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Abstract—Previouswork hasdemonstratedthat evolutionary algorithms
are an effective tool for the selectionof optimal pulserepetition frequency
(PRF) setsto minimise range-Doppler blindnessin a highly simplified
model of a medium PRF radar. In this paper we extendthe work consid-
erably by consideringthe detailed effectsof side-lobeclutter and the many
technicalfactors affecting the choiceof radar PRF in a medium PRF mode
of operation of a practical fire control radar.

The abilities of the evolutionary algorithm are exploited further by not
only consideringthe traditional useof eight PRFs,but alsothe useof nine,
whilst maintaining the ability to transmit all the PRFswithin the dwell time
on the target. By using 9 PRFs, it is shavn that superior blind zoneperfor-
mancecan be achieved. Unlike all previous work, the algorithm presented
alsoensuresthat all the solutionsproducedare fully decodable,.e.canre-
solve the range and Doppler ambiguities inherent in a medium PRF, and
have no blind velocities. It wasfound that the evolutionary algorithm was
able to identify near-optimum PRF setsfor a realistic radar systemwith
only a modestcomputational effort.

Keywords— Medium PRF Radar, Pulsed-DopplerRadar, Evolutionary
Algorithms.

|. INTRODUCTION

ANY modernradarsystemsisemediumpulserepetition

frequengy (PRF)waveformsto measurdothtargetrange
andvelocity accuratelyin the presencef clutter MediumPRF
radarsposses®xcellent clutter rejectioncharacteristicsvhich
renderthemanattractve propositiorfor airborneintercept(Al),
fire control systemsgroundbasedair suneillance,weaponlo-
catingradaranda variety of otherapplications.

A radarusingasinglemediumPRFgeneratehighly ambigu-
ousrangeandDopplerdataandsuffersfrom a numberof blind
regionsin rangeandvelocity. Theambiguitiesmayberesohed
by operatingon several PRFs typically eight,andrequiringtar
getdatain aminimumnumbertypically threein whatis known
asathreefrom eightscheme.The problembecome®neof se-
lecting suitablecombinationsof PRFsto resolwe the ambigui-
ties,minimisetheblind zonesavoid blind velocitiesandreduce
problemsof ghostingwherebyincompleteresolutionof theam-
biguitiesin the presenc®f noisecanleadto falsetargets.

The spreadof PRFsis governedby soundengineeringprin-
ciples,basedon clutter rejectionandtargetillumination times.
However, thetraditionalapproacho theselectiorof preciseval-
uesoftenresultsin mediocreradarperformancePreviouswork
by the authors[1] hasshaown thatit is possibleto useevolu-
tionary algorithmsto automatethe processof generatingnear
optimal PRFsetsthatminimisethe blind zonesfor a simplified
radarmodel. Thework did not addresghe problemsof decod-
ability or totally blind velocities. This papermproposes scheme
to automatethe selectionof precisePRFvaluesto optimiseall
theaspectof radarperformancealiscussegbreviously.
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Existing techniquedo resole the ambiguitiesare basedon
the Chineseremaindertheoremandthe coincidenceor unfold-
ing algorithm. An excellentreview of mediumPRFradarand
PRF selectionis provided by Long and Harringer[2]. Con-
ventionally the Chineseemaindetheoremhasemplo/edpulse
repetitionintervals (PRI = 1/PRF)of integer numbersof range
cellsandsubsequentodulomathematicsvhich is sufficiently
simple to enablea hardware solution [3]. However, integer
mathematicsimposeslimitations on the number of suitable
PRFsand doesnot addressthe minimisationof blind zones.
The coincidencealgorithm is more computationallyintensie
for smallnumbersof targetsbut removescertainconstrainton
the PRFselection(sectionll-C). This paperproposes scheme
basedon the coincidencealgorithm and utilisesa nearcontin-
uousrangeof PRFswhich createsa vast searchspacewhich,
in turn, compoundghe problemof PRF selectionbut enables
superiorsolutionsto exist. Sincean exhaustve searchof PRF
combinationss notpossiblegvolutionaryalgorithmshave been
employed. PRF setselectionis madeon the basisof resolv-
ing ambiguitiesyemoving blind velocitiesandminimisingblind
zonesn therange/\elocity space.

