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ExecutiveSummary

ThisreportdescribesworkperformedduringFY95 for the KnowledgeFusionProject,which
was sponsoredby the Departmentof Energy,Officeof Nonproliferationand NationalSecurity.
The projectteam selectedsatellitesensordata as theone mainexampleto whichits analysisalgo-
rithmswouldbe applied.The specificsensor-fusionproblemhasmanygenericfeaturesthatmake
it a worthwhileproblemto attemptto solvein a generalway.The genericproblemis to recognize
eventsof interestfrommultipletime seriesin a possiblynoisybackground.By implementinga
suiteof time seriesmodelingand forecastingmethodsand usingwell-chosenalarmCriteri%we
reducethe numberof falsealarms.Wethenfurtherreducethe numberof false alarmsby analyz-
ing all suspicioussectionsof data, asjudged by the alarmcriteria,withpatternrecognition
methods.Thisreportdescribesthe implementationand applicationof this two-stepprocessfor
separatingeventsfrom unusualbackground.As a fortunateby-productof this activity,it is possi-
ble to gain a betterunderstandingof the naturalbackground.

ThefundamentalprincipleunderlyingtheDOE/NN-sponsoredKnowledgeFusion(KF)projectat
LosAlamosis that the technologiesof extractinginformationfromhugedata setscan best be
developedby cooperationbetweena team of specialistsexperiencedwith the generalunderlying
computerscienceandmathematicalproblemsand expertsin the designand operationof specific
operationalsystems.The goal is to solvethe specificproblemsso that the resultswillbe as gener-
ally applicableas possibleto newproblemdomainsas theydevelop.This goal includesthedevel-
opmentof a computationalenvironmentthat will insurethat all toolsdevelopedfor tasks suchas
parsing,filtering,analyzing,and displayingcanbe usedwithina unifiedenvironmentthatencour-
ageseasy applicationto new situations.Resultspresentedherewill be primarilyfroma specific
exampleproblemin whichseveralsensorson satellitesare used to detectnuclearweaponexplo-
sions.Theplan is to solvethat particularproblemandto solveit in a computationalenvironment
that willpermitreadyapplicationof the toolsdevelopedto new domains.If successful,many
DOEprojectswill eventuallybenefit,and a uniformmethodof collection,storage,and analysis
shouldemergeas the benefitsof usingthe knowledgefusionteam becomeapparent.

Morespecifically,this reportpresentsa somewhatdetailedapplicationof 12differenttime-series
forecastingmethods,followedby 7 differentpatternrecognitionmethods.One of the 12forecast-
ing methodsand 1of the7 patternrecognitionmethodswerewrittenfor the KFproject.The other
forecastingmethodsandpatternrecognitionmethodswereobtainedfrom commercialsoftware
implementations,as describedin Refs.ES-1and ES-2.It is not possibleto givea completetreat-
mentof all of thesecandidatemethodsin onedocument,so thisreporthas twocompanionreports.
ReferenceES-3 givesa detailedcomparisonof two of the forecastingmethods(fuzzy-forecaster
and statisticallymotivatedcurve smoothersas forecasters),and Ref.ES-4 givesa detaileddiscus-
sionof the linearforecastingmethods,includingvector-valuedautoregressivemovingaverage
(ARMA)time seriesmodels.ReferenceES-4also givesconsiderabledetailaboutonepatternrec-
ognitionmethodthatwasempiricallyderivedfromone specificdataset.Theempiricalderivation
is closelyrelated to quadraticdiscriminantanalysis.
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KnowledgeFusion: Time SeriesModeling
Followed by Pattern RecognitionAppliedto

UnusualSectionsof BackgroundData

by

TomBurr,JustinDoak, JoAnnHowell,Dave Martinez,and RichardStrittrnatter

ABSTRACT

This reportdescribesworkduringFY95 that wassponsoredby the Departmentof
Energy,Officeof NonproliferationandNationalSecurity,for the Knowledge
FusionProject.The projectteamselectedsatellitesensordata as the one main
exampleto whichits analysisalgorithmswouldbe applied.The specificsensor-
fusionproblemhasmanygenericfeatures,whichmakeit a worthwhileproblemto
attemptto solvein a generalway.The genericproblemis to recognizeeventsof
interestfrommultipletimeseriesthatdefinea possiblynoisybackground.By
implementinga suiteof time seriesmodelingandforecastingmethodsand using
well-chosenalarmcriteria,we reducethenumberof falsealarms.Wethenfurther
reducethe numberof falsealarmsby analyzingall suspicioussectionsof data,as
judged by the alarmcriteria,withpatternrecognitionmethods.This report
describesthe implementationand applicationof this two-stepprocessfor separat-
ing eventsfrom unusualbackground.

1. Introduction

The fundamentalprincipleunderlyingthe KnowledgeFusionprojectat LosAlamos,sponsored
by the Departmentof Energy,Officeof Nonproliferationand NationalSecurity,is that the tech-
nologiesof extractinginformationfromhugedata setscan best be developedby cooperation
betweena teamof specialistsexperiencedwiththe generalunderlyingcomputerscienceand
mathematicalproblemsand expertsin the designand operationof specificoperationalsystems.
The goalis to solvethe specificproblemsso that the resultswillbe as generallyapplicableas pos-
sibleto newproblemdomainsas they develop.This goalincludesthe developmentof a computa-
tionalenvironmentthatwill insurethat all toolsdevelopedfor taskssuchas parsing,filtering,
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analyzing,anddisplayingcan be usedwithina unifiedenvironmentthatencourageseasy applica-
tion to newsituations(Ref.1).Resultspresentedherewillbeprimarilyfroma specificexamplein
whichseveralsensorson satellitesare usedto detectnuclearweaponexplosions.The plan is to
solvethatparticularproblem,andto solveit in a computationalenvironmentthatwill permit
ready applicationof the toolsdevelopedto newdomains.If successful,manyDOEprojectswill
eventuallybenefit,anda uniformmethodof collection,storage,andanalysisshouldemergeas the
benefitsof utilizingthe knowledgefusionteambecomeapparent.

Thisreport is organizedas follows:Section2 describesthe multiple-sensorproblemfrom which
we extrapolategeneralproceduresfor data analysisin a particularbut commonsetting,reviews
previousrelatedworkon the sensor-fusionproblem,and describesour computationalenviron-
ment.Section3 coverssomespecificdata-acquisitionissues.Section4 describesanalysismeth-
ods for vector-valuedtime series.Section5 providesmoredetailsaboutone of the two general
typesof specificdata sets.Theseadditionaldetailsrelateto our approachto applyingpatternrec-
ognitionmethods.Alsorelatedto our approachto patternrecognitionis the choiceof forecasting
methods,so in section5 wecomparetheresultsof 12forecastingmethods.Section6 givesdetails
abouttheraw and deriveddata presentedto pattern-recognitionalgorithmsand resultsof cluster
analysison someof thedata.Section7 givespattern-recognitionresultsfor sevenmethodsonone
simulatedand tworeal data sets.Section8 is a summary.

2. The Nudet-DetectionProblem

2.1 Background

Weemphasizethat our intentionis not to directlysupportanyprojectbut to solveselectedprob-
lemsfromparticularprojectsthatare consideredtopcandidatesto appearin manyDOEprojects.
Thisreportfocuseson thefollowingvery typicalscenario.Themostambitiousgoalis to use time
seriesdatafrommultiplesensorsto deducethe“stateof affairs”duringany specifiedtimeperiod.
A morereasonablegoal is to try to deducewhethera specifiedtimeperiodcontainsan eventof
interest.In the nudet-detectionproblem,nudet,a nuclearblast,is the eventof interest.In the case
of atmosphericand exe-atmosphericsurveillance,we knowtherecan be eventssuchas solar
flaresthat are not the eventof interest,but they are also notordinarybackground.Wewill there-
fore dividethe backgrounddata into twotypes:usualand unusual.Wefurtherdivide“unusual”
backgroundinto two types:knownand fairlywellcharacterized,suchas solarflares,and
unknown.Wecan now stategoalone as:

Use timeseriesdatafrommultiplesensorsto labeleachsectionof timeas

1) ordinarybackground,

2) unusualbackgroundof knowntypeor of unknowntype,or

3) sectioncontainingtheevent (nudet)of interest.



Figure 1showsanoverviewof ourknowledgefusionapproachto the nudet-detectionapplication.
It identifiesthe stepsin the analysisthat are describedin the followingsectionsin moredetail.

NormalSeck- RareNatural

r [‘~

EventiProcess
groundData Phenomena Characterization

Obaervables

SensorResponses

Q/- ‘ ‘Non-eventSignature
Characterization

Event/Signature
Characterization

aMultisansor
Correlation

I Anomaly I NaturalPhenomena
L I 1 I

FIGURE1. Knowledgefusioncomponentsas theyappiyto ournudet-detectionproblem.

