, we canseethatthis outputis sentto the weightcomputatiortaskaswell asto
thebeamformingask.

Both the weight computatiorandthe beamformingasksaredividedinto easyandhardparts.
Thesetwo partsusedifferentportionsof staggere Pl dataandtheassociatedmountf compu-
tationarealsodifferent. The easyweightcomputatiortaskusesrangesamplesonly from thefirst
half of thestaggered Pl datawhile thehardweightcomputatiortaskusesangesamplegrom the
entirestaggeredPIl data.Onthe otherhand,easyandhardbeamformingasksuseall rangecells
ratherthansomeof them. Therefore the size of datato be transferedo the weightcomputation
tasksis differentfrom the size of datato be sentto the beamformingasks. In Figure 4, thicker
arrowvs connectedrom the Dopplerfilter processingaskto the beamformingasksindicatesthat
theamountbf datasentto thebeamformingasksis morethantheamountf datasentto theweight
tasks.

Thebasicparallelizationtechniqueemployedin the Dopplerfiltering processindgaskis to par
tition the CPIl datacubeacrossherangecells, thatis, if P, processorsireallocatedto this task,
theneachprocessois responsibldor Pﬁo rangecells. Thereasorfor partitioningthe CPIdatacube
alongdimensionK is thatit maintainsan efficient accessingnechanisnfor contiguousnemory

spaceA totalof K - 2J N-point FFTsareperformedandthebestperformances achiezedwhen

13
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Figure 5. Partitioning strategy for Doppler filter processing task. The CPI data cube is parti-

tioned among P, processor s across dimension K.

every N-point FFT accesses N datasetsfrom a contiguougnemoryspace Figure5 illustrates
the parallelizationof this step. The intertaskcommunicatiorfrom the Dopplerfilter processing
taskto weightcomputatiortasksis explainedin Figure6(b). Sinceonly subset®f rangecellsare
neededn weightcomputatiortasks,datacollectionhasto be performedon the outputdatabefore
passingt to thenext tasks.Datacollectionis performedo avoid sendingedundantiataandhence

reducegshe communicatiorcosts.

5.2 Waeight Computation

Thesecondstepin this pipelineis the computatiorof weightsthatwill beappliedto thenext CPI.

This computatiorfor N pulsess dividedinto two parts,namely "easy” and”hard” Dopplerbins,

asshawn in Figure6(a). The hard Dopplerbins (pulses),N..-q4, arethosein which significant
groundclutteris expected.TheremainingbinsareeasyDopplerbins, N,.s,. Themaindifference
betweerthetwo is theamountof datausedandtheamountof computatiorrequired.Not all range
cellsin thestaggered Pl areusedin weightcalculationanddifferentsubset®f rangesamplesre
usedin easyDopplerbinsandhardDopplerbins.

To gatherangesamplegor easyDopplerbinsto calculateheweightvectorsfor thecurrentCPI,
datais dravn from threeprecedingCPIsby evenly spacingout over thefirst onethird of K range
cellsof eachof thethreeCPIs. TheeasyweightcomputatiortaskinvolvesN,,,, QR factorizations,
block updatesandbacksubstitutions.In the easyweight calculation,only rangesamplesn the

first half of thestaggered Pl dataareusedwhile hardweightcomputatioremplo/srangesamples

14
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be performed before the comm unication. This can be viewed as irregular data redistrib ution.

from the entire staggeredCPI. Furthermorethe rangeextent for hard Dopplerbinsis split into
six independensegmentsto furtherimprove clutter cancelation.To calculateweight vectorsfor
the currentCPI, the rangesamplesusedin hard Doppler bins are taken from the immediately
precedingstaggered Pl combinedwith older, exponentiallyforgotten,datafrom CPIsin thesame
direction. This is donefor eachof the six rangesegments. The hard weight computationtask
involves6 NV,,,q recursve QR updatesplock updatesandbacksubstitutions.The easyandhard
weightcomputatiortasksprocessetsof 2-dimensionamatricesof differentsizes.

Temporaldatadependeng exists in the weight computationtask becauséoth easyandhard
Dopplerbinsusedatafrom previous CPIsto computetheweightsfor thecurrentCPI. The outputs
of this step theweightvectors aretwo 3-dimensionatomplex datacubesof size N4,y x J X M
and Ny, x 2J x M for the easyandhardweight computatiortasks,respectrely, where M is
thenumberof receve beams Thesetwo weightvectorsareto beappliedto thecurrentCPI in the
beamformingask.Becausef thedifferentsizesof easyandhardweightvectorsthebeamforming
taskis alsodividedinto easyandhardpartsto handledifferentamountof computation.

