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Abstract

Exploring signalsfrom outer spacehasbecomean obserational scienceun-
derfastexpansion:astroparticlgphysics.Amongearthbounebserations,the
techniqueof imaginggamma-rayCherenkv telescopesisingthe atmosphere
ascalorimeteiis a particularlyrecenttechnique Eventsin suchtelescopesp-
pearas 2-dimensionaimages,andthe imagecharacteristichave to be used
to discriminatebetweenthe interestinggammasandthe dominatingchaged
particles,mostly protons.Presentechnique®f analysisexpressheimagesn
termsof several parametersthe goalis to find someteststatistic(s)which al-
low(s) to optimizethe classification.Amongthe available classificatiortech-
nigues,several have beenusedfor a comparatie study and more are under
investigation. The methodswill be briefly presentedremainingproblemsare
discussedsomepreliminaryresultsareshavn.

1 Cherenkov telescopes oneof many toolsin astrophysics

Astronomyandastrophysiciave maderapid progressasanobsenationalsciencedn recentyears.They
capturetodayparticlesof differentnatureandof very differentenegy, moreor lesswhateser the galaxy
andtheuniversesprayon us- within thelimits setby instrumentationBeyondthevenerableastronom-
ical obsenrationsat visible wavelengthswith a centuries-londhistory andthoseof (chaged) Cosmic
Rays,startedlessthana hundredyearsago,oneobseresnow the electromagnetispectrumover some
20 ordersof magnitude from radio over microvave andoptical wavelengthsto X-rays andthe highest
enegy gamma-raygseefiguresl and?2). In the very recentpast,major neutrinodetectorshave been
built or areunderconstructiorthatwill alsocontributeimportantinformation,or have alreadydoneso.

For the electromagnetispectrumthe absorptiorin the earths atmosphereariessubstantiallyin
function of wavelength;for mostwavelengthsoutsidethe optical andradio bands,instrumentshave to
be flown on satellites. This was also wherethe first gammaobsenrationswere made. Ground-based
atmosphericCherenkv telescopesisingthe imagingtechniquearea comparatrely recentadditionto
the panoplyof successfuinstrumentswith the first resultsdemonstratechot before 1985. They can
be built with a muchlarger effective collectionareathan detectorssentinto orbit, and hencerespond
to the lower fluxes of higherenegy primary gammas. On the other hand, the numberof obserable
Cherenkv photonsfor lower enegy (belov 100 GeV) primary photonsbecomesomparatrely small,
andcorrespondinglyhe problemsof discriminationagainsbackgroundyetenhancedthis translategor
the detectorinto generarequirement®f optimallight collectionandof bestpossibleémageprocessing.
This notedealswith oneaspecbf discrimination.For anearlyreview see[1].
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Fig. 1: Theobsenrationalmethoddor theelectromagnetisky
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Fig. 2: Satellite-basethstrumentgleft), andthe futurelargestimaginggamma-rayelscope MAGIC (right)

2 Principle of imaging Cherenkov telescopes

Cherenbv telescopesake advantageof the radiationemittedby chagedparticlesasthey areproduced
alundantlyinside shavers developingin the atmosphere.The shaversfor incoming photonsproduce
ratherexclusiely electronswhich shav strongCherenkv radiation,and more photons. The shavers
absorbthe initial photonlike arny electromagneticalorimeterwould, but the leakageradiationallows
reconstructiorof its mostrelevant parameters.As it happensit is not only the interestingprimary
photonsthat causeshaversin the atmospherealso the ubiquitouscosmicrays, mostly protons,tend
to shaver and producerelatiistic particleswhich can mimic a gammae-initiated shaver. Cherenkv
radiationis emittedin the visible to UV regime, soa Cherenkv telescopeaisesvisible light, but hasto
make bestuseof relatively few light quantahatarrive onthegroundandcanbecorvertedto asignal. The
term’imaging’ takesherethe meaningof localizingtheincomingphotonsover thevery shortperiodthe
shawverfront sweepgverthetelescopd€l-2nsec).Dependingontheenegy of theprimaryphoton,some
100to 1000Cherenkv photonsgetcollected. The mainanalysisproblemconsistof discriminatingthe
imagecharacteristicloundfor primaryphotonsdrom thoseof debrisleft behindby ahadronicshaverin
theatmospheretigh sensitvity andgoodtime resolutionarevital propertiedor animaginggamma-ray
telescopespatialprecision,on the otherhand,is not mandatorybecausehe obsered photonshave a
naturalspread,dueto the shavering processandthe limits imposedby the atmospherdthis is not a
constantalorimeter!).Consequentlyhighreflectvity mirrorsareimportant,andsoarethebestpossible
photomultipliersin the camerabut the precisionof focus (unlike in an optical telescopeheednot be
much betterthanseveral millimetersin the planeof photomultipliers(or of the orderof one minute of
arcin angle).