Sectiontwo describeghe factorsinfluencingthe choice of
PRF setsfor a mediumPRFradarand of the proposediming
rationale.Sectionthreepresenta radarmodelbasedon anair-
bornefire controltyperadar The crucialissuesof clutter mod-
elling andits influenceon the blind zone map are discussed.
Sectionfour describeghe evolutionary algorithm and how it
is appliedto the problem. Finally, the fifth sectiondiscusses
the resultsin which the performanceof 8 and 9-PRF sched-
ules are consideredand performancestatisticsgeneratedrom
Monte-Carlotrials. The paperconcludeghat an evolutionary
algorithmis a powerful techniquefor optimisingthe selection
of PRFsandensuringhata mediumPRFradarcannotonly re-
solve rangeandvelocity ambiguitiesbut maximiseits detection
performancén all aspectsTheresultsshav thata3 of 9 system
hasbetterblind zoneperformancehana 3 of 8 systemandby
usingtheevolutionaryapproachsolutionscanbefoundthatcan
still betransmittedwithin thedwell time onthetarget.

Il. MEDIUM PRF RADAR
A. Introduction

The main advantageof low-PRFradaris the ability to mea-
sure target range directly using simple pulse delay ranging.
However, low-PRFradarsuffersfrom alack of Dopplervisibil-
ity, sincemainbeantlutterandundesiredslon moving targets
occupy mostof the spectrum. As a result,an excessve num-
ber of targetreturnsare rejectedalongwith mainbeanxlutter.
Furthermore)ow-PRF waveformssuffer from severe Doppler
ambiguities. Low-PRFradaris bestsuitedto operationin the



absenceof groundclutter returns. The principle advantageof

high-PRFradar is the ability to detecthigh closing-ratetar

gets,whoseDopplerfrequenciedall clearof sidelobeclutter,

in what is essentiallya noise-limitedervironment. However,

detectionperformancds poor in tail aspect(low closing-rate)
engagementsyheretargetscompetedirectly with the Doppler
spectrumof the sidelobeclutter Furthermorethe highly am-
biguousrangeresponseauseshesidelobeclutterto fold within

the ambiguousrangeinterval. Consequentlysidelobe clut-

ter can only be discardedby resolvingin Doppler frequeng.

Medium-PRFadaris a compromisesolutiondesignedo over-

comesomeof the limitations of both low andhigh-PRFradar

By operatingabove the low-PRFregion, the ambiguousepeti-
tionsof the mainbeanclutter spectrummay be sufficiently sep-
aratedwithout incurringunreasonableangeambiguities.Con-
sequently the radaris betterable to reject mainbeamclutter
through Doppler filtering without rejectingtoo mary targets.
By operatingbelow the high-PRFregion, the radars ability to

contendwith sidelobeclutterin tail-chaseengagementis im-

proved. Targetsmay now be extractedfrom sidelobeclutter us-
ing a combinationof Dopplerfiltering andrangegating.

B. PRF SHection

EachPRFis characterisethy regionsof blind velocitiesand
rangesassociatedvith the Dopplerfiltering of mainbeantlut-
ter andtime gatingof sidelobeclutter andassociateeclipsing
losses.Theseblind zonesaredepictedn blackon a blind zone
map,asin figuresl & 2.

0 500 1000 1500

Target Velocity m/s

Fig. 1. Blind zonesfor a single,clutter limited, mediumPRFwaveform with
PRI67.26us

Multiple burstsof pulsesarerequiredin orderto performtar
getdetectiorandto resoherangeandDopplerambiguities.This
is achieved by transmittinga numberof PRFswithin the dwell
time on target and sequentiallymeasuringand comparingthe
ambiguousdnformationrecevved from every PRE All the eight
PRFsfrom a 3 of 8 systenmustbeableto betransmittedwvithin
the dwell time, with eachPRFbursthaving 64 pulses(64-point
FFT) anda shortperiodof time in which to changeover PRFs.
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Fig. 2. Expandediiew of Blind zonesof Fig. 1

Thepositionsof blind zonesvary with PRF, therefore py ap-
plying suitablePRFsin a multiple-PRFdetectionscheme not
only may rangeand Dopplerambiguitiesbe resoled, but also
the blind zonesmay be staggeredo improve target visibility.
Groundclutter returnsreceved throughthe antennasidelobes
may be strongenoughto overwhelmweaktarget signals,con-
sequenthblind rangegendto worsenwith increasingange,as
shawn in figure 3. Figure4 illustratesits effecton a blind zone
mapof a3 from 8 PRFschedule.
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Fig. 3. Comparisorof tamget return and sidelobeclutter for a single, noise
limited, mediumPRFwaveformwith PRI67.26us

Corventionally threePRFsarerequiredto be clearin range
andDopplerin orderto resohe rangeand Dopplerambiguities
andto declarea targetdetection.However, Simpson[3] shows
that, againstscintillating targets,the probability of detectionis
improvedsubstantiallyif the numberof clearPRFsis increased
to four. In theblind zonemapof figure4, theblackshadingep-
resentzoneswherefewerthanthreePRFsareclearand,hence,
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Fig. 4. Blind ZoneMap of TargetReturnsfor 8-PRFSchedulg2m? tamget)

wheretheradaris totally blind. Thegrey shadingepresentthe
nearblind zonesvherethreePRFsonly areclear Whiteregions
represenzoneswherefour or more PRFsare clear Figure4
alsoindicatesblind zonesat low velocities(black vertical strip
on left) andranges(black horizontalstrip at bottom of figure)
which are presentin all PRFsdueto the clutter rejection, but
theirrepetition,whichwasevidentin figure 1, is now avoided.

