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Abstract

A highdimensionalpulsecharacteristicis usedin orderto classifyrealradarsignalsasbelong-
ing to varioussimilar, but distinct,categories.Thepulsecharacteristicneedsto bereasonably
time andlocationinvariantto allow robust futureclassifications.We useda supervisedlearn-
ing processknown astheSupportVectorMachinealgorithmfor theclassificationproblem.The
advantagesof thisapproachis thatthealgorithmis well known for its generalisingability, its so-
lution is globalandunique,andadatafeature selection stepis not required.Ourresultsindicate
thatthereexistsnon-conventionalpulsecharacteristicssuitablefor rigorouspulseclassification.

Intr oduction and Background

Pulseclassificationinvolvesdeterminingthecategoriesof signalswhicharebeingtransmittedin
agivenenvironment.In particular, wewishto beableto distinguishbetweenvariouscategories
which may containcommonsignal patternsor characteristics.For instance,differing pulse
categoriescanhave signalswith very similar radio frequency (RF) andpulseduration(PD)
values.In addition,RFandPDvaluesmaynotbesostableover timeandlocation.

Hencewerequireotherpulsecharacteristics,thatwouldbereasonablytimeandlocationinvari-
ant,thatcouldrobustly catagorisethesignal.Thatis to say, thatdatacollectedat onetime and
locationwith a certainsignalto noiseratio (SNR) couldbeusedto classifypulsesat another
time andlocationwith a possiblydiffering SNR.We alsorequirethe classificationalgorithm
itself to bereasonablyinsensitiveto noiseeffectsandany smallchangesin thedata.Thisallows
thealgorithmto generalisewell by successfullyclassifyingnot only on seentraining data,but
alsoonunseentesting data.

Support Vector Machines

For the classificationprocess,we usedthe Support Vector Machine (SVM) algorithm. This
is a recentapproachfor solving supervisedclassificationproblems,or “learning from exam-
ples”. It is quickly growing in popularitydueto its generalisingability. In essence,suchan
approachmaximisesthe margin betweenthe training data(wherethe category of eachdata



point is known) andthedecisionboundarybetweentwo competingcategories.This allows ro-
bustclassificationof futureunseendatawhoscategoriesareunknown. Maximisingthemargin
caststheproblemasaQuadratic Optimisation one.Thesubsetof patternsthatareclosestto the
decisionboundaryarecalledsupporting vectors andareautomaticallydeterminedby thealgo-
rithm. AlthoughSVMs areonly binaryclassifiers,it is simpleto generalisethemto a classifier
for multipleclasses,asis discussedlater.

We give a very brief overview of themathematicsof SVMs. For a moredetailedpresentation,
the readeris referredto [1] and[2]. Supposefor the linearly separablebinary classification
problem,we have a setof examples,or trainingdata,� i � yi � whereyi

��� 1 � 1 anddefinesclass
membership,� i

� RN � i � 1 �����	�	� l � We wish to constructa hyperplane
�� ��
 b � 0 so that the
margin betweenthe hyperplaneandthenearestpoint is maximised.It canbeshown that this
leadsto thefollowing quadraticoptimisationproblem:
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Notethat(2) forcesarescalingon
� 
 � b � sothatthepointclosestto thehyperplanehasadistance

of 1����
�� . Oftenin practiceaseparatinghyperplanedoesnotexist. Henceweneedto relaxthe
constraints(2) by introducingslackvariablesξi � 0 � i � 1 ���	���	� l. Theoptimisationproblemnow
becomes,for auserdefinedpositivefinite constantC:
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Notethatfor aclassificationerrorto occur, werequireξi � 1. Hence∑l
i � 1ξi is anupperbound

on the numberof misclassificationson the training set. The additionalterm of Equation(3),
with 0 " C " ∞, balancesthecontribution of minimising

� 
#��
�� (i.e. maximisingthemargin)
with penalisingsolutionsfor which theξi gettoo large.

By introducingLagrangemultipliers αi andusing the Kuhn-Tucker theoremof optimisation
theory, wecanposetheequivalentdualoptimisationproblem:
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Thesolutionis givenby
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Thenon-zeroαi’s correspondto theso-calledsupport vectors �
i thathelpdefinetheboundary

betweenthetwo classes.All othertrainingexampleswith correspondingzeroαi valuesarenow
renderedirrelevantandautomaticallysatisfyconstraint(4) with ξi � 0. Wecannow write down
thehyperplanedecisionfunction,for thevector � , as:
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Note that in the objective function (6) and decisionfunction (10), the input examplesonly
appearasdot products.This leadsto two interestingproperties.First, the complexity of the
algorithmis not stronglydependenton thedimensionof the input data,but ratherthenumber
of dataexamples.Secondly, to allow for moregeneraldecisionsurfaces,the dot productcan
simply be replacedby a suitablekernel function k [1]. Hencethe objective function to be
maximisedcannow bewrittenas
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with theconstraintequations(7) and(8) unchanged.Thedecisionfunctionthenbecomes,for
thevector � :
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Theαi’s aredeterminedfrom thesolutionto theQuadraticProgram(11), (7) and(8). Thebias
parameter, b, is determinedfrom (10) by usingtwo arbitrarysupportvectorsfrom known but
opposingclasses.