Giventhe uneven natureof the weightcomputationsdifferentsetsof processorsreallocated
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Figure 7. Partitioning strategy for easy and hard weight computation tasks. Data cube is

partitioned across dimension IN.

to the easyandhardtasks. In Figure4, P, processorsre allocatedto easyweight computation
and P, processor$o hardweightcomputation.Sinceweightvectorsarecomputedor eachpulse
(Dopplerbin), the parallelizationin this stepinvolvespartitioningof the dataalongdimensionV,
thatis, eachprocessom easyweightcomputatiortaskis responsibldor Nij” pulseswhile each
processom hardweightcomputatiortaskis responsibldor ﬁgfd pulsesasshownnin Figure?.
Notice that the Dopplerfilter processingand weight computationtasksemploy differentdata
partitioning stratgies (along differentdimensions.) Due to different partitioning stratgies, an
all-to-all personalizedommunicatiorschemas requiredfor dataredistritution from the Doppler
filter processingaskto the weight computationtask. Thatis, eachof the P, and P, processors
needsto communicatewith all P, processorallocatedto the Dopplerfilter processingaskto
receve CPI data. Sinceonly subsetf the Dopplerfilter processingask’s outputare usedin
the weight computationtask, datacollectionis performedbeforeintertask communication.Al-
thoughdatacollectionreducesnter-taskcommunicatiorcost, it alsoinvolvesdatacopying from
non-contiguousnemoryspaceto contiguousbuffers. Sometimeghe costof datacollectionmay
becomeextremelylarge dueto hardwarelimitations (e.g. high cachemissratio.) Whensending
datato the beamformingask, the weight vectorshave alreadybeenpartitionedalongdimension
N whichis thesameasthedatapartitioningstratey for thebeamformingask. Thereforeno data

collectionis neededvhentransferringdatato the beamformingask.
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5.3 Beamforming

Thethird stepin this pipeline(whichis actuallythe secondstepfor thecurrentCPI because¢here-
sultof theweighttaskis only usedin thesubsequertime step)is beamforming.Theinputsof this
taskarerecevedfrom boththe Dopplerfilter processingandweightcomputatiortasks,asshavn
in Figure4. The easyweightvectorrecevedfrom the easyweightcomputatiortaskis appliedto
theeasyDopplerbinsof thereceved CPI datawhile the hardweightvectoris appliedto the hard
Dopplerbins. The applicationof weightsto CPI datarequiresmatrix-matrixmultiplicationson
two receved datasets. Dueto differentmatrix sizesfor the multiplicationsin the easyandhard
beamformingasks,unevencomputationaloadresults.Thebeamformingaskis alsodividedinto
easyand hard partsfor parallelizationpurposes.This is becausdhe easyand hard beamform-
ing tasksrequiredifferentamountsandportionsof CPI data,andinvolve differentcomputational
loads. Theinputsfor the easybeamformingaskaretwo 3-dimensionatomplex datacubes.One
datacube,which is receved from the easyweight computationtask, is of size Ne,,, x M x J.
Theotheris from the Dopplerfilter processindaskandits sizeis N.q5, x J x K. A totalof N4,
matrix-matrixmultiplicationsare performedwhereeachmultiplication involvestwo matricesof
sizeM x J andJ x K, respectrely. The hardbeamformingaskalsohastwo input datacubes
whicharerecevedfrom theDopplerfilter processingindhardweightcomputatiortasks.Thedata
cubeof size6Ny,.-q x M x 2J is recevedfrom the hardweightcomputatiortaskandthe Doppler
filtered CPI datacubeis of size N4 X 2J x K. Sincerangecellsaredividedinto 6 rangesey-
ments thereareatotal of 6 V;,,4 matrix-matrixmultiplicationsin hardbeamforming.Theresults
of the beamformingaskaretwo 3-dimensionatomplex datacubesof size N, x M x K and
Nhara X M x K correspondingo the easyandhardparts,respectrely.

In amannersimilarto theweightcomputatiortask,parallelizationin this stepalsoinvolvespar
titioning of dataacrosghe N dimensionDopplerbins.) Differentsetsof processorsreallocated
to theeasyandhardbeamformingasks.Sincethecostof matrix multiplicationscanbedetermined
accuratelythe computationsreequallydivided amongthe allocatedprocessorsor this task. As
seernfrom Figure4, thistaskrequiresdatato be communicatedrom thefirst aswell asthesecond
task. Becausalatais partitionedalongdifferentdimensionsan all-to-all personalizedommuni-

cationis requiredfor dataredistritution betweenthe Dopplerfilter processingandbeamforming

17



CPI Data Subcube CPI Data Subcube

output from input to
Doppler Filter Processing Task Easy Beamforming Task
N pulses N

K
Fo

/

P, ‘
|

| 3
| channels
|
R e K
P

— N - . 0
_easy \ Data Reorganize <
P
3

| -
LS
P

N
—easy eay
P3

s easy _easy

P
|
|
|
|
1
|
|

—
-
-
-
-
-
-

J

X
0

Figure 8. Data redistrib ution from Doppler filter processing task to easy beamforming task. CPI

data subcube of size P£ X J X % is reorganiz ed to subcube of size % X P£ X J before
0 3 3 (4]

sending from one processor in Doppler filter processing task to another in easy beamforming

task.

tasks.Theoutputof the Dopplerfilter processingaskis adatacubeof size K x 2J x N whichis
redistritutedto the beamformingaskafterdatareoiganizationn theorderof N x K x 2J. Data
reoilganizationhasto be donebeforethe inter-task communicatiorbetweenthe two taskstakes
place,asshavnin Figure8.