To accomplishgoalone, we modelthe ordinarybackgroundto set decisionthresholdsbasedon
the analysisof data from severalsensors.Sectionsof data that“lookunusual”basedon decision
thresholdsare furtheranalyzedby patternrecognitionto separatefalse alarmsfrom trueevents.

Informationon the specificnudet-detectionprogramscan be foundin Ref. 2. Tokeep thisreport
self-contained,we also includehere the relevantinformation.

The UnitedStatescurrentlyusesparticleandradiationdetectorsaboardsatellitesto monitorthe
near-earthenvironmentfor clandestinenudets.These satellite-baseddetectorshaveaccessto a
telemetrydownlinkwithlargebandwidth,andmuchof thedetectoroutputdata is transmittedto a
groundstationfor recordingand analysis.The on-boardelectronicsystemsthatcontrolthe parti-
cle and radiationdetectorscontainlogicelementsthatcan issuealertsand triggeroptionalrecord-
ing and data transmissionactivitieswhenunusualdetectorsignalsoccur.However,mostof the
data analysisand anomalyresolutionactivitiesoccuronly after thedetectoroutputsare received
by the groundstation. Therefore,a potentialapplicationof our projectis to applyknowledge
fusionmethodsto developthe computationalalgorithmsrequiredfor this on-boardprocessingof
detectoroutputs.
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Becausemostof the detectorsof interestgenerateoutputvaluesat regularintervals,muchof the
analysisof the satellitedetectorsystemscan be formulatedas a time-seriesprobleminvolving
multipletime seriesthat havenonzerocrosscorrelationsat bothzeroandnonzerotimelags.Con-
sequently,we are evaluatinga varietyof both standardandinnovativeanalysismethodsfor time
seriesto determinetheir effectivenessin correctlyinterpretingthe detectorsignals.Toevaluate
thesealgorithms,we musttestthereon a largequantityof detectoroutputdatacorrespondingboth
to naturalbackgroundprocessesaloneand to naturalbackgroundprocesseswith a varietyof
nudeteffectssuperimposedSomeof thatworkwascompletedin 1994andhas been applieddur-
ing 1995.During 1995we beganto add the abilityto recognizepatternsto all sectionsof time
seriesthat appearunusualbasedon somealarmcriteria.

Aboutfour and one-halfyearsof detectoroutputdata fromthecurrentgenerationof satellitesis
availableon opticaldisks at LosAlamosNationalLaboratory.This is an extensivesourceof
detectorresponsedata for naturalbackgroundprocesses,coveringmore thanone-thirdof a sun
spotintensitycycle andincludinga solaractivitymaximum.Weare usingthesedetectoroutput
databasesto generatedata setsfor developingandtestingour time-seriesalgorithms.

Observationaldata for actualnudetsignalssuperimposedon naturalbackgroundprocessesare
muchmorelimited.Severalexe-atmosphericnucleartestswereconductedin theHARDTACK,
FISHBOWL,andARGUSprogramsin the late 1950sandearly 1960s,and detectoroutput
recordsfromtheseeventsare available.However,thesedatacover a fairlysmallpart of the
device-typddetector-locationparameterspaceof interest.~ addition>detectordesignshave
changedsomewhatsince theseearlytestswereconducted.Accordingly,we areusing simulation
modelsof nudetsand of detectorsto generatedetectorresponsesto a varietyof nudet/detector
combinations,and we then addtheseresponsesto the backgroundsignalsfrom the observational
databasesto generatethe nudetdatasetsrequiredto developand evaluatethe time-seriesmeth-
ods.During 1994wecomparedour simulatednudetdetectorsignalswiththeobservationalresults
fromthe exe-atmosphericteststo assurethat the simulationmodelsgeneratereiilisticresultsfor
the gammaand neutronsignals.

Theworkdescribedin Ref.2 restrictsattentionto four time series:electrons,protons,neutrons,
and gammas.In Ref. 2, we describedtwonewmethodsto combineinformationfrom the gamma
andneutronchannels.Forecastingthe neutrontimeserieswas simple.Forecastingthe gamma
serieswas difficult,and openquestionsremainaboutthe bestwayto combineinformationfrom
the gammaand neutronsensors.Wealso workedtowardimprovingthe use of chargedparticles
(electronsandprotons)to predictthe gammas,but we foundthatusingprior gammasto predict
presentgammasworked“better.”Sucha statementcan onlybe partly true,andit dependson the
time scalesused. See Ref.2 for moredetail,but one key fact is that in Ref.2 we treatedthe fore-
casterrorsfromthe neutronseriesas beingindependentfromtheforecasterrorsfromthe gamma
seriesduring“ordinarybackground.”Thisis basedon physicalreasoningandwasconfirmedwith
all of the many sections(aboutten 1-to 4-hr sections)of ordinarybackgroundthat we analyzed.



For the workdescribedin this repo~ we limitedattentionto threetimesserie~lectrons, pro-
tons,and gammas-because usingthe electrons,protons,andprior gammasto forecastpresent
gammasis morechallengingthanforecastingthe neutrons,and becauseas statedin the previous
paragraph,the neutrontime seriesis independenthorn the gammatime seriesoverperiodsof
ordinarybackground.Also,during1995we werefortunateto gainaccessto thehigher-resoIution
data setsfor the electrons,protons,andgammasthatare onlyavailablewhena thresholdcriterion
has beenmet.Thesehigher-resolution(morefrequent)timeseriesare informallycalledevent
records.The currentthinkingis thateach eventrecordmustbe explainedby a human.Weran-
domlyselected1322eventrecordsto applypatternrecognitionto separatetheminto our three
categories:nudet,ordinarybackground,and unusualbackground.We givemoredetailin
section6.

To summarizethis section,any nudet-detectionprojectrequiresthe use of at least threedistinct
and widelyapplicableanalysismethodologies:

1. simulation,includingbothdiscrete-eventsimulationand modelingof physicalsystems;

2. time seriesanalysis;and

3. patternrecognitionmethods.

Subsequentsectionsin this reportpresentmoredetailaboutthe applicationof thesemethodol-
ogiesto anynudet-detectionprogram.It is notdifficultto envisionmanymoreapplicationsof this
generalapproach.For example,considernuclearfacilitymonitoringwith a centraldatabaseof
countrates fkommanysensors.Our two-stepprocedureis still attractive:(1) applystandardor (if
needed)innovativemethodsfor modelingand forecastingtime seriesso that the backgroundcan
be monitoredeffectivelyand (2) applypatternrecognitionmethodsto “unusualsectionsof back-
grounddata” to explainthe sourceof the unusualbehavior.

2.2 The ComputationalSystem

Moredetail is givenin Refs. 1and2. Wecontinueto developthe softwaretoolkitcalledSoftware
ToolkitforAnalysisResearch(STAR).During1995,a moduletoperformpatternrecognitionwas
added.The pattern-recognitionmodulewill be describedin theresults sections.The goalof the
STARteam is to producea researchtool that facilitatesthe developmentandinterchangeof algo-
rithmsfor locatingnonproliferationphenomenaof interestin largequantitiesof data Using this
toolkit,nonproliferationresearcherswill be able to ascertainwhichexistingtechniquesare the
most promising,developnew andpossiblymoreeffectivemethods,and add/deletealgorithms
withoutmajorre-designwork.Somemodulesor componentsof STARwillpreprocessincoming
data; somewill selectthe appropriateinformationfor a particularnonproliferationapplication;
somewill analyzedatato uncoveritemsof significanceto nonproliferationexperts;andothers
will assessthe effectivenessof the variouscomponents.Someof the specifictechniques
employedby the variousmoduleswill be featureselectionalgorithms,machinelearningalgo-
rithms,a pure statisticalmodel,andexpertsystemmethodologies.
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3. Data Issues

3.1 Real Data

SateZZiteData Acquisition. A separatedocumententitled“GEXODataAcquisitionGuide” (Ref.
3) detailsthe exact stepsrequiredto obtainoneof the twotypesof the LANL-basedsatellitedata
thatwe haveused.As such,it is bothdirectlyrelevantto thecurrentapplicationof knowledge
fusionand ilso servesas an exampleof a typical,real-dataproblem.Of course,it most impor-
tantly servesas a practicalworldngdocumentto transferthe abilityto retrievesatellitedata to
newresearchersas required.Werefer to the seconddata type,informally,as the eventrecords.
Theprocedureto accessthe eventrecordshas changedseveraltimes,so we havemaintaineda
“howto get the data”report that is unpublishedbut availableflomD. Martinezor T.Burr.

3.2 Real Datawith Nudets

Fortunately,we do not haveexamplesof real dataover the last fouryearsof nudetsabovethe
earth’satmosphere.Therefore,we continueto use the simulationcodedevelopedduring 1994to
createartificialnudeteffectsthat we addto sectionsof real data..The simulationcode includes
comprehensivenudetanddetector-responsemodeling,is writtenin C++,andis accessiblein a
user-friendly(menu-based)wayfromwithinthe STARframework.