Thenumberof PRFswithin aschedulanustbeselectectare-
fully; too few andthe ability to overcomerange-Doppleblind
zoneswill be hindered.With too mary PRFs,then,depending
on the averagePREF, theremay be insufiicient time to transmit
the entire PRF schedulewithin the dwell time on target. Typi-
cally, eightPRFsareemployed spanningaboutanoctave.

If a constanipeakpower and pulsewidth is employed, then
the averagetransmittedoower andduty cycle will vary propor
tionally. In an8-PRFschedulethetotal dwell time ontargetis
dividedinto eightcoherenfprocessingntervals. If the number
of pulsesprocessedluring eachinterval remainsconstantasis
usualwhenFFT Dopplerprocessings employed, thenthe pro-
cessingimeswill vary, but the probability of detectionon each
segmentwill not be affected. Furthermoreasan FFT synthe-
sisesa fixed numberof contiguousdigital filters, the Doppler
resolutionwill vary proportionallywith PRE FFT Dopplerpro-
cessingwith avariableduty cycleis thenormandis the method
assumedh this paper

Becauseof the relatively wide bandwidthsof the rejection
notchesthepossibilityremaindor aPRFscheduldo bedecod-
ableandstill have somerejectionnotch overlap; this is found
to be a particularproblemat thefirst repetitionsof the ambigu-
ous Dopplerintervals. The consequencesf suchoccurrences
arebandsof Dopplerfrequenciesn which theradaris blind, or
nearlyblind (threePRFsclearonly), atall rangestherebyallow-
ing atamgetto approachat a particularvelocity with minimum
risk of detection. This is illustratedin figure 4 which shows
blindnessat all rangesat a velocity of 352m/s. Nothing can
be doneaboutthe rejectionnotchesgcentredon zeroHz, which
blind the radarto crossingtargets. However, a testfor more

thanfour (3 from 8) or five (3 from 9) rejectionnotchesoverlap-
ping outsidethis region canensureagainsPRFscheduleeing
completelyrange-blindat othertargetvelocities.

Theselectiorof PRFsin amediumPRFsetis thereforebased
onthefollowing:

1. A spreaddf valueswhich enablethe resolutionof rangeand
velocity ambiguities,

2. theminimisationof blind zones,

3. removal of totally blind velocities,

4. ensuringhatthe duty cycle yieldsthedesiredaveragetrans-
mitted power,

5. constraintsmposedby the practicalissuesof systemtim-
ings, e.g.transmitterduty cycle giving an upperboundon the
allowablePRF, andaveragePRI beingconstrainedy thetarget
illuminationtime [4].

The finer the timing resolutionof the PRIs, the greaterthe
numberof PRIswithin the searchspace.Thisin turnincreases
thecompleity of findinganoptimumPRFsetbut alsoimproves
the performancef thatoptimumsolution.

Sincethe minimisationof blind zonesis influencedby the
size of the target that is anticipatedwith respectto the levels
of sidelobeclutter rejectionrequired,it is imperatve to have a
reliable model or dataon the natureof the clutter The exact
clutter characteristicare likely to be scenariospecificand so
onemusteitheroperateusinga PRFsetappropriateéo averaged
conditionsor optimisethe PRFsetdynamically Sectionlll-B
describeshe cluttermodelusedin this work.

C. System Timings and Decodability

Simpson[3] describesa schemeby which eachPRI is com-
prisedof anintegernumberof rangecellsof fixedwidth. There-
qguirementor the PRIto beanintegermultiple of therangecell
width stemsfrom the Chineseremaindetheorem[5, Sec17.4]
which is appliedcorventionallyfor ambiguityresolution. The
use of the Chineseremaindertheoremhighly constraintsthe
PRFselectiorproblemandrestrictsPRFselectiorby suchade-
greethatlittle accounbf theminimisationof blind zoness pos-
sible. In thework by Simpsontheradarmodelwasconstrained
further, leadingto areducedsearctspaceandonly allowedpoor
solutionsto beidentified[1].

Theradarmodelof the presenstudyassumethatpulseswill
be anintegernumberof cyclesof thefundamentasystemclock
andthattherangeis sampledaccordingo thefundamentatiock
rate,theidealcontinuoussearchspaces notrealisable.