Datareoganizationnvolvesdatacopying from non-contiguousnemoryspaceandits costmay
becomeextremelylarge dueto cachemisses.For example,two Dopplerbinsin the samerange
cell andthe samechannelarestoredin contiguousnemoryspace After datareoiganizationthey
arepﬁ0 - J elementdistanceapart. Therefore,jf P, is smallandthe size of the CPI datasubcube
partitionedin eachprocessors large,thenit is quitelik ely thatexpensve datareoiganizationwill
be neededwhich becomesa major part of the communicatioroverhead. The algorithmswhich
performdatacollectionandreoiganizationare crucial to exploit the available parallelism. Note
thatreceving datafrom theweightcomputatiortasksdoesnotinvolve datareolganizationor data

collectionbecausehey have the samepartitioningstratgy (alongdimensionV.)
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5.4 Pulse Compression

Theinputto thepulsecompressiotaskis a3-dimensionatomple« datacubeof size N x M x K, as
showvnin Figure9. Thisdatacubeconsistof two subcubesf SizeN,,s, x M x K andNpq,q X M x
K which arerecevedfrom theeasyandhardbeamformingasks respectrely. Pulsecompression
involvesconvolution of thereceved signalwith areplicaof the transmitpulsewaveform. Thisis
accomplishedby first performingK -point FFTson thetwo inputs,point-wisemultiplicationof the
intermediateesultandthencomputingtheinverseFFT. The outputof this stepis a 3-dimensional
realdatacubeof size N x M x K. Theparallelizatiorof thisstepis straightforvardandinvolvesthe
partitioningof thedatacubeacrosghe N dimension. Eachof the FFTscould be performedon an
individual processoand,hence gachprocessoin this taskgetsanequalamountof computation.
Partitioningalongthe N dimensioralsoresultsin anefficientaccessingnechanisnfior contiguous
memoryspacevhenrunningFFTs. Sinceboththe beamformingandpulsecompressiorasksuse
the samedatapartitioningstratgy (alongdimensionV), no datacollectionor reolganizationis
neededprior to communicatiorbetweerthesetwo tasks. After pulsecompressionthe squareof
the magnitudeof the complex datais computedo move to thereal power domain. This cutsthe

datasetsizein half andeliminateshe computatiorof the squareroot.
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5.5 CFAR Processing

Theinputto thistaskisan N x M x K realdatacuberecevedfrom the pulsecompressionask.
Theslidingwindow constanfalsealarmrate(CFAR) processingompareshe valueof atestcell

atagivenrangeto theaverageof asetof referencecellsaroundt timesa probabilityof falsealarm
factor This stepinvolvessummingup a numberof rangecellson eachsideof the cell undertest,
multiplying the sumby a constantandcomparingthe productto the valueof the cell undertest.
Theoutputof this task,which appearstthepipelineoutput,is alist of targetsat specifiedranges,
Dopplerfrequenciesandlook directions. The parallelizationstrateyy for this stepis the sameas
for the pulsecompressionask. Both taskspartitionthe datacubealongthe N dimension.Also,

no datacollectionor reoiganizations neededn the pulsecompressiomaskbeforesendingdatato

thistask.

6 Software Development and System Platform

All the parallel programdevelopmentand their integration was performedusing ANSI C lan-
guageand messageassinginterface (MPI) [24]. This permitseasyportability acrossvarious
platformswhich supportC languageand MPI. SinceMPI is becominga de facto standardfor
high-performanceystemsye believe the softwareis portable.

Theimplementatiorof the STAP applicationbasedon our parallelpipeline systemmodelhas
beendoneon the Intel Paragonat the Air Force ResearchLaboratory Rome,New York. This
machinecontains321 computenodesinterconnectedn a two-dimensionamesh. The Paragon
runsintel’s standardOpen Software Foundation(OSF) UNIX operatingsystem. Eachcompute
nodeconsistof threei860 RISCprocessorsvhichareconnectedby asystenbusandsharea 64M
bytememory Thespeedf ani860 RISC processois 40 MHz andits peakperformances 100M
floating point operationger second.The interconnectiometwork hasa messagetartuptime of
35.3usecanda datatransfertime of 6.53nsec/bytdor point-to-pointcommunication.