4. Analysisof VectorTimeSeries

In this sectionwe reviewmodelingof vectortime series.SeeRef.2 for additionalspecificdetails
andRefs.4-6 for generalbackground.Therearemanypublishedstrategiesformonitoring
changesin the behaviorof time series.Nearlyall strategiesspecifythat a particularmodelis in
effectfor the time series,and the goal is to designtests fordeparturefromthat model.Departure
is a wayto quantifywhatis meantby a changein behaviorof the timeseries.Thenewideahereis
that all sectionsof data thatdeparthorn themodelfor ordinarybackgroundare includedin a data
file to be analyzedusingclusteringand classifjhg (patternrecognition)methods.

4.1 ARIMATimeSeriesModels

Onewidelystudiedclass of time seriesmodelis the auto-regressive,integratedmovingaverage
ARIMA)model,whichwe willuse to illustratethe idea.Supposethat the time series(
{x~, x~>..., Xn}has beendetrendedby differencingor,equivalently,by fittingpolynomialfunc-

tionsof time.The detrendedseriesis saidto followan auto-regressive,movingaverage(ARMA)
model.
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Wecan writethe generalscalarARMA (p, q) modelas

x* = a.+ P
z axt-j+~~-obj~,-j

j= I J (1)

wherethe aj ~d bj are realconstants,the Et-j areindependentlyandidenticallydistributed(iid)
randomvariables,and te {1,2, ..., n}. It is comon t. refer t. Et-j as the shockat time t–~.
usually ARIMAmodelsfurtherspecifythat the shockSt followsa Gaussiandistributionwith
meanOandvarianceG2,denotedN (O,c). In addition,to ensurethat thetime seriesis stationary
(constantmean,variance,and covarkmces)and invertible[representableas an auto-regressive
(AR)model],conditionsareimposedon thevaluesof the aj and bj. See Ref.6 for fiutherdetails.

NotethatXt is a linearcombinationof thepastp valuesof the series(auto-regressive)andof the
past q shocks(movingaverage).Wehavenonrestrictedthis studyto theclass of linearARMA
models,but becauseARhlAmodelsarea convenientandeasy-to-discussclassof models,mostof
our discussionwill use theARMAmodelfor an example.Reference2 introduced12candidate
waysto modeland forecasta vector-basedtime series.However,at the timeRef. 2 was written,
we hadno algorithmsfor vectorARMAtimeseries.All thecommercialsoftwarehada gapin that
they onlytreatedvectorAR time series.It is morecomputationallychallengingto handlevector
ARMAmodels.Todate,we have heard,butnot confirmed,that one lesser-knownstatisticalpro-

grammingpackage(JMP)can handlevectorARMAtime series.Wehaveaddedthe abilitywithin
the statisticaland graphicalprogramminglanguageS+ by usinga user-contributedlibraryof
state-space(in the senseof the KahnanFilterlanguage)functions.Detailscan be foundin Ref.7.

4.2 VectorAR Models

In this sectionwe givemoredetailsabouteachof the 12candidatewaysto model anAR time
series.AnAR time seriescan be writtenas follows:

x, =f(xt-l,xt-2,...>X,-Z)+%“ (2)

The error et is usuallyassumedto be from someconvenientdistributionsuchas the Gaussianbut
neednot be. Nearlyalways,the distributionof the et is at leastassumedto be the samefor all t.
Wewillassumethat the errorshave the samedistributionF, whichwe writeas et- F ( ). Nota.11
functions~ combinedwitherrordistributionF leadto a stationarytimeseries.Wedo not attempt
a formaltreatmentof this issue,but ratheracceptEquation(2) as a basisfor tryingcertainmodel-
ing approaches.Wealso easilygeneralize(2) to includeother time series,say y and Z:

xt=f (Xt-l, Xt-2, ..., xt-lx=: Yt,...,Yt-zyy:Zt, ..., Zt-zz ) +et. (3)



Note thatpresentvaluesof both Y and Z are allowedbecausethe goalis to forecastZ. In our
setting,X is the gammaseries,Y is the electronseries,andZ is the protonseries.Or,in another
setting,we have only two series:gammasand a seriesproportionalto the sumof electronsand
protons.

Equation(3) can be treatedexactlylike an ordinaryregressionmodelfor whichthereare many
techniques,looselydescribedby the degreeof assumptionsplacedon the fictional formfor~.
Wewill discussthe 12modelsin orderffomthe mostrestrictiveassumptionsto the leastrestric-
tive assumptionsmadeabout~ First,wepointout twoadvantagesto usingrestrictivemodelssuch
as modelsthat assume~is linear.

(1)

(2)

Oftenthereis not enoughdata to estimatecomplicated.modelsor completelyunrestricted
In fact, the old standby,linearregression,willbe withus foreverfor thisreasonandrepre-
sentsan extremeexampleof “combininginformation”in that data at one endof therangeis
assumedto have the samefunctionalformas dataat anotherend of therange.By theway,
becausewe insist on workingwith stationaryseries,we oftenmustrestrictthe timewindow
so that the seriescan be consideredstationaryover thatwindow,therebyreducingthe effec-
tive sizeof the data setandessentiallyforcingus to useonly the simplestmodels.Morecom-
plicatedmodelssufferfromthe “curseof dimensionality,”whichwe will explainbelow.

For years theregressionliteraturehas beenfilledwithinformalconfirmationof the“parsi-
monyprinciple,”whichstatesthat simplestmodelsareprefemxlwhenpossiblebecauseno
datafollowsany modelexactly,andmodeldeparturescan be moreseverewhenthe training
datais overfitby usinganoverlycomplexmodel.Fortunately,wehavea straightforwardway
to guideus towardthe properdegreeof modelcomplexity:use themodelto forecasta held-
out (notused for training)testingset and acceptthe modelthatperformsbeston the testing
set.A completetreatmentof this issueuseswhatis knownas cross-wilidationto repeatedly
dividethe datainto trainingandtestingsets.Cross-validationis veryimportantwhenthedata
setsare small.In our case,we simplydid a one-timedivisioninto trainingand testingsets
becausethe data setswerereasonablylarge.

4.2.1 LinearAR models

Oursimplestmodelassumesthat~ is linearin this sense:

P
zf (Xl, Xz, ..., XP) = a.+ ~= ~ajxj . (4)

For notationalconveniencewehavedroppedthe distinctionamongthe three timeseriesX,Z and
Zandhavelumped all candidatepredictorstogetherto formp predictors.An importantissueis
how to choosethe lag for eachof the time series.Wealwaysuse a “trial-and-error”approach
startingwith lag 1only for the X series(theseriesto bepredicted)and startingwithlag Ofor the



otherseries.The winningmethodminimizesthe sumof squarederrorson a held-outtestingset. If
thepredictorsareraisedto powersotherthan 1,we wouldcall it a polynomialregression.Fourof
our 12methodsare linearregressionmethods:one is the traditionalordinaryleast squares(01s)
approachthatminimizesthe sumof squarederrorsto fitparametersao,al, ..., aP.A second
methodminimizesthemedian(lrns)of the squaredresidualsattemptingto reducesensitivityto
outlyingobservations.The thirdmethodis a robustregression(rreg)that uses a moregeneral
“M-estimation”procedurethatuses iterativelyre-weightedleast squares.The secondand third
methodsboth attemptto reducesensitivityto outlyingobservations,whichare knownto cause
problemswithordinaryleast squares.Thefourthmethodis a classof the generalizedlinearmodel
(glm)that allowstheuserto specifytheerrordistributionF andtherebyuseparameterestimation
that is designedto be optimalfor thatdistribution.Weassumedthat the errorvariancewas
approximatelyPoisson-distributedfor this method.In fact,we Imowof someextremedeparture
flom Poissonvariance,so we had littlehopefor thismethod.In all fourcases,the forecasterrors
could be analyzedto suggestmodeldeparture,suchas nonlinearity.If nonlinetity is detected,
then a goodprocedureis to searchfor a suitabletransformfor someof the predictorsor to add
polynomialtermsin thepredictors.Wehavenot detectednonlinearityin theforecasterrorsfor
most of the data, so we suspectthat the lineaimodels will suffice.However,we are assemblinga
toolkitof model-fittingmethodsbecausetheymightbe neededfor otherdata sets.In that spiri~
the next groupof methodsmakeslessresrnctiveassumptionsabout~. Also includedin this ilrst
groupis the exponentialsmoother,whichuses a weightedaverage(exponentiallydecaying
weights)of the mostrecentobservationsto forecastthe presentobservation.This methodis
equivalentto a linear (MA)modelfit to the firstdifferencesof a series,in the case we consider
here.The linear (MA)modelfittedto the firstdifferencesof a seriesis denotedARIMA(O,l,l)to
denotethat firstdifferencesareanalyzed(originaldatais nonstationary)andthatMAwithlag 1is
used.For the exponentialsmoother[equivalently,theARIMA(O,l,l)]we use only priorgammas
to forecastthe presentgammacounts.If we used theelectronandprotonseries,we wouldhave to
adaptthe exponentialsmoothermorethan we consideredappropriateat this time.