By replacingthe dot productswith kernel functions,we have effectively mappedthe input
datato a higherdimensionalspace. It is then in this higherdimensionalspacethat we still
attemptto constructa dataseparatinghyperplaneso asto maximisethemargin. In the lower
dimensionaldataspace,thishyperplanebecomesanon-linearseparatingfunction.An example
of acommonlyusedkernelfunctionis k

� � �*) �&� � � � ) 
 1� q, whereq � Z + .

Although the above analysisonly appliesto the binary classificationproblem,it is easilyex-
tendedto the multiclassproblem. For K classes,we simply train , K2 - � K

�
K � 1��� 2 binary

classifiersto take into accountall combinationpairsof classes(“One-against-Oneclassifiers”).
To classifya new datavector, all , K2 - binary classifiersareappliedto it, anda simplevoting
strategy is employed.Thelabelof theclasswith themostvotesis chosen.

Radar PulseClassificationProblem

We therebychoseanappropriatehigh dimensionalpulsecharacteristicin orderto classifythe
signalsasbelongingto variousdistinctcategories. We werecarefulto ensurethat thedimen-
sion of this pulsecharacteristicwasreducedto the valueof the smallestdimensionacrossall



categoriesconsidered.In this way, theclassificationprocesswould only usetheintrinsic pulse
characteristicinformation,ratherthanany categoricaldifferencesin dimensions.

In this studywe have chosenfive differentcategoriesof pulsesignals,all with similar RF and
PDvalues.Eachcategorywasfurthersubdividedinto threePDmodesof low, mediumandhigh
values.Eachmodewasconsideredseparatelyin theclassificationproblemastheir PD values
werewidely separated.For eachof thefivecategories,wehavetwo datasetsof signalsdigitally
recordedatdistancesof 3 nmi and6 nmi.

Oneof themainpurposesof thestudyis to determineif theproposedhigh dimensionalpulse
characteristicsrecordedat3 nmi of known categoriescanbeusedto classifypulsesrecordedat
6 nmi atadifferingtime,andvice-versa.Hence,wetrainedtheSVM on50pulsesfrom eachof
thecategoriesof the3 nmi dataandtestedit onall the6 nmi dataandvice-versa.This is agood
testfor therobustnessof thepulsecharacteristicusedaswell asthegeneralisationabilitiesof
SVMs. We alsotrainedtheSVM on a smallamountof datarecordedat both3 nmi and6 nmi
(25pulseseach)andtestedit on theremainingdataatboththesedistances.

Finally, we calculatedthesamplemeanpulsecharacteristicfor eachcategory at eachdistance.
We thenclassifiedeachpulseat theotherdistanceby choosingthatcategory which minimised
the Euclideandistancebetweenthe samplemeansand the pulsebeing classified. This is a
standardclassificationprocedureandisusedasameansof comparisonwith theSVM algorithm.
Note that both methodsare“data driven” anduseno prior information(apartfrom category
membership),sothatacomparisonis meaningfulandvalid.

Resultsand Discussion

Thereis sofar no theoriticalapproachto choosinganoptimalkernelfunctionanduserdefined
C value[2]. Whenusingthe SVM algorithmfor this problem,we chosethe kernelfunction
k
� � �*) �.� � � � ) 
 1� 2 which seemedto work well acrossall the data. We found thatC � 100

workedwell for all cases,exceptwhentrainingtheSVM with the3 nmi dataandtestingon the
6 nmi datafor modes2 and3, whereC � 1 wasfoundto bemoreappropriate.

It wasfoundthat thedatafor mode1 at bothdistanceswerecomparatively noisycomparedto
modes2 and3. Thedatafor mode3 hada slightly higherSNRthanfor mode2. Thedataat 3
nmi for modes2 and3 was,asexpected,lessnoisythanthedataat 6 nmi. We foundthatwhen
theSVM wastrainedonhighSNRdataandthentestedondatawith asignificantlylowerSNR,
a smallervalueof C, whichpenalisedclassificationerrorsless,wasmoreappropriate.