To ensuredecodabilitythe LowestCommonMultiple (LCM)
of ary setof threePRIsfrom the setof eight (56 possiblecom-
binations)mustbe greaterthanthe time delayof the maximum
rangeof interest. Similarly the LCM of ary combinationof 3
PRFsmustbelessthanthetotal Dopplerbandwidth.

Additionally, with the Chineseremainderalgorithm, all the
56 combinationof threePRIs/PRF$n the setof eightmustbe
co-prime,i.e. the lowestcommonmultiple of eachsetof three
PRIs/PRFsnustequalthe productof thethreePRIs/PRFsgon-
strainingthe setof valid PRI schedulesiramatically Theseex-
tra constraintsare not a requiremenif the coincidencealgo-
rithm [2] andso the coincidencealgorithmis assumedn this
paper The coincidencealgorithmoperatesy taking the target
returnsin a PRI andrepeatingthemuntil the maximumrange



hasbeencovered.For asinglePRI,thiswill givemary rangesat
whichatargetmaybepresentTheprocesss repeatedor all the
visible PRIsandthe resultsoverlaid. If atruetametis present,
it will appearin the samepositionin all visible PRIs(yet may
notbedetected)Lik ewise,thetrue Dopplermayberesohedin

thefrequengy domain.Whenaccountingor rangeandDoppler
the processcan be performedwith a two-dimensionaimapin

range-Dopplespace.

The decodabilitytest above is satishctory for an infinitely
shortpulse. In practicethis is not the case.A bettercheckfor
decodabilityis to allow for the width of the pulse,andalsoan
allowancefor therangeextentof thetarget. This helpsto avoid
ghosting wheretwo PRIsmayalign partlywith anoisedetection
occurringcorrespondinglyn athird PRI, giving theappearance
of atrue target. A simple processwhereextendedpulsesare
placedin arraysat repetitionsof the PRIfor eachPRl andaco-
incidencecheckperformedwill determinepracticaldecodabil-
ity easily In this paper a compressegulselengthof 0.5us is
extendedto 0.7us for the decodabilitycheck. The extra 0.2us
allows for the pulseextensionresultingfrom a 30 metretarget
andthereforereduceghe chance®f ghosting.If theextratime
addedto the pulseis increasedjt becomesharderto identify
fully decodablePRI schedulesand thereforevery clearblind
zonemaps,but doesimprove the resistanceo the formationof
ghosts.

I1l. THE RADAR MODEL
A. Introduction

A radarmodelbasedon an airbornefire control type appli-
cationwasderived to trial the fithessof PRF sets. The model
assumed0GHzoperation 64-pointFFT processinglinear FM
pulsecompressiomchiezing a compressiomatio of 14 andthat
platform motioncompensatiois applied. Themaximumtarget
velocity with respecto the groundwastakenas1500m/sand
the maximumrangewastakento be 185km (100 nmi). These
andotheroperationatharacteristicaresummarisedn Tablel.
It isintendedhatthemodelshouldberepresentatie of thetypes
currentlyin serviceor aboutto enterservice.Clutterwasmod-
elled andresultedin a requiremento rejectmainbeanclutter
andgroundmoving targetsoveraband+1.67kHz. Simulations
wereperformedagainsta 5m? targetandresultin considerable
blindnessat long rangesdueto overwhelmingsidelobeclutter.
Largertargetsarelesseasily swampedby sidelobeclutter and
detections maintainecht greaterranges.

B. Clutter Modelling

Figure 5 shaws a typical range-Dopplerclutter map for an
airbornefire controlradarscenario.The codeusedto calculate
theclutterresponsés basednthecodeprovidedin [6].

Due to the shallov depressionangle of the antenna(6°
down), the strongmainlobeclutterreturnis seemat all ambigu-
ousrangeslf platformmotioncompensatiohadbeenincorpo-
ratedinto the clutter mapthenthe mainbeanclutter would be
centredon Dopplerfilter bin zero. The characteristicavtooth
profile of the sidelobereturnis evidentthroughouthe Doppler
interval. The strongaltitudeline is alsovery clear The clut-
ter mapfor eachPRI will be differentaseachPRI containsa

TABLE |
SUMMARY OF THE RADAR MODEL’S CHARACTERISTICS

Parameter Value

Carrierfrequeny 10GHz

Minimum PRI 35us

MaximumPRI 150us

Transmittecpulsevidth 7 us

Compressegulsavidth | 0.5us

Compressiotechnique | Linear FM 2 MHz chirp
bandwidth

FFTsize 64 bins

Rangeresolution 75m

Blind rangedueto eclips- | 15rangecells

ing

Duty cycle Variable(0.2 peak)

