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Abstract

A highdimensionapulsecharacteristiés usedin orderto classifyrealradarsignalsasbelong-
ing to varioussimilar, but distinct, catgyories. The pulsecharacteristimeeddo be reasonably
time andlocationinvariantto allow robustfuture classificationsWe useda supervisedearn-
ing procesknown asthe SupportvVectorMachinealgorithmfor theclassificatiorproblem.The
advantage®f thisapproachs thatthealgorithmis well known for its generalisingbility, its so-
lution is globalandunique,anda datafeature sel ection stepis not required.Ourresultsindicate
thatthereexistsnon-cowventionalpulsecharacteristicsuitablefor rigorouspulseclassification.

Intr oduction and Background

Pulseclassificationnvolvesdetermininghecateyoriesof signalswvhicharebeingtransmittedn

agivenervironment.In particular we wishto beableto distinguishbetweenvariouscateyories
which may containcommonsignal patternsor characteristics.For instance differing pulse
catgyoriescan have signalswith very similar radio frequeng (RF) and pulseduration(PD)

values.In addition,RF andPD valuesmaynot be sostableovertime andlocation.

Hencewe requireotherpulsecharacteristicghatwould bereasonablyime andlocationinvari-

ant,thatcouldrobustly catagoriseéhe signal. Thatis to say thatdatacollectedat onetime and
locationwith a certainsignalto noiseratio (SNR) could be usedto classify pulsesat another
time andlocationwith a possiblydiffering SNR. We alsorequirethe classificationalgorithm
itselfto bereasonablynsensitve to noiseeffectsandarny smallchangesn thedata.This allows

thealgorithmto generalisevell by successfullyclassifyingnot only on seenrtraining data,but

alsoonunseertesting data.

Support Vector Machines

For the classificationprocesswe usedthe Support Vector Machine (SVM) algorithm. This
IS a recentapproachfor solving supervisectlassificationproblems,or “learning from exam-
ples”. It is quickly growing in popularitydueto its generalisingability. In essencesuchan
approachmaximisesthe mamgin betweenthe training data (wherethe cateyory of eachdata



pointis known) andthe decisionboundarybetweertwo competingcateyories. This allows ro-

bustclassificatiorof future unseerdatawhoscategoriesareunknovn. Maximisingthe maigin

castghe problemasa Quadratic Optimisation one. Thesubsebf patternghatareclosesto the
decisionboundaryarecalledsupporting vectors andareautomaticallydeterminedy thealgo-
rithm. AlthoughSVMs areonly binaryclassifiersjt is simpleto generalisehemto a classifier
for multiple classesasis discussedater.

We give a very brief overview of the mathematic®f SVMs. For a moredetailedpresentation,
the readeris referredto [1] and[2]. Supposdor the linearly separabléinary classification
problem,we have a setof examplesor trainingdata,z;, y;, wherey; € —1,1 anddefinesclass
membershipzi € RN, i = 1,...,1. We wish to constructa hyperplanew - z + b = 0 sothatthe
maigin betweerthe hyperplaneandthe nearespoint is maximised.It canbe shovn thatthis
leadsto thefollowing quadraticoptimisationproblem:

min (- w) &)
subjectto

Notethat(2) forcesarescalingon (w, b) sothatthepointclosesto thehyperplanéiasadistance
of 1/||w||. Oftenin practicea separatindnyperplanaloesnot exist. Hencewe needto relaxthe

constraintg2) by introducingslackvariable<t; > 0, i = 1,...,|. Theoptimisationproblemnow

becomesfor auserdefinedpositive finite constant:

1 '
min é(w-w)+Ci;Ei 3)
subjectto
Vi((w-zi)+b)>1-¢,i=1,..,1l (4)
& >01i=1,..,1. (5)

Notethatfor a classificatiorerrorto occut we requireg; > 1. Hencez}:1 &; isanupperbound
on the numberof misclassification®n the training set. The additionalterm of Equation(3),
with 0 < C < o, balanceghe contrikution of minimising (w - w) (i.e. maximisingthe magin)
with penalisingsolutionsfor whichthe¢; gettoo large.

By introducingLagrangemultipliers a; andusingthe Kuhn-Tucker theoremof optimisation
theory we canposethe equivalentdual optimisationproblem:

max; z a;yiyj(zi - z) (6)

subjectto

0<0i<C,i=1,.., )
|

i;GiYi =0. 8)



Thesolutionis givenby

w = _:IZiniwi- 9)

Thenon-zeroo;’'s correspondo the so-calledsupport vectors z; thathelp definethe boundary
betweerthetwo classesAll othertrainingexampleswith correspondingeroa; valuesarenow
renderedrrelevantandautomaticallysatisfyconstrain{4) with & = 0. We cannow write down
thehyperplanalecisionfunction,for thevectorz, as:

|
f(z) :sgn(;yiui-(w-:ci)+b). (10)