4.2.2 NonlinearARmodels

The secondgroupof methodsconsistsof the generalizedadditivemodel(garn),MARS(multi-
variateadaptiveregressionwith splines),and projectionpursuitregression(ppreg).All of these
methodsrestrict the functionalformforf somewhat,but not nearlyas muchas the linear
methods.

1) Thegam model.Thismodelassumes

(5)

Certainly(5) generalizes(4), as the individual~jare arbitrarysmoothfunctions.Model (5) is
calledadditiveto emphasizethat noneof thep predictors“interact,”so for example,there is
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no term suchas ~lz (xlxl). If suchinteractiontermsare considerednecessary,thentheymust
kputin’’by hand’’bydefininganewvariablexP+l = Xlxl. ~eindividu~~j areestimat~
by a “curvesmoother”thatcan be describedqualitativelywith the help of Fig. 2. Figure2
illustratesa “curvesmoother”that the humaneyecoulddo quitewell.Perhapssurprisingly,
trainingsoftwareto fit the smootheris non-trivial,andwe discussit furtherin Reference8.
For now,acceptthat estimatinga smoothfunctionusinga “curvesmoother”algorithmis fea-
siblein one-dimensionor perhapsin a few dimensions.Occasionally,if enoughdatafollows
Equation(2),then a multidimensionalcurvesmootheris feasible.However,the ideabehind
the gammodelin (5) is that the “curseof dimensionality”can be mitigatedby restrictingthe
functionalform to be additive.
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FIGURE2. Scatterplotillustrationofa one-dimensionalcurvesmoother.

2) MARS. J. Friedman’sMARSmethodis perhapsone of the mostimportantadvancesin
appliedstatisticsin the last 10years.MARSis an extensionof CART(classificationand
regressiontrees,whichwe describein moredetailin section4) that addressesthe weaknessof
CARTfor regression.This weaknesscanbe explainedas follows.Whh CART,the predictor
spaceis splitinto non-overlappingregionsand thepredictedresponseis the averageof the
responsefor caseswithpredictorsthat fell into that regionof the predictorspace.Thisproce-
durecan leadto a discontinuousresponsesurface,whichis nearlyneverdesirable.TheMARS
methodologyremovedthe discontinuityof the responsesurfaceby effectivelyallowingover-
lap betweenthe regions.SeeRef.9 for moredetail.TheMARSsoftwareis publicdomain,in



severalforms.Wehaveexperimentedwith a Fortranversionand a versioncompiledfor S+.
Resultsin this reportrefer to the S+versioncontributedby TrevorHastie.

3) ProjectionPursuitRegression.The idea inppreg is to seekM newdirectionvectors
61,az, ..., GMand goodnonlineartransformations$1,@z,..., ~~ so

becausethe innerproductoperationii~i representsa projectionof i

4.2.3 NonparametricAR models

Thelast groupof modelsincludeslocalregression,fbzzycontroller,and
smoothing.

that

(6)

onto the directionaj.

nonparametric

1)

2)

Local regression(loessin S+).Weillustrateda statisticallymotivatedcurve smootherin
Fig. 2. In our view,a locallinearor localpolynomialmodelis a specialcase of a statistically
motivatedcurve smoother.

Nonparametn”csmoothing(writtenfor KF in 1994).Wewillpresentthe equationsfor our one
dimensionalcurvesmoother.Thehigherdimensionalsmootheris a naturalextension.Our
curve smootheris similarconceptuallyto other statisticallymotivatedcurvesmoothers.

j(x) =
[[ ,:1 w(x+)]/[(l/n)$,w(x+”)‘7)(1/ (n- 1)) “~lXj+ ~

Notethe “hat”notationin ~ whichmeansthat therhs is an estimateof the true~. Thisreflects
a changefrom all previouslydescribedmodelsbecausewe do not introducean assumed
restrictedformfor~. Therefore,we simplypresentan intuitivewayto estimate~ at thepoint
x as follows.All data contributesto the estimatedvaluevia a weightedaverage,with weight
givenby the distanceof thedatapointsikomx. Adatapoint,sayX~,that is fartiomx simply
won’tcontributemuchto the estima$ a~x, providedwe choosethe smoothingparameterh

()andthe weightfunctionw sothat w -# , whichis the weightingterm,is smallwhenx – Xj
is large.ConsiderFig. 2 again,in the light of this description.For a givenvalueX = x, the
estimatefor Y is primarilydeterminedby those Y valuesthat correspondto X valuesnearx.
This is a simpleidea,but selectingthe smoothingdegreeremainssomewhatof an art despite
attemptsto automatethe choiceof bandwidthh. However,by usingheld-outtestingsets, it is
possibleto do a reasonablejob of automatingthe choiceof h. Experienceand theorysuggest
that the choiceof h is morecriticalth~ the choiceof w. TWicallysimplesmoothfunctions
suchas a Gaussian-shapedfunctione-x are a goodchoice.Theoreticallyoptimalweight
functionssuchas theEpanechnikovkernelare sometimessuitable,but the best theoretical
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shapefor the weightfunctiondependson the truefunctionf, so we arenot fond of usingspe-
ciallymotivatedweightfunctions.In fac~we nearlyalwaysuse simpleGaussianweightfunc-
tionsand concernourselveswithsearchingfor good h. Wegivemoredetailsin Ref. 8, but
the basicidea is to balancethe trade-offbetweenbiasandvariance:too little smoothingover-
fits the data,reducingbiasbut increasingvariance,andtie reverseoccursfor toomuch
smoothing.

3) Fuzzyforecaster(writtenforKF in 1995).Thefuzzyforecasterhas a few forms.Theformwe
usehereis oftencalleda fuzzycontroller(Ref.10).In ourview,thefuzzylogicapproachesto
modelingandforecastingtimeseriescouldbenefitfromamorestatisticalapproach,especially
in the areaof choosingthe numberof fuzzyregions,whichis comparableto our choiceof
bandwidthin Equation(7).

In Ref. 8 we providemoredetailon this last groupof models,includingcomparisonon fivereal
andfivesimulateddata sets.The conclusionin Ref.3 is that the fuzzyforecasteroffersno advan-
tageover statisticallymotivatedcurvesmoothers.In fact,ourview is that fuzzylogicoffersno
advantageoverstatisticallymotivatedapp~aches in anyareain whichthe datais numeric.Fuzzy
logicwas developedfor situationsin whichnumericdatawasnot availableandprobablyis best
appliedonly in thoseunfortunatesituations.

4.2.4 Summaryof the vectorAR modelsconsidered

FirsGwe are consideringvectorAR modelsonly becausewehaverelaxedthe linearityassump-
tion.Althoughit maybe possible(seeRef. 11for an ad hoc“two-step”procedurethat is under
investigation)to treatnonlinearMAmodels,we havenot attemptedthatwith the nudetdetection-
relateddata. Oncewe restrictattentiontoAR models,we get accessto a host of regressiontech-
niquesthat can be appliedas if the datawerein the usualregressionsernng:obsemeindependent
casesof data “pairs” (~,y)wherethe 2 vectoris a p -componentpredictorvector.The onlydiffer-
encein our settingis that successivecasesare not independentbecauseof the serialconflation.
However,asymptotically(as the numberof casesincreases)this serialcorrelationcan be ignored
for estimatingthe function.(SeeRef. 12).

Mostreal time seriesdo not exactlyfollowany model,linearor nonlinear.The challengein such
casesis to selecta reasonablysimplemodelthatcapturesthe relevantbehaviorof the series.And
manytime seriescannotbe madestationary(de-trended)for extremelylong timeperiods.How-
ever,manyreal time serieschangeslowlyenoughthatundertheir“usualbehavior”somekind of
modelis in effectlocally.For example,a patticulwAFUMAmodelmightbe a reasonablemodel
for the first 1000observations,but a differentARIMAmodelmightbe a bettermodelfor the next
1000observations.This complicatesthe situation,becausein that case,we do not careaboutall
changesthat mightoccur in a time seriesmodel.As anotherexample,a seriesmightfollowsome-
thinglike a simpleARIMA(O,l)model[alsoknownas anMA(1)model]butwithvaryingerror
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variance.This couldbe due to a probabilisticmechanismthatcausesthe meanto affectthe vari-
ance.Simplypuc large numberstendto vary morethan smallnumbers,so the errorvariance
mightdependon the meanof the series.Dependingon the particularapplication,sucha model
changemightnot be of interest. For example,in any nudet-detectionproject,it is likelythat the
timeseriesgeneratedby radiationdetectorscountingthebackgroundwillhavesomePoisson-type
variancecomponent.ThePoissondistributionoftenarisesin particle-countingstatisticsandthe
Poissonvarianceequalsits mean.Therefore,we shouldnot be surprisedto see highervariability
in sectionsof the time serieswherethe meanis higher.