Antenna3dB beamwidth | 3.9°

Antennascanrate 60° /s

Maximum GMT velocity | 25m/s

rejected

Mainlobe clutter/GMT | + 1.67kHz

rejection notch band-

width

MaximumtargetDoppler | £100 kHz (1500m/s)

Maximum detection| 185.2km (100nmi)

range

Clutter backscattercoef- | -20dB

ficient

Tamgetradarcross-sectior] 5m?

differentnumberof rangebins.
Thesidelobeclutterprofilesusedin thecalculationsarebased
ononly therangeprofilesof theappropriateluttermapsfor the
PRIsused. The Dopplerbins are averagedfor eachmap after
notchingout the mainbeamclutter returnto give a good one
dimensionabkpproximatiorof thefull cluttermap.

IV. EVOLUTIONARY ALGORITHMS AND THEIR
APPLICATION TO THE PROBLEM

A. Introduction

Evolutionary Algorithms are optimisationproceduresvhich
operateover a numberof cycles(generationsandaredesigned
to mimic thenaturalselectiorprocesshroughevolutionandsur
vival of thefittest[7], [8]. A population of M independenin-
dividualsis maintainedby the algorithm, eachindividual rep-
resentinga potentialsolutionto the problem. Eachindividual
hasone chromosome. This is the geneticdescriptionof the so-
lution and may be brokeninto n sectionscalled genes. Each
generepresents single parametein the problem,thereforea
problemthathaseightunknovnsfor example,would requirea
chromosomaevith eightgenedo describsit.

Thethreesimpleoperationgoundin nature paturalselection,
matingandmutationareusedto generateew chromosomeand
thereforenew potentialsolutions. In this paper new chromo-
someswere generatedy a combinationof mating (otherwise
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Fig.5. Range-Dopplecluttermapfor typicalmediumPRF(90.1us)

known ascrossover) andapplyingGaussiamoise,with a stan-
darddeviation thatreducedwith eachgenerationfo eachgene
in eachchromosome.Eachchromosomaes evaluatedat every

generatiorusinganobjective function thatis ableto distinguish
good solutionsfrom bad onesandto scoretheir performance.
With eachnew generationsomeof the old individuals die to

malke roomfor the new, improvedoffspring. Despitebeingvery

simpleto code,requiring no directionalor derivative informa-

tion from the objective function andbeingcapableof handling
large numbersof parametersimultaneouslyevolutionaryalgo-

rithmscanachieve excellentresults.

A flowchartrepresentinghe whole processs givenin fig-
ure 6. Theradarmodelacceptsa chromosomédrom the evolu-
tionaryalgorithmanddecodest into a setof PRIs. Operational
parameterarepassedo thecluttermodel,whichin turnreturns
clutterdata. A blind zonemapis createdandtargetvisibility is
determined.The raw visibility datais thenpassedackto the
evolutionaryalgorithmasthe objective valueto drive the evo-
lutionary process.A new generatiorof PRFsis thenproduced
andtheprocesgsepeated.

B. Applying evolution to the problem

Earlier work by Davies and Hughes[1] comparedevolu-
tionary algorithmsand exhaustve searchtechniquego select
medium PRF schedulego minimise blind zones. They con-
cludedthat evolutionary algorithmsoffered an efficient alter
native to corventionalsearchmethodsand that they were ca-
pable of finding the optimum, or nearoptimum, solutionsin
a fraction of the time taken by the exhaustve searchmethod.
The studyalsosuggestedhat the speedandflexibility of evo-
lutionary algorithmtechniqueofferedthe potentialfor a radar
to selectPRF scheduleoptimally from a vastset of possible
solutions,in nearreal-time. The blind-zonemapsin this paper
cover a range-Dopplespacethatis over six timeslarger than
the spaceconsideredy Davies and Hughesand hasa vastly
improvedcluttermodelandfifty timesasmary PRIsto choose
from, whenusingequivalentradarmodels(11501comparedo
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Fig. 6. Flowchartof optimisationprocess

230).

C. Evolutionary coding strategies

In the presenstudywe optimisethe selectionof PRIsusing
areal-valueevolutionaryalgorithmto generateearcontinuous
PRIsandthecoincidencelgorithmto resohe ambiguities.This
schemeensureghata vastnumberof PRIsareavailableto the
optimisationprocessandthat the timings of eachPRI may be
derived from a 100MHz clock. With sucha vastsearchspace
available to the optimisationprocess,it hasbeenpossibleto
selectPRI setsfor ambiguityresolution,minimisationof blind
zonesandtheremoval of blind velocities.