For all fivecategoriesacrossthreePD modes,therewerea total of 4340pulses,of which 2533
wererecordedat a distanceof 6 nmi andtheremainingon anotherdayat 3 nmi. Thefirst two
columnsof Table1 show theclassificationresultswhenanSVM wastrainedon thedataatone
distanceandtestedon datafrom theotherdistance.Thethird columnshows theclassification
resultswhenanSVM wastrainedonasmallamountof datafrom eachdistanceandtestedonall
remainingdata.Thefourth andfifth columnsaretheclassificationresultsusingtheminimum
Euclideandistanceprocedurebasedon themeanpulsecharacteristicsasdescribedearlier.

We quickly note that the SVM algorithm producedsignificantly betterclassificationresults
thanthetraditionalminimumEuclideandistanceapproach.Othertraditionalapproacheswere
considered,suchascorrelationmethods,but thesefairedevenworseandarenot reportedhere.
In particular, for modes1 and2 wheretheamountof noisewassignificant,theSVM performed



3 nmi train 6 nmi train mixedtrain 3 nmi mean 6 nmi mean
Cat. 6 nmi test 3 nmi test mixedtest 6 nmi test 3 nmi test
a1 199/200 91/91 241/241 197/200 91/91
b1 71/193 71/123 255/266 62/193 33/123
c1 100/100 100/100 150/150 100/100 100/100
d1 190/193 137/141 276/284 190/193 136/141
e1 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%

Table1: Pulseclassificationresultsfor eachof thethreePDmodes.Thefirst threecolumnsare
classificationresultsfor theSVM algorithmtrainedon1) 3 nmi dataandtestedon6 nmi data2)
6 nmi dataandtestedon 3 nmi data3) a mixtureof 3 nmi and6 nmi dataandtestedonunseen
mixeddata.Columns4 and5 reflectpulseclassificationresultsfor theminimumsquarederror
methodfor the samplemeancalculatedfrom 1) dataat 3 nmi andtestedon dataat 6 nmi 2)
dataat 6 nmi andtestedon dataat 3 nmi. Theresultsaregivenasthenumberof successfully
classifiedpulses/thetotalnumberof pulsesweattemptedto classify.

muchbetterthantheminimumEuclideandistanceapproach.For mode3, wherethenoisewas
lesssignificant,bothapproachesgavecomparableresults.

Althoughtheamountof pulsedatawaslimited, applyingtheSVM algorithmto thepulseclas-
sificationproblemdescribedabove wasgenerallyvery successful.It wasfoundthatcategories/

and 0 werethemostdifficult to separate,especiallyin mode1 wherethereweresubstantial
misclassifications.A misclassified

/
pulsewasnearlyalwaysclassifiedasan 0 category pulse

andvice-versa.

All othercategorieswereverycloseto being100%separablein theexampleswe encountered.
Notethatit waseasierto classifythe3 nmi dataaftertrainingonthe6 nmi datathanvice-versa.
This is becausethe dataat 3 nmi would be expectedto be lessnoisy thanthe dataat 6 nmi.
However, thebestperformancewasachievedwhentheSVM wastrainedona smallamountof
datarecordedfrom both 3 nmi and6 nmi andtestedon all of the remainingdata. The issue
of the noisespreadof the training andtestingdataandhow it affects the performanceof an
SVM, andtheoptimalchoiceof its userdefinedparameterC, deservesextra attention.This is
especiallyimportantin view of the fact that theSNRof futuresignalsto beclassifiedwill be
generallyunknown.



Conclusion

Our resultssuggestthat thereexists non-conventionalpulsecharacteristicsthatcanhelp clas-
sify accuratelyandrobustly pulsesof distinct,but similar, categories.It alsoshows thatSVMs
trainedon smallamountsof noisydatacanbesuccessfulin discriminatingbetweenvery sim-
ilar high dimensionaldatathat arefrom differing categories. In addition,the SVM algorithm
alleviatestheproblemof usinghigh dimensionaldatasothata featureselectionstepis not re-
quired.Indeed,thecomplexity of theSVM algorithmis independentof thedatadimension,but
ratherdependson thenumberof trainingexamples.Further, becausetheSVM operatesasan
QuadraticOptimisationproblem,thesolutionis globalandalmostcertainlyunique.Thisdiffers
vastlyfrom otherwell known learningmachines,suchasMultilayer Perceptrons (MLP), which
canbevery sensitive to its own initial configuration.Extrawork on theeffect of noisein the
trainingandtestingdataandcorrespondingoptimalC valueis required.
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