3 Principle of imageparameters

As the sourcesf high-enegy gammasarefew andtheir signalcomparately weak,it is the Cherenkv
photonsfrom hadronshavers that dominatethe hardware trigger, and someinvolved image analysis
mustachieve thediscriminationbetweerprimarygammasndhadrons Fortunatelytheseshaversshav
differentcharacteristicglike in ary calorimeter);with suitablefeatureextractionthe pixels makingup
the imagecanbe cornvertedto somesetof imageparametersvhich statisticallyallow a separatiorof
events.Historically oneusessomeimagecleaningalgorithmto eliminateoutliers,viz. retainonly pixels
touchedby Cherenkv photonsfrom the shavering, andthenexecutesa principal componentnalysis
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(see[2]) in the cameraplane. Thatresultsin a correlationaxis and definesan ellipse (seefig. 3) - if
the depositionwere distributed as a bivariate Gaussianthis would be the error ellipse; in reality, the
imagesof primary photonsindeedtendto resemblean ellipse, albeit systematicallyasymmetricalong
its major axis. The characteristigparameterssf this ellipse (often calledHillas parameters|1]), plus
severalad-hocparameterglescribingasymmetrieanddeviationsfrom a smoothspectrunconstitutethe
imagecharacteristic$o be used.

. camera

Dphi#al axis

Fig. 3: Cherenbyv telescopesketchandimageparametersanda simulatedeventin MAGIC (inset)

The optimizationof the parametersequiresdetectordependenstudies;the optimizationof the
discriminationto be appliedto a given setof parameterspn the other hand,can be studiedin more
generality andis the goal of an ongoingexercisedescribedn this contrikution. For this, we usea data
setgeneratedby a Monte Carlo program.Dataarecomputedor the future MAGIC telescopewhichis
locatedon the Canaryislandof La Palma,andwill becomeoperationain 2002.

4 Multi variate classification

If confrontedwith a single test statistic, shaving a one-dimensionaprobability density different for
signal and backgroundevents (in our casegammasand hadrons,respecirely), the discriminationis
simple: by applyinga cutoneselectsall eventswith this parametetarger (or smaller)thanthecutvalue;
for a small enoughcut value one obtainszero acceptancdor both signaland backgroundfor alarge
enoughcut valuean acceptancequalto onefor both samplesgut valueschosenn betweenwill make
thetwo acceptancelge onaline deviating from equalacceptancéor thetwo sampleghemorethebetter
the variablewaschosenj.e. acceptanceare higherfor signalthanfor backgroundevents(seefig.4).
The diagramof signalvs. backgroundacceptancé knowvn underthe nameNeyman-Pearsodiagram
or decisionquality diagram.Notethattheseacceptancearedirectly relatedto statisticalquantitiedike
purity, cost,contaminatioretc.
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Fig. 4: Exampleof a gooddiscriminationvariable(Alpha). Left: signal,right: background

Theproblembecomesnoreinvolvedwhenfacedwith multiple variablesthemultivariate discrim-
ination problem.Differentclassificatiormethodgor the multivariatecasearein use,but little guidance
existsasto their advantagesr pitfalls; it is our objective to apply someof themto fixed samplesof test
dataanddefinerigid criteriafor comparingtheresults.