5. FurtherDetailsAbout“EventRecords’?

Mostof our 1995efforthas beenwith the“eventrecords”for whichwe havemorefrequent
observationsof the gammasandfor a serieswhichwe call flld that is proportionalto the sumof
the protonsand electrons.Onelessonlearnedduring 1994was that the anticipatedrelation
betweenchargedparticlesand gammashadto be carefullydefined.Oversometime scales,there
is an obviousstrongrelationbetween,say,the electronsand gammas.For example,in Fig. 3 we
showa sectionof timewith the electronsin the top plot and gammasin the bottomplot.

I .:.
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FIGURE 3. Electroncountsandgammacounts.
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Fromthisplot it appearsthatit willbe simpleto use theelectronsto forecastthe gammas because
the electronsappearto be proportionalto the gammas. In facbforecastingthe gammasusingelec-
tronswithdata recordedaboutevery8 secworksfairlywell.However,in Fig. 4 we plot theratio
of the elcztronsto the gammasversustime,andwe seethatin theregionof largevariabilityin the
gammacounts,therewill alsobe largevariabilityin theforecasterrorsusinga linearfitof the
gammacountsregressedon electroncounts.

o

FIGURE4.

Forecasterrorsfrom

X0 m 600 Ku

Timc(8192scq

Ratioof electronsto gammasoverthesametimeperiodas shownin Fig.3.

a linearfit of the gammacountsto the electroncountsare shownin Fig. 5,
and we informallysee that therewillbe at leastone alarmnearobservation220.

Also,our nudetsignalis mostlycontainedwithinabout2 sec so it is betterto use more frequent
data.That is a secondreasonwe consideredthe “eventrecords”in 1995.Theseeventrecords
recorddatamorefrequentlythan every8 secand havea “pre-event”bufferthat we will assume
representsordinarybackground.Therefore,usingthe eventrecordswe can (1)checktherelation
betweengammas and chargedparticlesover shorter-than-8-seetime scalesand (2)have abetter
“signal-to-noise”ratio for nudetdetection.
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FiGURE5. The forecasterrorsthatredtfrom a linearmodelrelatinggammacounts
to electroncountsfor theregionshownin Figs.3 and4.

Tocompletethisdiscussion,wereportresultsof our suiteof 11candidateforecastmethodsto the
sectionof 878pairs of concurrentelectronandgammacounts.Becausethis wasdata with 8.192-
secresolution,878pairs representabout2 hr of data.Here are the two groundrules:

(1)

(2)

Usethe first2/3 of the data (thefirst586datapairs) to buildthe model.Thenreport the
averagesquaredforecasterroroverthe last 1/3of the data (the last 292 datapairs).

Alwaystest (formallywithstatisticaltestsor informallywith graphicaltests)for serial
correlationin theforecasterrors.If the forecasterrorsexhibitserialcorrelation,then the
modelis not yet acceptablebecausethat serialcorrelationshouldbe exploitedin the
model.Forecast-errorvariancesare reportedonly if theerrorsexhibitno serialcorrela-
tion.Amorecompletemodelassessmentcouldattemptto checkfor any serial structure
in theforecasterrors(notrestrictedto serialcorrelation,whichonly measuresthe linear
structure).Wehavenot attemptedto checkfor nonlinearstructurein the forecasterrors.

Thegoalnowis to minimizethe averagesquaredforecasterrorof the gammas.Webeginwiththe
exponentialsmootherandARIMA(O,l,l).Thesetwo are theoreticallyequivalent,but thereare
slightimplementationdifferencesbetweenour exponentialsmootherand the S+ implementation
ofARIMA(O,l,l).The varianceof the last 1/3of the originalgammaseriesis 82,563.
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In thesefirsttwo methodsin Table1,onlypriorgammasareused to forecastthepresentgammas.
In methods3 to 12,we use presentelectronsandprotonsto forecastthe presentgammas.The
mainobservationis that noneof the methodsreducetheforecast-errorvariancenoticeablymore
than the exponentialsmootherresult.Eachof the 11methodsbelowcan be appropriatefor a par-
ticularkindof timeseries.In a Iaterreportwewilldocumenttheperformanceof thesemethodson
otherdata sets.

TABLE1. Comparisonof the 12MethodsAppliedto Forecastingthe Gammas

Metid

GROUP1:

Method1:exponentialsmoother

Method2:AIUMA(o,l,l)

Method3: least squaresIinearmodel ,

Method4: leastmediansquareslinearmodel

Method5: robustregression

Method6: generallinearmodel

GROUP2:

Method7: projectionpursuitregression

Method8: generalizedadditivemodel

Method9: MARS(multivariateregression

GROUP3:

Method10:loess- a localregression

with splines)

Method11:nonparametricsmoothing(writtenfor ICI?)

Method12:fuzzycontroller(writtenfor KF)

27,132

27,256

29,506

68,770

29,517

32,522

118,797

44,144

37,366

49,776

36,036

******

For method12,the fuzzy controller,we did not includethe resultbecauseit was appliedwith a
slightlydifferentprotocolthanwe havedescribed.Ratherthandividethe data into the first2/3 to
trainand the last 1/3to test, werandomlyselected1/2to train and 1/2to test.Therefore,results
arenot directlycomparable.Weplan to addaversion of our fuzzycontrollerthat will dividethe
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datadeterministicallyintoa first2/3 to trainanda last 1/3to tes~but for now wecan at leastcom-
paxethe fuzzycontrollerresultto a versionof method10(loess)thatusedthe sameprotocolas the
fuzzycontroller.Theresultingaveragesquaredforecasterrorswere41,143(fuzzycontroller)and
41,699(loess).Becausewe repeatedthe experimentseveraltimes,we couldassigna confidence
intervalto bothresults.Weconcludedthatthe twomethodsdo notproducestatisticallysignificant
differences.Wegivemoredetailin Ref. 8.

Themainconclusionis that the firstgroup(linearmethods)doesas wellas the morecomplicated
methods.Also,we arepuzzledby the poorperformanceof projectionpursuitregression,espe-
ciallybecauseit performedcompetitivelyon the trainingdata,whichwas the first2/3 of the data
set.Weplan to experimentfurtherwithprojectionpursuitbecausewe havebeentold that it some-
timesgivesthebest results.Ourconclusionwith thisparticulardata set,however,is that the data
do not followany modelverywell, so the simplestmodelassumptionsare the best.

6. PatternRecognitionto SeparateFalseAlarmsfromTrueEvents

In section4 we describetworelatedissues:preparationof the “eventrecords”foranalysisby pat-
ternrecognitionmethodsanddevelopment,application,andadaptationof severalpatternrecogni-
tionmethods.

6.1 Preparingthe EventRecordsforAnalysisbyPatternRecognitionMethods

The eventrecordscontainedmoreinformationthanwe needed,so we restrictedattentionto only
the flld (proportionalto the sumof electronsand protons)and gammacounts.For boththe flld
countsandgammacounts,thereare about20 countsof ‘Cpre-event”data,5 countsof “event”da~
and 13countsof “post-event”data.Thepost-eventdata is recordedless ikquently that the pre-
eventand eventdata. In Fig. 6 we show4 plots:6a and 6b showthe gammas (flld)from a ran-
domlyselectedeventrecord,6Cshowsgammasversusflldfor the sameeventrecord,and 6d
showsgammasversusflldfor two otherrandomlyselectedeventrecords.The disappointingmes-
sageis that overthesetime scaleswedo not seemuchrelationbetweenthe flldand the gamma
counts.

A separatereport (Ref.7) givesmoredetailabouttheseeventrecords,includinga model-based
summaryof the relationbetweenthe flldand gammacounts.By “model-based”summary,we
mean,for example,that a linearmodelwasfitrelatingthepresentgammacountto thepresentflld
countand that the estimatedlinearcoefficientwas storedin a fileto be summarized.Manyof the
linearcoefficientswere actuallynegative.And thereis strongperiodicityin the flldcountsand
negligiblepenodicityin the gammacounts.Thatfact alonesuggeststhat theflldcountscannotbe
terriblywellrelatedto the gammacounts.The weakrelationbetweenthe flldcountsand the
gammacountsmakesit difficultto predictwhetherit is betterto forecastthe gammaseriesusing
prior gammasor somecombinationof priorgammasandflld.See Ref.7 for moredetail.
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FIGWRE6. Exampleeventrecords.(a)gammasversustimeindex(38points),(b) flld
versustimeinde%(c) gammasversusfIldforsamerecordas in (a)and (b),
and (d)gammasversusffldforanother‘randomlyselectedrecord.

Tothispoint we havementioned76 candidatefeatures(38gammacountsplus 38 ffldcounts)to
attemptto discriminatenudetsfromunusualbackground.Thereare two otherfeatures:the data-
gatheringhardwaresystemon a particularsatellite(codedas system 1or system2) andthe satel-
lite identification(codedas 1,2, or 3).Wealso“created”the following45 additionalcandidate
featuresin groups(1) - (12)below.