Eachchromosomédorms a trial solutionto the problemand
consistsof a setof eight (or nine) genesthat lie in the inter-
val [0,1). Thesegenesarethendecodednto a PRI schedule,
whichis thenusedwithin aradarmodelto assessheschedules
gualityandto ensurehattheschedulaneetscertainconstraints.
Thechromosomés transformednto a PRI setby first generat-
ing a set, P, containingall possiblechoicesof PRI (11501in
the examplein this paper). The first PRI is chosenas the it*
PRI with i givenby the total numberof availablePRIs(||P|])
multiplied by the valueof thefirst gene giving achoiceof 1 in
11501. The PRI chosenis removed from the setP. The sec-
ond PRI is chosenin a similar way, this time beinga choiceof
1 of 11500. TheremainingsetP is now checledandary PRIs
thatarenot decodablén both rangeand Dopplerwith the two
PRIschosenpr which mayleadto severeghostingareremoved
from thesetP. Any PRIsthatwould alsoleadto ablind veloc-
ity arealsopruned.Thethird andsubsequernPRIscannow be
chosensimilarly, giventhe reducedsetof P, andreducingthe
setaccordinglyafterchoosingeachPRI. For PRIsfour onwards,
decodabilitymustbechecledbetweereachPRIin thesetP and
eachcombinationof pair of the PRIsalreadychosen.This pro-
cesswill ensurehatthe PRI setis fully decodablelf ||P|| =0
beforeall the PRIsarechosenthe objective is setto betotally
blind.

The objective function provides a measureof how well an
individual performsin the problemdomain[7]. In this case,
the objective function is the total areaof the blind zonemap



(in metresHertz) with four or more PRFsclear The decoding
procesdasalreadyensuredhatthe PRFsetis fully decodable
with reducedghostingandno hasblind velocities.

A simpleevolutionaryprogrammd8] with a basepopulation
of M = 50 trial solutionswasusedasthe evolutionaryengine.
Theevolutionaryprogrammeoperatedy creatingNV = 50 new
trial solutionsat eachgenerationandevaluatingthemfor blind
zoneperformanceThebest50 overallfrom the N + M setare
thenchoserfor thenext generationln this particularalgorithm,
aninitial populationof 100trial solutionswasusedpf whichthe
best50werechoserfor generatiorl. Evolutionaryprogrammes
arevery simple,yetvery powerful optimisationalgorithms.

To createthe 50 new solutionsa typical evolutionary pro-
grammecycle of cross@er and mutationwas applied. First
the 50 chromosomesemainingin the previousgeneratiorwere
copied. Eachof the 50 solutionshad a 70% chanceof be-
ing crossedduring the copy with anotherchromosomecho-
senat randomfrom the population(with replacement). The
70% probability of crosseer was chosenasit provided rea-
sonablyconsistentorvergenceerformancealthoughthevalue
of the parameteis not critical andvaluesin the range50% to
90% are unlikely to provide a significantdifferencein perfor
mance.If cross@er wasto be performed realvaluedinterme-
diate crosswoer [7], asdetailedin equationl, was usedto re-
combinethe geneswhereG,, andG,, aregenei of the new
chromosome andthechromosomé, with whichto cross.The
valuer; is auniformrandomnumberin therang€[0,1], selected
anev for eachgene. Intermediatecrosseer is a standardech-
nigueandwill producenew solutionsthataresimilarto boththe
parentchromosomestor example,if thechromosomes

a=[05 03 02 08 07 06 09 0.1]
and
b=[02 07 03 08 09 04 0.2 05]

wereto becombinedwith crosseer, firstarandomnumbercor-
respondindo eachgenelocationmustbegenerate@ndthen(l)
applied.If thesetof randomnumberavas

r=[03 06 03 02 06 03 05 0.2]
thentheresultingchild chromosomevould be
c=1[044 056 0.22 0.80 0.83 0.56 0.55 0.12 ]

G, = Ga, + (157 — 0.25) (G, — Ga,) (1)

Gaussiaimmutationwasthenappliedto eachgeneby addinga
randomnumberdrawn from a zero-mearGaussiardistribution
with aninitial standarddeviation of 0.125. Theinitial standard
deviationis choseras1/8 of therangeof thegenevalues.A new
randomnumberis dravn for eachgenein eachchromosome.
Thealgorithmwasforcedto corverge by reducingthe standard
deviation of the Gaussiamistributionusedfor the mutationpro-
cesshy multiplying by afactorof 0.9 every generationThusas
thealgorithmprogresseghesizeof therandomnumbersadded
to thegenegeducesandforcesthe searcho berefinedin order
to provide morerepeatableesultsin a limited numberof gen-
erations. In the first few generation®f the evolutionaryalgo-
rithm, themutationsarelargeandsoawide searchs performed

1=1...n

TABLE I
PERFORMANCE OF EVOLUTIONARY ALGORITHM OVER 100 TRIALS FOR 3
OF 8 DECODING.