In ourimplementationa doublebuffering stratgy wasusedbothin thereceve andsendphases.
Duringtheexecutionloops,this stratgy employs two buffersalternatvely suchthatonebuffer can
be processeduringthe communicatiorphasewhile the otherbuffer is processeduringthe com-

pute phase.Togetherwith the doublebuffering implementationasynchronousendandreceve
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n : numberof CPIs
inBuf[2] : inputdatabuffer
outBuf[2] : outputdatabuffer

for i< 0ton—1
prev < (i — 1) mod 2
cur < i mod 2

next < (i + 1) mod 2

1

2

3

4

5 to < readtimer
6 postasyncrecevesfor inBuf[next]

7 wait for completionof previousrecevesfor inBuf{cur]
8 dataunpackingon inBuf[cur]

9 t1 < readtimer

10 computatioroninBuf[cur] andresultin outBuffcur]
11 ¢y < readtimer

12 datapackingfor outgoingmessagen outBuffcur]

13 postasyncsenddor outBuf[cur] to next task

14  waitfor completionof senddor outBuf{prev]

15 t¢3 « readtimer

Figure 10. Implementation of timing computation and comm unication for each task. A double
buffering strategy is used to overlap the comm unication with the computation. Receive time =

t1 — to, compute time =t — ¢, and send time =tz — 5.

callswereemployedin orderto maximizethe overlapof communicatiorandcomputation Asyn-
chronousommunicationmeanghattheprogramexecutingthesend/recefe doesnotwait until the
send/recefe is complete.This type of communications alsoreferredto asnon-blockingcommu-
nication.Theotheroptionis synchronousommunicatiorwhich blocksthesend/recefe operation
till the messagdéasbeensent/recaied. The generalexecutionflow andthe approachto measure
the timing for eachpartof computatiorandcommunicatioris givenin Figure10. We usedMPI

timer, MPI_Wtime(), becausehis 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

We specifiedhe parameterghatwereusedin our experimentsasfollows:

e rangecells(K) =512,

channelgJ) = 16,

pulseqN) =128,

receve beamq M) =6,

easyDopplerbins (NVeqsy) = 72,and

hardDopplerbins(Ny,q.-q) = 56.

Giventhesevaluesof parameterghetotal numberof floatingpoint operationgflops) requiredfor
eachCPI datato be processethroughouthis STAP algorithmis 403,552,528Table1 shavsthe
numberof flopsrequiredfor eachtask.A total of 25 CPlcomple datacubesveregenerate@sin-
putsto the parallelpipelinesystem.Eachtaskin the pipelinecontainghreemajorparts:receving
datafrom the previoustask,main computationandsendingresultsto the next task. Performance

resultsaremeasuredeparatelyor thesehreeparts,namelyreceving time, computatiortime, and
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Figure 11. Performance and speedup of computation time as a function of number of compute

nodes for all tasks.

sendingtime. In eachtasktiming resultsfor processingpne CPI datawere obtainedoy accumu-
lating the executiontime for the middle 20 CPIsandthenaveragingit. Timing resultspresented
in this paperdo not includethe effect of theinitial setup(first 3 CPIs)andfinal iterations(last2

CPIs).

7.1 Computation Costs

The taskof computinghardweightsis the mostcomputationallyjdemandingask. The Doppler
filter processingaskis the secondmostdemandingtask. Naturally more computenodesare
assignedo thesetwo tasksin orderto obtaina good performance.For eachtaskin the STAP

algorithm,parallelizationvasdoneby evenly dividing the computationaload acrosshe compute

nodesassigned.Sincethereis no intra-taskdatadependeng no inter-processocommunication
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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 ary singletaskin the pipeline. Anotherway to view thisis thatintra-taskcommuni-
cationis movedto the beginning of eachtaskwithin the dataredistrikution step. Figure11 gives
the computatiorperformanceesultsasfunctionsof the numbersof nodesandthe corresponding

speedumn the AFRL Intel Paragon For eachtask,we obtainedinearspeedups.

7.2 Inter-task Communication

Inter-taskcommunicatiomefersto thecommunicatiorbetweerthesendingandreceving (distinct
andparallel)tasks. This communicatiorcostdependson both the processoassignmentor each
taskaswell asonthevolumeandextentof datareoiganization.Tables2 to 6 presentheinter-task
communicatiortiming results. Eachtableconsidergairsof taskswherethe numberof compute
nodesfor both tasksare varied. In somecasesiming resultsshown in the tablescontainidle
time for waiting for the correspondingaskto complete. This happensvhenthe receving task’s
computatiompartcompletedeforethe sendingaskhasgeneratediatato send.

Frommostof theresults(Tables2 to 6) thefollowing importantobserationscanbemade.First,
whenthe numberof nodesis unbalancede.g.,sendingtask hasa small numberof nodeswhile
thereceving taskhasalarge numberof nodes)the communicatiorperformances notvery good.
Secondasthe numberof nodesis increasedn the sendingandreceving tasks,communication
scalesremendously This happendor two reasons.One,eachnodehaslessdatato reolganize,
pack and sendand eachnode haslessdatato receve; andtwo, contentionat the sendingand

receving nodesis reduced.For example, Table2 shavs thatwhenthe sendingtask’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

nodess increasedrom 8 to 32, thecommunicatiortimesimprove in asuperlineafashion.Thus,
it is not sufficient to improve the computationtimes for such parallel pipelinedapplicationsto
improve throughputandlateng.