1. Exponentialsmootherresultswereobtainedby applyingthe exponentialsmootierto the
first20 pointsof the gamma seriesandsearchingfor andrecordingthe smoothingparameter
that minimizesforecasterrorvariance,the minimizedvariance,and the ratio of the minim-
ized varianceto the varianceof the first20 pointsof the gammaseries.(3 features)

2. Poissoncheckswereobtainedby binningthe data intofiveregions:points 1-10,points
11-20,points21-25,points26-28,andpoints29-38.Thereasonsfor doingso areas follows:
(1) manyof theeventrecordsexhibitreasonablyslowvariation,so the gammacountsfor
thoserecordsshouldbe approximatelyPoisson-distributedover fairlyshortsectionsof time;
(2) the event recordsweresupposedlytriggeredbypoint number21, sopoints21-25should
be treatedseparatelyhorn points 1-20;and (3) the post-eventpointshavetwo levelsof reso-
lution,one for points26-28andthe otherfor points29-38.Weaccountfor the threelevelsof
resolutionby resealing,computingtheresealedvariance-to-meanratio for each of the five
regions,and therebycreatingfivefeatures.(5 features)
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3.

4.

5.

6.

7.

8.

9.

10.

11.

12.

Themaximumforecasterroroverpoints 16to 25 wasrecordedusinga simplemoving
(unweighed movingaverage)average,the indexin 16-25for whichthe maximumerror
occurs,and thepostavg-preavg(postandpre aredefinedrelativeto the indexwherethe max-
imumerroroccurs).The maximumforecasterroris recordedas a ratio of the actualerrorto
the squareroot of therelevantmovingaverage.(3 features)

Meanandvarianceof gammaswererecordedovereachof fonrregions: 1-20,21-25,26-28,
and29-38.(8 features)

Mean,variance,and slopeof gammaswererecordedoverpoints 1-17.(3 features)

Meanof gammaswererecordedoverpoints 18-20.(1 feature)

The indexi afterindex21 for whichthe 3-pointaverage(indicesi-2, i-1, i) fallsbelowthe
gammacountat index21 definesa peak“width.”Thefollowingfeatureswerecreated:peak
(amongpoints21-38)relativeheight (absoluteheightminus3-pointaveragein (6) above),
peak absoluteheight,and width.(3 features)

A measureof overalltrendin the 38 gammacountswasthe differencebetweenthe gamma
meansover 29-38andover 1-20.(1 feature)

Basedon observingthat someof the calibrationeventsshoweda largegammacountat index
1followedby a smallgammacount,weconsideredthe gammacountat index2 minus the
gammacountat index 1 to be a feature.(1 feature)

Wefit a linearmodelto the first 15gammasas a fimctionof the first 15flldcounts.Weused
the linearcoefficient(slopeof gammas versusflld)to forecastthenext fivegammas(points
16-20)andrecordedthe correspondingfiveforecasterrors,theirvarianceandmean,andthe
linearcoefficient.(8 features)

Sameas (10) above,but we usedthe first20 gammasand the first20 flldcountsto estimate
the linearcoefficientandforecastthe nextfivegammas(points21-25).Werecordedthe cor-
respondingfiveforecasterrors, theirvariance,andmean.(7 features)

Wefit a linearmodelto the gammasversustimeoverpoints 1-20and29-38.Werecorded
the linearcoefficients.(2 features)

In a fewpreliminaryexperiments,we includedthe 38 fildcountsamongthe longlist of candidate
features.However,becausethe gamma seriesis of primaryinterestand the flld seriesis usedto
help createseveralof the candidatefeatures,wedid not includethe 38flldcountsthemselves
amongthe candidatefeaturesin the resultsreportedhere.The numberof candidatefeaturesis
thenreducedto 38 (gammacounts)plus 2 (systemtypeandsatellite)plus 45 (45derivedfeatures
describedin the 12groupsabove)equals 85.

*,,,
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For completeness,we also mentionhere that becausewe had accessto quitecompleteevent
records,we couldcomputeuser-definedgammacountsby summingdesiredchannels.Thiswas
accomplishedby a pearl scriptandallowedus to completelyeliminateone categoryof events.
Theeliminatedcategoryis referredto as operatorerrors,whichare createdby summingother-
than-the-nominalenergychannelsfor the gammacounters.Wesummedthenominalenergychan-
nels to eliminatethe operator-errorcategory.Wewereleft with threecategories:“true,”“call:’
and“ca12.”Wethinkof the truesas candidatesto be nudetsbecausethereis no assignablecause
for therapid garomafluctuation,whereaswith the calibraticmeventsof type call or ca12,thereis
an assignablecausefor therapid gammafluctuation.Usingall 85candidatefeatures,we created
the followingtie:

1) file3.df— 85 features,3 classes(true– 194cases,call–50 cases,ca12-19 cases).There
were a totalof 263 cases.

Wealsowantedto experimentwithavoidinganyfeaturethatdirectlyrelatedto the magnitudeof
the gammacountsbecausewe knewthat therewasconsiderablevariabilityin the gammaback-
ground.Therefore,we eliminatedthe 38 gammacountsandanyfeaturethatdirectlyrelatedto the
gammacountto createthe followingfile:

2) fle4.df— 33 features,3 classes— sameas file3.df,but onlyusesrelativeheightof
gammapeak,widthof gammapeak,gammacountat index2minusgammacountat
indexl, the 8 featuresinvolvingforecasterrorsin group 10,the 7 featuresinvolvingfore-
casterrors in group 11,the 2 featuresinvolvinglineartrendsoverpoints 1-20and over
points29-38,the 11featuresdescribedin groups(1) - (3), and systemtypeand satellite.

Thenext iile (file5.df)uses the samecandidatefeaturesas file3.dfbut adds a nudetclass.We
obtainedthe nudetcases froma randomsampleof eventrecords,whichdid not satisfyour alarm
criterion.Thoserecordswerejudgedto be reasonablyrepresentativeof ordinarybackground,so
the simulatednudetswereaddedto points21-25in thoserecords.The ideais thatwe didnot want
to considerthe casewherea nudetoccurredduringa sectionof unusualbackground.The simu-
latednudetaddedcountsfroma Poissondistributionwithan averageshapedistributedover
points21-25,whichwas determinedby repeatedexecutionof the nudetsimulationcode thatwas
writtenduringthe 1994KF project.

3) lile5.df— 85 features,4 classes— sameas file3.df,but we addedthe nudetclassfor a
totalof 273cases.

The last file (file6.df)uses the samecandidatefeaturesas fl.lwl.df,but as withfile5.df,a nudet
classis added.

4) file6.df —33 features,4 classes— sameas file4.df,but we addedthe nudetclass for a
totalof 273cases.
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Thefilenamesare unimportanthereexceptthatwerefer to themin severalof theplots in section
5.2.

Themainreasonfor consideringfile3.dfandfile4.df,whichdo nothavenudetclasses,is to apply
clusteranalysisto determinewhetherthe trueclassseemsto havedistinctmechanismsgivingrise
to the erraticcounts.Also, threeof the patternrecognitiontechniquesessentiallyapplya formof
clusteranalysisseparatelyto eachclass to see howmanyclustersarepresentin eachclassand
thenuse somerepresentationof the clustercenterto discriminateamongcases.Moredetailis
givenin section5.3. In section5.2 we presentsomeof theresultsof clusteranalysisappliedto
file3.dfandfile4.df.

6.2 Resultsof ClusterAnalysis

Weappliedthreeclusteringtechniquesto the class=truecasesfromfile3.dfand file4.df:kmeans,
hierarchicalclustering,andmodel-basedclustering.Wegivea briefdescriptionof eachbelow.

1) kmeansis one of the oldestclusteringmethods.Ifk =2, thenthe algorithmsearchesfor the
bestpartitionof the casesinto two clusterssuchthat the within-clustervarianceis smallcom-
pared to the between-clustervariance.Weapplyk-meansfor a rangeof k from 2 to 10and
selectthe valueof k usinga criterionsuggestedby Hartigan(Ref. 13).The criterionaccepts
addinga clusterto increasehorn k to k + 1clustersif the within-clustersumof squaresis
sufficientlyreduced.Appliedto flle3.df,thereis reasonablyconvincingevidencefor four
clusters.

2) Hierarchicalclusteringis the simplestclusteringmethodto describe.Computethe distance
betweeneachpair of cases.Groupthe closesttwocasesfirst,thenadd to thatclusterthe case
that is closestto that firstcluster.Thereare severalvarietiesof hierarchicalclusteringdepend-
ing on how distancesfrom a case to a clusteror from a clusterto a clusterare determined.A
commonchoiceis to use the averagedistancebetweena givencase andeach case in a cluster
as the distanceikoma case to a cluster.Anotherchoiceis to use the largestdistancebetweena
givencaseand eachcasein a cluster.In Fig.7 we showtheresultsof a hierarchicalclustering
using the latterdefinitionof distance.Themainfeaturesin Fig.7 are that case 63 is an outlier
andthat thereis informalevidencefor threeotherclusters.Theinformalevidenceis the same
as that usedfrom the kmeanscriterion:the within-clustervarianceis reasonablywellreduced
by choosingthreemainclustersandone outlyingclusterof sizeone. So, as withkmeans,we
againfindreasonablyconvincingevidencefor four clusters.
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FIGURE7. Reaultof hierarchicalclusteringappliedto the clasa=truecaaesfromfile3.df.