5 Different classificationmethods

Generalmultivariateclassificatiormethodsareadvertisedin puzzlingnumberssomeof themareavail-
able on the commercialmarket; we have startedto compareseveral methodsbelow; otherswhich we
have not (yet?) tried out are variantsof discriminantanalysis(QDA = quadraticd.a.,RDA = regular
izedd.a.,DASCO = discriminantanalysiswith shrunlen covariances)SVM (a learningsystemcalled
supportvectormachines)pr variantsof the kernelmethod like adaptve kernels.Also, we shaw for the
momentnoresultson ANN (artificial neuralnetwork) methods.

5.1 Cuts and supercuts

Cutscanbe appliedin the n-spaceof featureqin our caseimageparameters)pnevariableat a time or
logically relatedwith AND or OR;theproblemgetsunwieldyevenatlow n, neverthelessthisis themost
commonlyusedmethodamongstphysicists. Wide experienceexists alsofor all operatingCherenkv
telescopesge.g.[1], [3]); ary methodclaimingto be superiormustuseresultsfrom theseasa yardstick.
Working in 1-dimensionaprojections,correlations,in particularnon-lineay betweenvariablesare not
easyto take into account,althoughcutsin a variableare sometimesnadedependenbn the value of
otherparametergsupercuts or dynamic cuts). Decorrelatiorby standardnethodqPrincipalComponent
Analysis,[2]) doesnot solve the problemin general beinga linear operation. Defining new variables
doeshelp, so do the dynamiccuts. The cut methodalsodoesneedan optimizationcriterion, andwill
notresultin arelationbetweengammaacceptancandhadronacceptancd,e. no singleteststatisticis
defined. Usually cut optimizationleadsto separatestudiesand approximationdor eachnewv dataset
(this is basedon pastexperience)which makesresultssometimedifficult to reproduce Cutting needs
very clearlyindependensampledor trainingandcontrol.

5.2 classificationand regressiontrees(CART)

Thisis amethodor ratherafamily of methodslevelopedoriginally by high-enegy physicistdo do awvay
with therandomnes optimizingcuts([4]); it hasnow developedinto adatamining method with tools
available commerciallyfrom several vendors. The basicoperationsare alternatesequencesf growing
a decisiontreeand pruningit, doneaccordingto slowly adaptingcriteriain someheuristicsuccession
until somecorvergencecriterionis satisfied. CART methodseedvery clearlyindependensamplegor
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training andcontrol. The main problemis to find a robust measurego choosefrom the mary treesthat
are(or canbe)grown, avoiding overtraining(e.g. refiningthe treeuntil eacheventin thetrainingsample
hasits own sequencef cuts). CART is madefor large samplesthereis no experiencewith Cherenkv

telescopealata,but somepromisingearly resultshave beenproducedseepreliminaryresultsin fig.5).

5.3 Linear discriminant analysis(LDA)

This is a popularmethodbecausat resultsin an elegantparametriccalculation. Its objectve is to find
alinear combinationof the original imageparametersuchthat the hyperplanedefinedby the transfor
mationmaximizeshedistancebetweerthemeanf signal(gamma)ndbackgroundhadron)samples,
simultaneouslyminimizing the varianceinside eachsample. Thanethodis fast, simpleand (probably)
very robust. It doesnot dependon training samples.However, it ignoresnon-linearcorrelationsin n-
dimensionakpacgbecaus®f thelineartransformation)andvery little practicalexperiencewith LDA
in Cherenbkv telescopealataexists; early testsshaw thatat leasthigherordervariablesareneedede.g.
z,y could provide the additionalvariablez?y).