In Figure10 thereceving time for eachloop is givenby subtracting; from ¢,. Sincecompu-
tationhasto be performedonly afterthe input datahasbeenreceved,receving time may contain
thewaiting time for theinput, shavnin line 4. Sendingime, t; — t,, measurethetime containing
datapacking(collectionandreoiganization)and postingsendingrequests.Becausef the asyn-
chronoussendusedin theimplementationtheresultsshavn herearethevisible sendingime and
theactualsendingactionmayoccurin otherportionsof thetask.Similarto thereceving time, the

sendingime mayalsocontainthewaitingtime for thecompletionof sendingequestsn 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 .0036| .1379| .0036 | .2090
16 .0580| .0771| .0022 | .0569

send | recv | send | recv
hard 4 .0054 | .5016| .0054 | .5714
BF .0029| .1379| .0030 | .2090
16 1159 .0771| .0017 | .0569

Table 6. Timing results of inter-task communication from pulse compression

processing task. Time in seconds.

CFAR processing

#nodes 4 8
send | recv | send | recv
pulse 4 .0099 | .3351| .0098 | .3348
compr .0053| .0662| .0051| .1750
16 .1256 | .0435| .0028 | .1783

task to CFAR

ousloop, shovn in line 8. Especiallyin the casesvhentwo communicatingaskshave anuneven

partitionedparallelcomputatiorioad, this effect becomegnoreapparentWith a large numberof

nodesthereis tremendouscalingin performancef communicatinglataasthe numberof nodes

is increased.This is becaus¢he amountof processingor communicatiorper nodeis decreased

(asit handledessamountof data),the amountof dataper nodeto be communicateds decreased

andthetraffic onlinks goingin andout of eachnodeis reduced.This modelscaleswvell for both

computatiormandcommunication.
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7.3 Integrated System Performance

Integratedsystemrefersto the evaluationof performancevhenall the tasksare consideredo-
gether Throughputandlateng arethe two mostimportantmeasure$or performancevaluation
in additionto individual taskcomputatiortime andintertaskcommunicatiortime. Table7 gives
timing resultsfor threedifferentcaseswith differentnodeassignments.

In section5 equationg1) and(2) provide the throughputandlateng for oneCPI dataset. The
measuredhroughputis obtainedby placinga timer at the endof the lasttaskandrecordingthe
time differencebetweenevery loop (thatis betweerntwo successie completionsof the pipeline.)
The inverseof this measuregrovidesthe throughput. On the otherhand, it is moredifficult to
measurdateng becausd requiressynchronizingclocksatthefirst andlasttask'snodes.Thus,to
obtainthe measuredateng, thetiming measuremerghouldbe madeby first readingtime at both
thefirst taskandlasttaskwhenthefirst taskis readyto reada new inputdata.This canbedoneby
sendinga signalfrom thefirst taskto thelasttaskwhenthefirst taskis readyfor readingthe new
inputdata.Thenthetimer for thelasttaskcanbe started.

In fact, the latengy givenin equation(2) representsinupper bound becausehe way we time
taskscontainsthe time of waiting for input from the previous task. This waiting time portion
overlapswith the computatiortime in the previoustasksandshouldbe excludedfrom thelateng.
Thus,thelateng resultsareconserative valuesandthereallateng is expectedo be smallerthan
this value.However, thelateny givenfrom equation(2) indicateshe worst-casgerformancedor

ourimplementationThereallateny equationthereforepecomes
real latency = Ty + max (T3, T)) + T, + Ty (3)

whereT! =T; - idle time atreceving, i = 3, 4,5, and6.

Table8 givesthethroughputandlateng resultsfor the 3 caseshavn in Table7. Fromthese3
casesit is clearthatevenfor the lateny andthroughpuimeasuresve obtainlinearspeedupfrom
our experiments.Giventhatthis scaleup is up to compute236 nodes(we werelimited to these
numberof nodesdueto thesizeof the machine)we believe thesearevery goodresults.

As discussedn sectiond, tradeofs exist betweerassigninghodesto maximizethroughputand
to minimize lateng, givenlimited resourcesUsingtwo exampleswe illustratehow further per

formanceimprovementsmay (or may not) be achievedif few extra nodesareavailable. We now
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Table 7. Performance results for 3 cases with diff erent node assignments. Time in seconds.

casel: total numberof nodes= 236

H ‘ #nodes‘ recv ‘ comp‘ send H total H

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

lateny 0.3622

case2: total numberof nodes= 118

H ‘ #nodes‘ recv ‘ comp‘ send H total H

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

lateny 0.6805

case3: total numberof nodes= 59

H ‘ #nodes‘ recv comp‘ send H total H

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

lateny 1.3530
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Table 8. Throughput and latency for the 3 cases in Table 7. Real results are obtained from
the experiments while equation results are obtained from applying individual tasks’ timing to
equations (1) and (2). The unit of throughput is number of CPIs per second. The unit of latency

is second.