Becausethe hierarchicalclusteringindicatedthatcase 63 is an outlier,we investigatedthe
cause.First, we useda standarddimension-reductiontechniquethat uses the covariance
matrixcontainingthe variancesof eachfeatureon the diagomdof the matrixand the covari-
ancesbetweeneachfeaturein theoff-diagonals.Thedimension-reductiontechniquethenuses
eigenvectmsof thecovariancematrixto defineanew coordinatesystemfor the data.The&t
coordinate(calledthe firstprincipalcoordinate)is the eigenvectorcorrespondingto thelargest
eigenvalue,the secondcoordinatecorrespondsto the secondlargesteigenvalue,etc. If the
datais projectedin the directionof theprincipalcomponents(PC),then thevarianceof trans-
formeddata for PC1is maximum,andthe varianceof PC2 is next largestconstrainedto be
uncorrelatedwithPC1.In Fig.8 we showthe fkacticmof the totalvarianceof the originaldata
(sumof diagonalentriesof covariancematrix)by eachPC. Informally,we see that the first
two or perhapsthe first threePCscontainmostof the variance.Therefore,we can seewhich
variables(features)fromcase63 contributemost to the firsttwo or threePCs. Also,we can
plotPC1 versusPC2 for eachcaseand confirmthatcase 63 still appearsto be an outliereven
for thisreduced-representationof thedata (seeFig.9). By calculatingthe contributionof each
variableto PC1 andPC2,we can see thatcase63is an outlierfor a surprisingreason:thevari-
anceof the gammacountsoverpoints 1-20is unusuallyhighwhilethe meanoverpoints 1-20
is unusuallylow.Tofurtherinvestigatecase63, we resealedthe data so thatall variances
wouldequalone. It is a well-knownfact thatclusteringresultsusingcovariancematricescan
be very differentfromresultsusingcorrelationmatrices,so we wantedto knowif case 63



3)

wouldstillappearto be an outlierusingthe resealeddata.Theresultwas thatcase 63 contin-
ues to appearas an outlieron theresealeddata,but the importantvariablesbecomethe Pois-
sonchecksrather thanthe varianceandmeangammacountsoverpoints 1-20.Wecurrently
haveno explanationfor this behavior.
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FIGURES. Plotofprincipalcomponent.sfor fi1e3.df.

Model-basedclusteringis a relativelynewclusteringtechniquethat uses an extendedversion
of hierarchicalclustering(Ref. 14).Theextensionsare that a Bayesiancriterionhelpschoose
the numberof clustersandnoiseor outlierscan beexplicitlymodeled.Weexperiencedout-of-
memoryproblemswithour systemusingmodel-basedclusteringon file3.df,butapplyingit to
filezl.df(fewerfeatures),we againfoundevidencefor four clustersbasedon the Bayesian
criterion.

Wehavealsoappliedthe threeclusteringmethodsto file4.dfandagainfoundreasonableevidence
for threeclustersusingkmeansandhierarchicalclustering,but model-basedclusteringdid not
stronglysuggesta bestnumberof clusters.Also,hierarchicalclusteringsuggestedcase63to be an
outlier,and whenwe removedcase 63,case81 appearedto be an outlier.Weplan to investigate
possiblereasonsfor this behavior.
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FIGURE9. Plotof PC2versusPC1for 61e3.df.Bottomplotforcesequalscaleson
verticalandhorizontalaxes;top plotdoesnot.

Wesummarizeas follows.Oneof the usefulconclusionsfromthe clusteramilysiswas thatoneor
two true outlierswere identified,and a secondusefulconclusionwas a reasonablystrongsugges-
tion that the class=truecasescontainthreeclustersusingeitherthe full set of features(iile3.df)or
the reducedset of features(fi.kxl.df).

6.3 Adaptation and Application of Several Pattern RecognitionMethods

In this sectionwe introduceanddescribethe followingpatternrecognitionmethods:decision
trees,lineardiscriminant analysis,mixturediscrirninantanalysis,flexiblediscriminantanalysis,
k-nearest-neighbormethods,anew mixturediscriminantanalysis(writtenfor KF), and a particu-
lar (well-known)neuralnetworkcalledlearningvectorquantization.

6.3.1 Decisiontrees

There are severalapproachesto buildingdecisiontrees.Wegivean exampletree usingfile6.df
(4 classes,33 candidatefeatures)in Fig. 10.The approachwepreferis that implementedin the
commercialsoftwareCART(classificationandregressiontrees).WementionedCARTin section
3.2.2in connectionwithMARS.The key issueis howto selectone tree fromthe infinitelymany
~ossibletreesor howto combineinformationfromseveralselectedtrees.WeDostooneuntil 1996
& . .

the issueof combininginformationfkommultipletrees.Herewepresentsingletrees that were
selectedfrom a combinationof ad hoc and formalmethods.Theidea behindCARTtreesis to
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builda largetreewithmanyterminalnodes,thento use held-outtestdata to help selectthedegree
to whichthe largetree shouldbe prunedback.As is alwaysthe case, thereis a tendencyto averfit
the trainingdata (buildtoo manyterminalnodes),so it is essentialto use held-outtest data to
counterthis tendency.Non-terminalnodesare associatedwitha splitcriterionsuchas fle&30 c
30.574at theroot nodein Fig. 10.The notationconveysthe idea that feature(orpredictor)vari-
ablenumber30 wasusedandcaseswithvariable30 c 30.574travelleft throughthe tree.Variable
30 is the maximumforecasterrorbetweenpoints 16and25.Sucha splitcriterionis obtainedby a
trial-and-errormethodthat tries splittinga givennodeat all feasiblebreakpointsfor numericvari-
ables,or for allpossiblesubsetpartitionsfor categoricalvariables.Otherimportantvariables
(usedin splittingcriteria)in the tree shownin Fig. 10areas follows:variable31 is thepositkmof
the maximumerror,variable12is the slopeof the gamma countsoverpoints 1-20,andvariable
13is theerrorat point21. Noticethatthefile30.26e 4.05nodesplitsinto twonodesthat are both
labeledclass 1.Thoselabelsare the predictedclass,so splittinga nodeinto two nodesthat will
bothbe predictedto be classl caseshas no effecton the performanceof this tree.However%
becausethe tree wasfirstgrownlargerandthenprunedback,it did havean effecton the larger
trees.

K
3 1 A“2 3

J lM961

1 1

FIGURE10. Decisiontreeforfilewith4 classesand 33 candidatefeatures.

The CARTsoftwarealsoconsidersusinglinearcombinationsof variablesat a givennode,but we
rarelyfindthat linearcombinationsof variablesare needed.Therefore,thisreportrestrictsatten-
tion to resultsusingCART-likesoftwarethatis in the statisticalprogramminglanguageS+,which
doesnot considerlinearcombinationsof variablesas possiblesplitcriteria.The advantagesof
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decisiontrees includethe following:robustnesswithrespectto outliers,easyallowancefor missi-
ng data throughuseof surrogatesplits(eachnodehas second,third, ...,best splitcriteriathatcan
be usedif a caseis missingthevaxiableusedby the bestsplitcriterion),excellentdataexploration
capabilities,and simplicityof use onceconstructed.For fiulherdetails,seeRef. 15.

In Fig. 11we showa decisiontreefor file5.dfwith4 classesand 85candidatefeatures.V’able
82is the averageforecasterroroverpoints21-25.Thisis a satisfjdngresultbecausethe Neyman-
PearsonLemmawouldsuggestthat eithera weightedor unweighed sumof the forecasterrors
overpoints21-25wouldbe a gooddiscriminator.SeeRef.7 for furtherdetailson the application
of the Neyman-PeamonLemmato this typeof problem.Vhriable55 is the averageof the gamma
countsoverpoints29-38minusthe averageof the gammacountsoverpoints 1 to 20.Variable44
is the varianceof the gammacountsoverpoints 1to 20.Recallthatcase 63 was anoutlierlargely
becauseit had a very highvtiance and a low meanfor the gammacountsoverpoints 1 to 20.
Vaxiable83is the slopeof the gammacountsoverpoints 1to 20.As in Fig. 10,termimilnodesare
labeledwith the predictedclassfor casesthatfall intothat node.
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FIGURE11. Decisiontree forfilewith 4 classesand85 candidatefeatures.

6.3.2 Linear discriminant analysis (Ida)

Lineardiscriminantanalysisis the original(datingto 1930swithR. Fisher)patternrecognition
method.The assumptionsare as follows:for a givenclass i, the datahas a multivariatenormal
distributionwithmeanvector ~i andcovarhmcematrixZ , whichis denotedili - N (~i, Z).’hat
is, the mechanismsgeneratingthe data for differentclassesdifferonly in the meanvector.Under
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that assumption,Idais the theoreticalbest methodand is alsocalledthe Bayesmethodfor that
reason.Of course,real dataneverfollowany theoreticaldistributionexactlyand, evenif the nor-
malityassumptionwasreasonablywellmet, the assumptionof equalcovariancematricesremains
as well as the assumptionthat eachclasshas only one meanvector.Nonetheless,ldaperforms
remarkablywell for a varietyof real data sets;Ida continuesto be a benchmarkmethod.