Note that in the objectve function (6) and decisionfunction (10), the input examplesonly
appearasdot products. This leadsto two interestingproperties.First, the complity of the
algorithmis not stronglydependenbn the dimensionof the input data,but ratherthe number
of dataexamples.Secondlyto allow for more generaldecisionsurfaces the dot productcan
simply be replacedby a suitablekernel function k [1]. Hencethe objectve function to be
maximisedcannow bewritten as

| |
1
ai—5 » aia;yiyjk(zi,zj), (11)
2% 2,2,
with the constraintequationg7) and(8) unchangedThe decisionfunctionthenbecomesfor
thevectorz:

f(z) = Sgﬂ(I_lzlini k(z,zi) + b) . (12)

Thea;’s aredeterminedrom the solutionto the QuadratidProgram(11), (7) and(8). Thebias
parameterb, is determinedrom (10) by usingtwo arbitrary supportvectorsfrom known but
opposingclasses.

By replacingthe dot productswith kernelfunctions,we have effectively mappedthe input
datato a higherdimensionalspace. It is thenin this higherdimensionalspacethat we still

attemptto constructa dataseparatindhyperplaneso asto maximisethe mamgin. In the lower
dimensionatlataspacethis hyperplandbecomes non-linearseparatindunction. An example
of acommonlyusedkernelfunctionis k(z,y) = (z-y+1)%, whereq € Z*.

Although the above analysisonly appliesto the binary classificationproblem,it is easily ex-

tendedto the multiclassproblem. For K classesye simply train () = K(K - 1)/2 binary
classifierdo take into accountall combinatiorpairsof classeg“One-against-Onelassifiers”).
To classifya new datavector all ('é) binary classifiersare appliedto it, anda simplevoting

stratgyy is employed. Thelabelof theclasswith the mostvotesis chosen.

Radar PulseClassification Problem

We therebychosean appropriatéhigh dimensionajpulsecharacteristién orderto classifythe
signalsasbelongingto variousdistinct cateyories. We were carefulto ensurethatthe dimen-
sion of this pulsecharacteristisvasreducedo the value of the smallestdimensionacrossall



catgyoriesconsideredIn this way, the classificatiorprocessvould only usetheintrinsic pulse
characteristienformation,ratherthanary categoricaldifferencesn dimensions.

In this studywe have choserfive differentcateyoriesof pulsesignals,all with similar RF and
PD values.Eachcategyory wasfurthersubdvidedinto threePD modesof low, mediumandhigh

values.Eachmodewasconsideredseparatelyn the classificatiorproblemastheir PD values
werewidely separatedr-or eachof thefive cateyories,we have two datasetsof signalsdigitally

recordedatdistance®f 3 nmiand6 nmi.

Oneof the main purpose®f the studyis to determinef the proposechigh dimensionajpulse
characteristicsecordedat 3 nmi of known cateyoriescanbe usedto classifypulsesecordedat
6 nmi atadifferingtime, andvice-versa.Hence we trainedthe SVM on 50 pulsesrom eachof
the categoriesof the 3 nmi dataandtestedt onall the 6 nmi dataandvice-versa.Thisis agood
testfor the robustnes®f the pulsecharacteristizisedaswell asthe generalisatiorabilities of
SVMs. We alsotrainedthe SVM on a smallamountof datarecordedat both3 nmi and6 nmi
(25 pulseseach)andtestedt ontheremainingdataat boththesedistances.

Finally, we calculatedhe samplemeanpulsecharacteristi¢or eachcateyory at eachdistance.
We thenclassifiedeachpulseat the otherdistanceby choosingthat cateyory which minimised
the Euclideandistancebetweenthe samplemeansand the pulsebeing classified. This is a
standaratlassificatiorprocedureindis usedasameanf comparisorwith theSVM algorithm.
Note that both methodsare “data driven” and useno prior information (apartfrom category
membership)sothata comparisons meaningfulandvalid.

Resultsand Discussion

Thereis sofar no theoriticalapproactio choosinganoptimalkernelfunctionanduserdefined
C value[2]. Whenusingthe SVM algorithmfor this problem,we chosethe kernelfunction
k(z,y) = (z-y+ 1)? which seemedo work well acrossall the data. We found thatC = 100
workedwell for all casesgxceptwhentrainingthe SVM with the 3 nmi dataandtestingonthe
6 nmi datafor modes2 and3, whereC = 1 wasfoundto be moreappropriate.

It wasfoundthatthe datafor model at both distancesverecomparatrely noisy comparedo
modes2 and3. Thedatafor mode3 hada slightly higherSNRthanfor mode2. The dataat 3
nmi for modes?2 and3 was,asexpected)essnoisythanthe dataat 6 nmi. We foundthatwhen
the SVM wastrainedon high SNR dataandthentestedon datawith a significantlylower SNR,
asmallervalueof C, which penalisectlassificatiorerrorsless,wasmoreappropriate.