# of nodes 236 118 59

equation| 7.1019| 3.7919| 1.9791
real 7.2659| 3.7959| 1.9898

throughput

equation| 0.5362| 1.0346| 1.9996
real 0.3622| 0.6805| 1.3530

lateny

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

2 in Table 7. Time in seconds.

total numberof 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
lateny 0.5498

take case2 from Table 7 asan exampleand add someextra nodesto tasksto analyzeits affect
to thethroughputandlateny. Supposehatcase? hasfulfilled the minimumthroughputrequire-
mentandmorenodescanbe added.Table9 shavs thatadding4 morenodesto the Dopplerfilter
processingasknotonly increaseshethroughputout alsoreduceghelateng. Thisis becaus¢he

communicatiormamountfor eachsendandreceve betweenthe Dopplerfilter processingaskto
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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.

total numberof 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
lateng 0.4247

weightcomputatiorandto beamformingasksis reduced Table9). So, clearly, addingnodesto
onetasknot only affectsthattask’s performancéut hasa measurableffect on the performance
of othertasks.By increasinghe numberof nodes3%, theimprovementn throughpuis 32%and
in lateny is 19%. Sud effectsare verydifficult to capture in purely theoretical modelshecausef
thesecondareffects.

Sincethe parallel computationload may be differentamongtasks,bottleneckproblemsarise
whensometasksn thepipelinedonothavethepropemumberf nodesassignedlf thenumberof
nodesassignedo onetaskwith aheary work loadis notenougho catchuptheinputdatarate this
taskbecomes bottleneckn the pipelinesystem.Hencejt is importantto maintainapproximately
the samecomputatiortime amongtasksin the pipelinesystemto maximizethe throughputand,
also,achieve higherprocessoutilization. Onebottlenecktaskcanbe seernwhenits computation
time is relatively muchlargerthantherestof thetasks.Theentiresystems performancelegrades
becauseherestof thetaskshave to wait for the bottlenecktask’s completionto send/recete data
to/fromit no matterhow mary morenodesassignedo themandhow fastthey cancompletetheir
jobs. Therefore poortaskschedulingand processomassignmenwill causea significantportion

of idle time in theresultedcommunicatiorcosts.In Table10 we addeda total of 16 morenodes
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to the pulsecompressiorand CFAR processingasksto the casein Table9. Comparingto case
2 in Table7, we canseethatthethroughputincreasedHowever, the throughputdid notimprove
comparedo theresultsin Table9, eventhoughthis assignmenhas16 morenodes.In this case,
theweighttasksarethe bottleneckasksbecauseéheir computatiorcostsarerelatively higherthan
othertasks. We canseethatthe receving time of therestof the tasksaremuchlarger thantheir
computationtime. A significantportion of idle time waiting for the completionof weighttasks
is in the receving time. On the otherhand,we obsere 23% improvementin thelateng. Thisis
becausehe computatiortime is reducedn the lasttwo taskswith more nodesassigned.From
equation(3), theexecutiontime of thesetwo tasks,7; and7}, decreaseand,thereforethelateny

is reduced.

8 Conclusions

In this paperwe presentegherformanceesultsfor a PRI-staggere@ost-DopplelSTAP algorithm
implementatioron the Intel Paragonmachineat the Air Force Research.aboratory Rome,New
York. Theresultsindicatethatour approactof parallelpipelinedimplementatiorscalesvell both
in termsof communicatiorand computation.For the integratedpipeline system the throughput
andlateny alsodemonstratéhe linear scalabilityof our design.Linear speedupsvereobtained
for up to 236 computenodes. Whenmorethan 236 nodesare used,the speedupcurvesfor the
resultsof throughputand lateny may saturate. This is becausehe communicationcostswill
becomesignificantwith respecto the computatiorcosts.

Almostall radarapplicationshave real-timeconstraintsHence a well designedsystemshould
beableto handlearny changesn therequirement®ntheresponsgime by dynamicallyallocating
or re-allocatingorocessoramongtasks.Our designandimplementatiomot only shavs tradeofs
in parallelization,processolssignmentand variousoverheadsn inter and intra-taskcommu-
nicationetc., but it alsoshaws that accurateperformancaneasuremendf thesesystemss very
important.Consideratiorof issuessuchascacheperformancevhendatais pacledandunpacled,
andimpactof theparallelizatiorandprocessoassignmenifior onetaskon anothettaskarecrucial.
Thisis normallynoteasilycapturedn theoreticainodels.In thefuturewe planto incorporateur-

ther optimizationsincluding multi-threading,multiple pipelinesand multiple processorsn each
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computenode.
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Appendix A: Space-Time Adaptive Processing with Mainbeam
Constraint