6.3.3 k-nearest neighbor methods (knn)

Theknn methodis the simplestto describe.Classifya givencasein the testingset accordingto
the classesassignedto the nearest(in thepredictorspace)k cases in the trainingset by using
majorityrule. Breakties randomly.For example,with k =2, if the two nearestcasesin the train-
ing sethaveclass 1and2, thenassignclass 1withprobability1/2andclass2 withprobability1/2.
Theimportantissueis the choiceof metricto computedistances.Also,for extensiveuse of knn,it
is importantto resrnct the sizeof the trainingset becauseof the requirementto computeand sort
all distancesbetweeneach test case and all trainingcases.

6.3.4 Mixturediscriminantanalysis(rnda)

Mixturediscriminantanalysisis a naturalextensionof lda,althoughit is veryrecent (Ref. 16).
The idea is to allowanynumberof meanvectorsfor a givenclass.A cleverapplicationof theEM
algorithm(estimation-maximization)is to treat the issue that the proportionof casesfor a given
classthat belongto a particularsubclassis unknownandthereforeis treatedas missingin the EM
algorithm.The numberof subclassesfor eachclassis treatedas a ‘Cmeta-parameter;’not formally
treatedin the EM algorithmbut treatedby trial and error.

6.3.5 Modified mixture discriminant analysis (mmda)

Modifiedmda waswrittenexplicitlyfor KF in 1995.It is a simplerversionof mdathat uses
kmeansor hierarchicalclusteringwithina givenclass to suggestthe appropriatenumberof sub-
classes(clusters)for eachclass.Recallfrom section5.2 that we havehad computationaldifficul-
tieswithmodel-basedclustering,so model-basedclusteringis currentlynot an option.Having
selecteda goodnumberof subclass“centers,”we applythe knn approachusingthe subclasscen-
ters withclass labelsto replacethe trainingdata usedin the knn approach.

6.3.6 Neural network: learning vector quantization (Ivq)

The lvq neuralnetworkis similarto our mmda,butwith theresultingsubclass“cente~” replaced
by“codebookvectors.”Thecodebookvectorsare selectedbyttial anderroras wellas thenumber
of codebookvectorsper class.Thesevectorsare not likelyto be eitheran actualtrainingcaseor a
meanvectorfor a groupof trainingcasesbecausethe iterativetrial-and-errormethodworksin a
uniquewaydescribed,for example,in Ref. 17.
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6.3.7 Flexible discriminant analysis (fda)

Flexiblediscriminant analysisis anotherrecent (Ref.18)methodthatexploitsthe followingnot-
well-knownfact.Linear discriminantamdysiscanbe derivedby repeatedlinearregressionof the
class (viewedas a response)on thepredictors.In the firstregression,all class=l caseshave
response=l and all other caseshaveresponse=o.In the secondregression,all class=2caseshave
response=l andall othercaseshaveresponse==o,and soon. The endresultwill be estimated
(scaled)probabilitiesof eachclass,whichcan be usedto predictclassmembership.The ideaof
fda is to replacethe linearrestrictionwith anyof theregressionmethods,suchas thosedescribed
in section3.2.OurimplementationcurrentlyusesMARSonly.

7. Resultsof the SevenPatternRecognitionMethods

In this section(Table2) we giveresultsof eachof the sevenpatternrecognitionmethodsto
file5.df,file6.df,and to a simulateddata setwecall waveform.The waveformdatais describedin
Ref. 16andis consideredtobe a challengingpatternrecognitionproblemfor whichmdais ideally
designed.The theoreticallylowestpossiblemisclassificationprobabilityis .14 for the waveform
data.Weused400 cases to trainand400 casesto test the waveformdata.

TABLE2. Comparisonof the SevenPattern-RecognitionMethodson
‘I%oRealand OneSimulatedDataSet

fileS.df file6.df waveform

tree .12 .14 .27

lda .20 .20 .18

lnn .20 .19 .25

3nn .21 .17 .21

5nn .20 .18 .17

IOm .20 .19 .18

mda .18 .22 .16

mmda .46 .38 .18

fda .16 .20 .21

lvq .35 .38 .16



Recallthat ille5.dfhas 4 classes,85predictors,and 373cases.File6.dfhas 4 classes,33predic-
tors, and373cases.Wepresenteda selecteddecisiontreefor file6.dfinFig. 10anda decisiontree
for file5.dfinFig. 11. Wecreatedthe trainingandtestingset as follows.The numberof casesfor
classes1-4were 194,50, 19,and 110,respectively.Onehalfof the casesfor eachclass wereran-
domlyselectedfor trainingandthe otherhalfwereusedfor testing.In Table2 werecord the mis-
classificationrate for the held-outtest cases.

Notethat for file5.dfandfile6.dfthe decisiontreeperformsbest,whereasthe mmdaand lvq per-
formthe worst.Recallthat the waveformdata wasdesignedto showcasemda so it is not surpris-
ing that mdadoes the best on thatdata.Wewerepleasedwiththe performanceof mmdaon the
waveformdata,however,and althoughwe aredisappointedby thepoorperformanceof mmdaon
file5.dfandfile6.df,we do believethe methodcanbe competitiveon somedata sets.Weare also
surprisedby the poorperformanceof lvq on file5.dfandfile6.df.Weshouldemphasizethat we
did not attemptto iine tune anyof the methodsexceptto createfile6.df,whichcontainedfewer
candidatepredictors.Theresultsshouldbe interpretedaccordingly.Ourintentionsin applyingand
developingpatternrecognitionmethodsin sucha settinghavebeento (1) reducethe false alarm
rate by sendingall alarmsinto a discrirninarmfunctionto attemptto separatetruefkomfalse
alarmsand(2)providea meansto betterunderstandthe backgrounddata, as in the presentcase
wherethereappearsto be threedistinctclustersin theclass=truecases.Toformalizethereduction
in the falsealarmrate, considertheresult withthe decisiontree.The “confusionmatrix”in Table
3 belowgivesthe true class in eachcolumnandthe tree’spredictionin eachrow.

TABLE3. ConfusionMatrixfor theTreeClassifierfor fih%.df

1 2 3 4

1 93 0 7 9

2 0 23 0 0

3 0 2 3 0

4 4 0 0 46

InTable3,consideronly the casesfor whichthetreepredictedclass–=$(nudet)whentheclasswas
not 4. Thatoccurred4 timesoutof 50. Thatis, of the 50 timesthatclass=4waspredicted,in only
4 caseswas the true classnot 4. This is an 8%falsealarmrate.Therefore,the overallfalse alarm
rate has beenreducedto 870 of theoriginalfalsealarmrate thatwasin effectin therate of creation
of the eventrecords.As an importantaside,we are beginningto experimentwith buildingmulti-
ple treesbasedon randomresamples(bootstrapsamples)of the trainingset and then usingmajor-
ity rule to classify.This methodis beingdevelopedby Briernanfrom the CARTteam (Ref. 15)
and is calledbagging(bootstrapaggregation).Withthe waveformdata, the misclassificationrate
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of the baggedtree is about .16,whichis competitivewith anyof the methods.Therefore,we
believethat tree methodsor bagged-treemethodsshowgreatpromisefor a widerangeof data
sets.

8. Summaryand Conclusions

Wehavepresenteda suiteof approachesto modelingandforecastingthe ordinarybackgroundto
enhancethe methodused for flaggingunusualbackgroundthat mustbe furtheranalyzedby pat-
ternrecognition.The suiterangedfkomthemostbasicto tie mostmodemandeachmethodwill
have somesuitabledomainof application.In this reportthe bestmodelingmethodhad the mini-
mum averagesquarederror for the held-outtestingset.

Also,we havepresenteda detailedstudyof the applicationof patternrecognitionin the settingof
eventrecordsfrom a nudet-detectionproject.Weanticipatethatmanysurveillancesettingswill
operatein a similarmanner:monitora subsetof key time seriesandkeep a shortbufferof data
availableat perhapshigherresolutionfor all timeseriesthat can be furtheranalyzedwhenthe
“suspicionlevel”is raised asjudged by some’alarmthreshold.Followall alarmswith “anomaly
resolution”to attemptto assigncausesto eachalarm.For example,noteIlom the confusion
matrixshownin section6 thatall23 of theclass=2cases(1 of 2 typesof calibration)turnedout to
be easy to identify.Of course,in this settingthe operatorsalreadyknowthat the calibrationevent
causedthe alarmthat createdthe eventrecord,but the idea is stillquiteuseful.It can also some-
timesbe of interestto bettercharacterizethe backgroundalso, andin our case therewas strong
indicationof threedistinctclusters.Webelievethat this approachwillhavemultipleapplications.
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