Theformalismis simple([5]): thetransformatiorinto the 'bestseparablespace’is performedby
the eigervectorsof a matrix readily derived from the data(for our application:in two classesgammas
g andprotonsp). Givensamplesy;(i = 1,n4) for gammasandp;(; = 1,n,) for protons,with nvar
elementsach find alineartransformatiorvectora suchthatthetransformedgsamplesreg’ = a - g and
p' = a - p, andthediscriminatingpower

_ Y Sy
yT(Sb + Sw)y

getsmaximized,wherey is the joint setof ¢’ andp’. S,(between-classariance)andS,, (within-class
variance)aredefinedby:

Sw = Z(-Tz - Hclass)(xj - /v‘class)a Sp = Z (Ni - Htot)(ﬂj - ,Uftot)a

0bs class—1

whereuqss = classmean,u;,; = overall mean,andz is thejoint setof g andp. This leads,for two

classesto theresult:
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a =
Like PrincipalComponeniAnalysis(PCA,[2])), LDA is usedfor dimensionalityreduction.LDA

maximizesthe ratio of between-classarianceto within-classvariance for ary pair of datasets. The
goal of LDA is sampleseparability PCA, on the otherhand,minimizesthe variancesalongnew axes.
The prime differencein applicationbetweerLDA andPCA is that PCA performsfeatureclassification
(e.g. theimageparameterdrom Cherenkv telescopeadata)while LDA performssampleclassification.
PCA changedoth the shapeandlocationof the datain its transformedspace wheread DA provides
moreclassseparabilityby building a decisionregion betweerthe classesOn our MAGIC testdataset,
LDA doesnot performaswell asothermethodgseepreliminaryresultsin fig.5).

5.4 Kernel methods

The kernel densityestimationis a nonparametrignultivariate classificationtechnique. The advantage
is that of generalityof the class-conditionaind consistentlyestimateddensities. Applied to our clas-
sificationproblem,the kernelfunctionis usedto evaluateanindividual eventlikelihood,definedasthe
closenesso the populationof gammaeventsor hadroneventsin n- dimensionalkpace.The closeness
is expressedy a kernelfunction appliedto a referencesample. The methoddoesnot requirea strict
separatiorof training and control samples. The methodhasbeentoyed with in Whipple (the earliest

103



functioning Cherenkv telescope)resultslook corvincing ([6] and[7]); however, Whipple today still
usessupercutgor analyzingits data;we have exposedour MAGIC testdatato a basickernelanalysis,
andtheresultslook encouragindseepreliminaryresultsin fig.5).

We definereferencesamplesy;(i = 1,n,) for gammasandp;(j = 1,n,) for protons: Monte
Carlogammasand’off’ events(obtainedby measuringslightly off the source,to definethe cosmics
backgroundn thatregion of thesky). We thenfind asclassifieralikelihoodfunction

Ry = kg/kp

with thekernelfunctionk, , = 3°, , k(z — z,). = is the point (g or p) underconsiderationg, arethe
pointsin thereferencesample(gammaeor proton). Thetrick is to defineavalid kernelfunction. Whipple
hasuseda multivariateGaussiar{like a point spreadunction):

exp(—(z — $T)TCT_1(‘T —1;)/2)

k )
V2rm | O, |

where(C, arethe covariancematricesof the variablesin the referencesamplesy is the dimen-
sionality

The methodneedscomparingevery eventwith every eventin bothreferencesamplesandthusis
computationallycostly Whipple hasreducedhe parametespaceandprecomputedhe kernelfunction
for alattice,usinginterpolation([6] and[7]).

5.5 Compositeprobabilities

This home-dgelopedmethodusesevent probabilitiesobtainedby comparingthe eventdatato two- di-
mensionaprobabilitydensitiebtainedrom atrainingsample Densitiesaredeterminedy histogram-
ming in two dimensionausingbinsthatgive constanbin contentfor signaldata.All 2D projectionsare
usedthatcanbe madefrom imageparametersEachbin thushasa probability to be signal,anda prob-
ability to be backgroundthe probabilitiesof a given eventfor all projectionsare multiplied, andtheir
product,the compositeprobability is a singleteststatistic(’signalness’). The methodwas appliedto
somereferencadatafrom runningexperimentgyWhipple,HegraCT1), and(unpublishedyesultsat least
did matchbestexisting results;strict comparisonsufferedfrom moving datasets. The methodneeds
someassumptionsnumberof bins, choiceof trainingsample;our valueswereempirically choserto be
in anareawhereresultsarerobustfor the samplesinderstudy Resultsareencouragingseepreliminary
resultsin fig.5).