The space-timeadaptve processingroblemcanbe formulatedas a leastsquaresminimization
of the clutterresponse.This approachs desirablefrom a computationaktandpointasit is not
necessaryo produceanestimateof the clutter covariancematrix, whichis anordern3 operation.
In the leastsquaresapproacha matrix M is constructedrom snapshot®f the array dataafter
Dopplerprocessingandaweightvectorw is computedvhich minimizesthe normof the product
vector Mw. The snapshotare samplesof datafrom eacharray elementtaken at rangecells
adjacento the testcell, andalsofrom multiple coherentprocessingntervals (CPI's) which are
decorrelatedcrosgime. Typically a beamconstraintsuchasarequirementor unit responsen

thedirectionof the desiredtarget, is addedto rule out thetrivial solution,w = 0. As illustrated
in Figure12, the weightvectoris computedoy multiplying the pseudoimerseof M timesa unit

vector

data vectorl
data vecto2

M= :
data vecton
H
WS
W = column vector of element weights
W_ = steering vector (column)

S

Find W = least square error solutionoMw= [00...0 1T

Figure 12. Conventional least squares processing.

While assuringa nonzerosolutionfor the weights,the corventionalbeamconstrainiplacedon
the leastsquaregroblemas formulatedabove often producesan adaptedpatternwith a highly
distortedmainbeamwith a peakresponsédar removedfrom the targetof interest. The algorithm
thatwasformulatedandimplementechereis a constrainedrersionof the leastsquaregproblem.

Givena steeringvectorw, we seeka weightvectorw thatminimizesthe clutterresponsevhile
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data vectorl
data vecto2

M = :
data vecton
Identity Matrix * K
W = column vector of element weights
W, = steering vector (column)
k = beam constraint weight

Find W = least square error solutionoM w=[00...0w "

Figure 13. Beam constrained least squares processing.

maintaininga close similarity betweenw and w,. This conditionis specifiedby augmenting
the datamatrix M with anidentity matrix asdepictedin Figure 13. The productof the identity
matrix andthe solutionvectorw is setto a scalarmultiple of the steeringvectorw,. Theleast
squaresolutionis a compromisebetweerclutterrejectionandpreseration of mainbeamshape.
In practice,only slight modificationsof the weightvectorarerequiredto move spatialnulls into
theclutterregion, for clutterreturnsthatareoutsideof themainbeam.Thus,preserationof main
beamshapeaequiresonly aslightreductionof clutterrejectionperformanceandis oftenoffsetby
anincreasean arraygainon the desiredtarget. As shavn in Figure 13, the preseration of main
beamshapes controlledby scalark. The choiceof k directsthe leastsquaresolutionfor w to
adheranorecloselyto thesteeringzectorwhenk is large,andemphasizeluttercancellatioratthe
expenseof beamshapevhenk is small. Sincek is variabledependingn operatingrequirements,
we normalizetheresultingweightvectorto unit length.

Thereis acomputationaadvantageof theconstrainedechniqueof Figure13 overthatof Figure
12for systemghatutilize multiple beamsteering Sincethe steeringvectorw, appear®nly onthe
right sideof theequationandmatrix M is independendf the mainbeampointingangle,the QR
factorizatiorof M needeperformedonly oncefor agivendataset. Multiple weightvectorscan
becomputedor differentsteeringvectorchoiceshy multiplying the samematrix pseudoimerseor

QR factorizationby severalchoicesof constraintvectors.
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Appendix B: Matlab Version of RT-M CARM processing Algo-
rithm

function [detections} process_CPI (CPldata,N)
% N is the CPl number

num.channels =16;

num.range =512;

num.pulses =128;

num.doppler = numypulses;

numHardDop =56;

stagger =3; % PRI-stayger pulses
BeamConstraintWt =0.5;

FreqConstraintWt =0.5;

DopplerWWindow = hanning(hum_pulses-stagger);

rangeSegmentBoundaries [0 75150225300375512];

% DopplerFilter Processing
dopplerdata= rawToFFT (CPLdata,DopplerWwhdow,stagger);

% EasyWeight Computatiorand Beamforming
beamformeddata(numHardDop/2+1:midopplernumHardDop/2= easywts. * dopplerdata;
easywts = zeros(numdopplernumchannels,nunbbeams);
for idop= numHardDop/2+1 numdoppler- numHardDop/2,
[easywts(idop,:,:),previous dopplerdata(idop,:,:)|F computeEasyWts(idop,BeamConstraintWht, ...
Steeringvectors,preious dopplerdata(idop,:,:),doppledata(idop,:,:));
end;

% Hard Weight Computatiorand Beamforming

for rangeSg = 1:numrangeseyments,
startR=rangeSegmentBoundaries(rangeg¢+1;
endR=rangeSegmentBoundaries(rangege1);

beamformediata(1:numHardDop/2,:,startR:éRp= hardwts(rangeSg,1:numHardDof?,:,:).” *
dopplerdata(1:numHardDop/2,:,startR:eRy

beamformeddata(numdopplernumHardDop/2+ihum_doppler:,startR:endR¥
hardwts(rangeSg,numdopplernumHardDop/2+1:amdoppler:,:). *
dopplerdata(numdopplernumHardDop/2+ihum_doppler:,startR:endR);

hardwts = zeros(nunrangesegments,nundopplernumchannels,nunibeams);
for idop= 1:numHardDop/2,