Best 58.37%
Worst  59.91%
Mean 59.01%

Median 59.02%
o 0.28%

acrosghePRIsearctspace Thereductionfactorof 0.9reduces
the standarddeviation of the mutationsquite quickly, so after
around30 generationsthe mutation,and thereforethe global
searchjs having little effect. The searchdirectionis controlled
moreby cross@er andthereforelocal exploitation of the opti-
misationsurfaceis performed.

The algorithmwasterminatedafter 100 generation@andthe
bestsolutionselectedi.e. bestblind zoneperformancepsthe
final PRI setfor use. This size of populationand numberof
generationprovided a reasonabl@eumberof samplesolutions
from the problemdomainwithoutincurringunmanageablpro-
cessingimes.

D. Summary

The maximumtransmitterduty cycle (20% ) constrainghe
maximumacceptabléd®RF to be 28.57kHz. The width of the
mainbeamclutter rejection notch (£1.67kHz) constrainsthe
minimum PRFto be 6.67kHz, allowing the clutter to occupy
up to a maximumof half the PRE The PRI constraintscom-
binedwith thechromosoméransformatioralgorithmmeansall
PRI setsaredecodableretaingoodtargetvisibility andarenot
proneto blind velocities. Repeatedjenerationf the evolu-
tionary algorithmoptimisationprocesscontinueto refinetarget
visibility by minimising blind zones,subjectto blind velocity
andghostingchecks.

V. RESULTS
A. Introduction

Trials of the radarmodel and evolutionary algorithm were
conductedvith eachexperimenthaving a populationof 50 PRI
schedulesver 100generationsfor a5m? target. Theeffective-
nessof the evolutionaryalgorithmroutinewasinitially assessed
searchindor optimum8-PRFschedulesOncetheability of the
evolutionary algorithmto find optimum, or nearoptimum, 8-
PRF schedulesvas confirmed,the evolutionaryalgorithmwas
tasledwith searchingor optimum9-PRFschedules.

B. Optimum 8-PRF Schedules

Eachof the experimentswasrepeatedl00 timesin orderto
generatestatisticson the repeatabilityof the evolutionaryalgo-
rithmresults.Tablell shavsthestatisticsfor the3 of 8 problem,
with the performancendicatedby the percentagef the blind
zonemapthathasfewer thanfour PRFsclear

Figure7 shavstheblind zonemapfor thebest3 of 8 solution
found. Tablelll shavsthe PRIsusedthe meanPRI, meanduty
cycleandrange-Doppleareathatis blind. For an8 PRFsched-
ule, the meanPRI mustbe lessthan 100.4us (assumingg5ms



TABLE 11l
PRI SET FOR BEST 3 OF 8 STRATEGY (uS)

TABLE V
PRI SET FOR BEST 3 OF 9 STRATEGY (uS)

63.1169.97 77.07 81.3190.06 99.90 109.75119.00

MeanPRI 88.77us
Meanduty cycle 7.89%
Peakduty cycle 11.09%
Min range/Doppleblindnesgm.Hz) 1.0629e+10

65.0065.6272.4179.9683.9288.4493.30102.84112.41

MeanPRI 84.88us
Meanduty cycle 8.25%
Peakduty cycle 10.77%
Min range/Doppleblindnesgm.Hz) 9.7876e+9

TABLE IV
PERFORMANCE OF EVOLUTIONARY ALGORITHM OVER 100 TRIALSFOR 3
OF 9 DECODING.

Best 53.74%
Worst  55.02%
Mean 54.46%

Median 54.51%
o 0.26%

dwell time and 1.7mslost per PRI in changeover). The mean
PRI identifiedcould eitherbe usedwith a scanrateof 66.0° /s,
or deadtime/ built-in-testcouldbeaddedattheendof thesetof
PRIs,asis usedin mary currentradarsystems.Oftenthe scan
rateis determinedy subsequerprocessindput with phasedar-
ray technologybecomingmore available in airbornesystems,
thepressureo allow avariablescanrateis increasing.

Optimum Range/Doppler Clearance

Range km

1000
Target Velocity mfs

0 500 1500

Fig. 7. Blind zonemapfor best3 of 8 solution,5 m? tamget

C. Optimum 9-PRF Schedules

TablelV showsthestatisticsfor the 3 of 9 problem,with the
performancendicatedby the percentagef the blind zonemap
thathasfewerthanfour PRFsclear

Figure 8 shaws the blind zonemapfor the best3 of 9 solu-
tion found. TableV shows the PRIsused the meanPRI, mean
duty cycle andrange-Doppleareathatis blind. For a9 PRF
schedulethe meanPRI mustbe lessthan 86.3us. The mean
PRIlidentifiedcorrespondso a scanrateof 60.8° /s.