For all five catgyoriesacrosghreePD modestherewereatotal of 4340pulsesof which 2533
wererecordedat a distanceof 6 nmi andthe remainingon anotherday at 3 nmi. Thefirst two
columnsof Tablel shaow the classificatiorresultswhenan SVM wastrainedon thedataat one
distanceandtestedon datafrom the otherdistance.Thethird columnshows the classification
resultswvhenanSVM wastrainedon asmallamountof datafrom eachdistanceandtestedbnall
remainingdata. The fourth andfifth columnsarethe classificatiorresultsusingthe minimum
Euclideandistanceprocedurdasedn the meanpulsecharacteristicasdescribecearlier

We quickly note that the SVM algorithm producedsignificantly better classificationresults
thanthetraditionalminimum Euclideandistanceapproach Othertraditionalapproachesvere
consideredsuchascorrelationmethodsput thesefairedevenworseandarenotreportedhere.
In particular for modesl and2 wheretheamountof noisewassignificantthe SVM performed



3 nmitrain | 6 nmitrain | mixedtrain | 3 nmi mean| 6 nmi mean

Cat. || 6nmitest | 3nmitest | mixedtest | 6 nmitest | 3 nmitest
al 199/200 91/91 241/241 197/200 91/91
bl 71/193 71/123 255/266 62/193 33/123
cl 100/100 100/100 150/150 100/100 100/100
di 190/193 137/141 276/284 190/193 136/141
el 148/200 126/149 234/299 133/200 145/149
a2 97/97 60/60 107/107 97/97 60/60
b2 89/95 42/50 93/95 47/95 29/50
c2 190/190 140/140 280/280 190/190 140/140
d2 248/248 187/187 385/385 248/248 187/187
e2 165/200 133/143 280/293 153/200 110/143
a3 149/149 50/50 149/149 149/149 50/50
b3 176/180 42/46 176/176 180/180 44/46
c3 100/100 173/173 223/223 100/100 173/173
d3 190/190 175/175 315/315 190/190 175/175
e3 191/198 171/179 312/327 189/198 154/179

mean| 90.9% 94.0% 96.8% 87.8% 90.0%

Tablel: Pulseclassificatiorresultsfor eachof thethreePD modes.Thefirst threecolumnsare
classificatiorresultsfor the SVM algorithmtrainedon 1) 3 nmi dataandtestedon 6 nmi data2)
6 nmi dataandtestedon 3 nmi data3) a mixture of 3 nmi and6 nmi dataandtestedon unseen
mixeddata.Columns4 and5 reflectpulseclassificatiorresultsfor the minimumsquarecerror
methodfor the samplemeancalculatedfrom 1) dataat 3 nmi andtestedon dataat 6 nmi 2)
dataat 6 nmi andtestedon dataat 3 nmi. Theresultsaregivenasthe numberof successfully
classifiedpulses/theotal numberof pulseswve attemptedo classify

muchbetterthanthe minimum EuclideandistanceapproachFor mode3, wherethe noisewas
lesssignificant,bothapproachegave comparableesults.

Althoughthe amountof pulsedatawaslimited, applyingthe SVM algorithmto the pulseclas-
sificationproblemdescribedhbore wasgenerallyvery successfullt wasfoundthatcateyories
b ande werethe mostdifficult to separategspeciallyin model wheretherewere substantial
misclassificationsA misclassified pulsewasnearlyalwaysclassifiedasane category pulse
andvice-versa.

All othercategorieswerevery closeto being100%separablén the exampleswve encountered.
Notethatit waseasietto classifythe3 nmi dataaftertrainingonthe 6 nmi datathanvice-versa.
This is becausdhe dataat 3 nmi would be expectedto be lessnoisy thanthe dataat 6 nmi.
However, the bestperformancevasachievedwhenthe SVM wastrainedon a smallamountof
datarecordedfrom both 3 nmi and6 nmi andtestedon all of the remainingdata. The issue
of the noisespreadof the training andtestingdataand how it affectsthe performanceof an
SVM, andthe optimal choiceof its userdefinedparameteCC, deseresextra attention.This is
especiallymportantin view of the factthatthe SNR of future signalsto be classifiedwill be
generallyunknowvn.



Conclusion

Our resultssuggesthat thereexists non-cowentionalpulsecharacteristicshat canhelp clas-
sify accuratelyandrobustly pulsesof distinct, but similar, cateyories.It alsoshavsthatSVMs
trainedon smallamountsof noisy datacanbe successfuin discriminatingbetweernvery sim-
ilar high dimensionaldatathat arefrom differing categories. In addition,the SVM algorithm
alleviatesthe problemof usinghigh dimensionadatasothata featureselectionstepis not re-
quired.Indeed the compleity of the SVM algorithmis independenof thedatadimensionput
ratherdependsn the numberof training examples.Further becausehe SVM operatesaasan
QuadratidOptimisationproblem thesolutionis globalandalmostcertainlyunique.This differs
vastlyfrom otherwell known learningmachinessuchasMultilayer Perceptrons (MLP), which
canbe very sensitve to its own initial configuration.Extrawork on the effect of noisein the
trainingandtestingdataandcorrespondin@ptimalC valueis required.
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