[wts(rangeSe,idop,:,:),new_r(idop,:,:)] = computeRecur Har dWts(idop,startR,endR,
FreqConstraintWt,BeamConstraintWt,Steerifegtors,doppledata(idop,:,:),
new_r(idop,:,:),stagger);

end;% idop
for idop = numdopplernumHardDop/2+Ihum_doppler

[wts(rangeSe,idop,:,:),new_r(idop,:,:)] = computeRecur Har dWts(idop,startR,endR,
FreqConstraintWt,BeamConstraintWt,Steerifegtors,doppledata(idop,:,:),
new_r(idop,:,:),stagger);

end;% idop
end;% range_segments

% PulseCompessionand CFAR processing

35



pulsecompressisrpulseCompression(beamformed,pdilter_freq);
detections = CFAR(pulsecompression);
end;% functionprocessCPI

function [Dopplerdata]= rawToFFT (CPLdata,windav,stagger)
% input: CPl_data(humpulses,numrange,numchannels)
% outputDopplerdata(numdopplernumchannels,numrange)

Dopplerdata= zeros(numdopplernumchannel,nunrange);

paddedCPldata(1:nunpulses-stagger:) = CPlLdata(1:nunpulses-stagger:) .* window);
paddedCPldata(numpulses-stagger+1:nupulses,:,:= zeros(stagganumchannels,nunmrange);
Dopplerdata(1l:numdoppler:,:) = fft_pulses(paddedCPlLdata);

paddedCPl_data(stagger+1:nupulses,:,: = CPlLdata(1l:nunpulses-stagger:) .* window);
paddedCPldata(1:stagger:numulses,:,:F zeros(staggenumchannels,numange);
Dopplerdata(humdoppler+1:2*numdoppler:,:) = fft_pulses(paddedCPLdata);

end;% functionrawToFFT

function [wts, updateddopplerdata]= computeEasyWts(dopplerdiagWts Steeringvectors,
prev_dopplerdata,ne/_dopplerdata)
% computesadaptiveweightsdirectlyfor the easydopplerbinsfromdatafromthreepreviousCPIs

% shiftdatafrom previoustwo CPIsN-1andN-2 up, overwriting datafrom CPI N-3
updateddopplerdata(1: btaleasySamples 2/3,:) =
prev_dopplerdata(DtaleasySamples 1/3:TotalLeasySamples,:);

updateddopplerdata(DtaleasySamples 2/3,Total easySamples,:F
Select_Range_Sampleg(Total.easySamples 1/3,nev_dopplerdata);

avg = average(updatedopplerdata)* diagWits;

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

rhs= zeros(updatedopplerdata+numchannels,1);
rhs(updatediopplerdata+1:updatedopplerdata+numchannels,1¥ Steeringvectors(:,beam);

wts(:,beam) work\rhs;
wts(:,beam)} wts(:,beam)/(sqrt(wts(;,beam)ts(:,beam)));
end;
end;% functioncomputeEasyWts

function [wts, new_r] = computeRecur HardWts(dopplerstartRangeSgendRang Seay,spatialWt,feqWi,
Steeringvectors,doppledata,oldr,staggerCPI_LNum)
% computesdaptiveweightsrecursivelyfor the hard dopplerbins.

forgettingFactor= 0.6;

grx = zeros(2*numchannelst num.hard samples,2*nunthannels);

grx(1:2*numchannels,: forgettingFactor* old_r;

grx(2*num_channels+1:2*nunthannels+nunhardsamples,:F
Select_Range_Samples(num_hardsamples,doppledata);

avg = average(gx);
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half_channelss num.channels/2;

if (CPILNummod2 = 1) thencolOffset=0;

elsecolOffset= half channels;

end;

% constain half of thecolumns

grx(numhardsamplest 2*num_channels+1,1+col@et:halfchannels+colG$et)=
[avg * eye(halfchannels)]% spatialconstaints

grx(numhardsamples+ 2*num_channels+1,
num.channels+1+col@$et:numchannels+halthannels+coldget)=
[avg * eye(half channels¥ exp(-j * 2* pi * (dopplerl)* stagger num.doppler)];

[g new_r] = gr(grx(1:numhardsamplest 2*num_channelst half_channels,:),0);

for beam=1:nunbeams,
work = new._r;
% freqconstaintsscaledby e(-jk/n)
work(2*numchannels+1:3*nunthannels,1:nunchannels¥ [avg * eye(hnumchannels)];

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

[92 r2] = gr(Jwork rhs],0);
matrhs(;,beany r2(1:2*numchannels,2*nuncthannels+1);

wts(:,beam) work\rhs;
wts(:,beam} wts(:,beam)/(sqrt(wts(:,beam)ts(:,beam)));
end;
end;% functioncomputeRecurHaiWts
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