Optimum Range/Doppler Clearance

Foi

0 500 1000 1500

Target Velocity m/s

Fig.8. Blind zonemapfor best3 of 9 solution,5 m? target

D. Evolutionary algorithm Performance

With eachrun of the searchroutine, differentnearoptimum
PRFschedulesrefound,althoughtherange-Doppleblindness
variesmaiginally (by about1-2%). Thisimpliesthatthe PRI
searchspacecontainsmary local optimumsolutionswith sim-
ilar range-Doppleblindnessperformances.The averageand
peakduty cycles of thesesolutionsare found to be consistent
with thoseof somemodernfieldedradars.

With the optimisationbeing performedagainstsmall targets
with respecto the clutter, large black areasoccurtowardsthe
top of theblind-zonemapdueto thesidelobeclutterlevels. With
larger targets, the long-rangeregion of the blind zonemapis
clearerasdemonstrateé figure 9 whichis calculatedor a 10
m? target. Figures7, 8 & 9 all show blind zonemapsthat are
fully decodablendhave noblind ranges.

With codethat hasnot beenoptimisedfor speedandon a
moderndesktopcomputer(LGHz Pentium3), eachrun of the
evolutionaryalgorithmtakesapproximatel\3 hours.This is re-
ducedto approximately70 minuteson a DEC Alpha 667MHz
EV67 processar By optimising the codefor speedand with
fasterprocessingpecomingavailableeachyear the processing
timesareexpectedo bereducedsignificantlyin thenearfuture.

E. Number of PRFsin the Schedule

Typically, 8-PRF schedulesare employed in fielded radar
systems. Eight PRFsare traditionally thoughtto be a reason-
able compromisebetweerthe requiremento overcomerange-
Doppler blindnessand the ability to transmitthe entire PRF
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Fig. 9. Best3 of 9 schedulebut with 10m? target

schedulewithin the dwell time on target. Moreover, search-
ing for longer PRF schedulesising corventionalsearchtech-
niguesbecomedncreasinglymoredifficult. However, this study
hasdemonstratedhe efficiency and power of evolutionary al-

gorithm techniquesvhenappliedto this type of combinatorial
problem.Not only is the evolutionaryalgorithmableto find op-

timumor nearoptimum8-PRFschedulesvithin reasonabléme

framesbut theevolutionaryalgorithmis ableto find optimumor

nearoptimum9-PRFschedulesvith similar efficiengy.

VI. CONCLUSIONS

The useof the ChineseRemaindeiheoremfor decodinge-
turnsfrom eachburst constrainghe choiceof PRFto suchan
extent that PRF setsmust be selectedsolely for decodability
Optimisationof PRFsetsfor otherissueds not practical.

The useof the coincidencealgorithmpermitsPRIsto be se-
lectedwith the resolutionof the clock period (=10nsin our ex-
ample).Thisimprovedresolutionincreaseshe numberof PRIs
but enableselectiorto beoptimisedor decodabilityblindness,
blind velocitiesandghosting.

The evolutionaryalgorithmcanselectnearoptimal PRFsets
efficiently, with modesicomputingeffort and producea signifi-
cantimprovementin radardetectiorperformanceThe ‘quality’
of eachsetis basedon modelsof airbornefire controlradarand

associatedtlutter and so eachPRF setis application/scenario

specific.

Repeateduns of the evolutionary algorithm identify near
optimal PRF sets which differ mamginally from each other
Theserepeatdndicatethe existenceof severalsimilar local op-
tima in the problem spaceand the ability of the evolutionary
algorithmto find them.

The evolutionary algorithm has optimisedthe selectionof
3 of 9 schedulesvhich maybetransmittedvithin thetargetillu-
minationtime. Although 9-PRFschedulesre moredifficult to
transmitwithin thedwell time, theadvantagegaineds amarked
improvemeniin range-Doppleblindness Typically, with a5m?
RCStarget andthe particularclutter characteristicappliedin

the model, a 4.6% improvementin total range-Doppleblind-
nessgs achievedoveran8-PRFsystemwith themostnoticeable
improvementoccurringat the mediumdetectionranges(60 to
120Km), beyondwhichhighsidelobeclutterlevelsarethedom-
inant causeof blindness.Of all the nearoptimumPRF sched-
ulesfound,the 9-PRFschedulaletailedin TableV hasthebest
blind zoneperformancegainsthe standarcbn? target.

The evolutionaryalgorithmcould be developedto run much
quicker; evento the extentof optimisingthe selectiondynami-
cally torunin realtime.
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