5.6 Artificial neural networks (ANN-s)

This methodhasbeenpresenteaftenin the past- it resembleshe CART methodbut worksin locally
linearly transformeddata. Usually the resultsmatchbut are not superiorto whatever referenceresults
existed. Sofar, no corvincing casehasbeenmadefor Cherenkv telescopealata,althoughWhipple have
tried themethod(andremainedwith their supercuts)We have asyet noresultsfor the MAGIC testdata,
but work is goingon. Thereis substantiatandomnesg choosingthe topologyof the net,in particular
thedepthof thetree,thenumberof nodesthetrainingmethod transferfunction,etc.
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6 Preliminary results
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Fig. 5: Severalclassificatiormethodscompared

First resultsare shavn in figure 5; the diagramshawvn relatesacceptancefor signalandbackground:
the Neyman-Persomliagrammentionedearlier;oncethe samplesizesarefixed, thosetwo numberscan
be translatednto parametershat one usually wantsto optimize, like statisticalsignificancesor other
quality measures.

7 Criteria for a comparative study

In orderto provide ourseheswith aninformed’feeling’ for the advantagesindpitfalls of variousmeth-
ods,we have defineda datasetandrulesfor its analysisthatmay be usedby ary of the methods.The
rulesincludethe definition of rigidly defineddisjoint training and control samplesthe requiremento
give asa resultestimatordor correspondindiadroncontaminatiorand gammaacceptancégpurity and
cost),ideally a relationbetweenthe two i.e. a singleteststatistic; wherethis cannot be done,results
must be given for several optimizationcriteria, e.g. estimatedhadroncontaminationat fixed gamma
acceptance&alues,significance etc. The advantageof working with Monte Carlo eventsis, of course,
that resultscanbe controlledby usingthe classificationmethodon mixed samplesand comparingthe
outcometo the known origin of events. We alsoattemptto addin our sampleparametersvhich arenot
usedfor classificationbut which canbe usedto shav robustness.Dataandcriteriaareavailablefrom
theauthors.

8 Possibleconclusionsand caveats

A systematicomparisorof methodsaswe intendto perform,may give a conclusve resultfor thegiven
dataset. In all likelihood, someof the methodsunderstudywill shav to be superiorto directcutsin
parametersusedso far in all experiments. It is alsolikely that not a single one will turn out to be
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superiofin all aspectsandwe may concludethattheupperlimit reachedcorrespondso thetheoretically
achiezablelimit. Eventually amongthe bestperformersgaseof implementationrobustnesscomputer
time and maybeothersecondarycriteria may have to decide,or we may chooseto useseveral of them
in parallel. Whaterer conclusionsare found will be valid for our input data, Monte Carlo eventsfor

the MAGIC telescopethe extrapolationof thoseconclusiongo differentdatasampledike realMAGIC

data,differentCherenkv telescopesor to a completelydifferentproblemmustbe validatedanav. A

realgeneralizatiorto otherproblemscan,obviously, not be addressedy a studylik e the intendedone;
its publicationmay, however, facilitatea future validationprocessandallow usto discardsomeof the

inferior methods.

Themethodsunderstudyall assumanabstracspaceof imageparametersyhichis finein Monte
Carlo situations- and maybeonly there: real dataare subjectto influencesthat distort this space. In
our casethe starfieldin thefield of view andthe night sky backgrouncchangeduring obseration, the
atmosphericonditionsvary considerablyunavoidabledetectorchangesindmalfunctionwill occur and
all theseeffectsmay needcorrections.We project,for our final analysis,to havte gammasrom Monte
Carlo calculations,and measurementsiadeon and off source: we mustbe able, therefore,to adapt
the Monte Carlo variablesfor gammago the prevailing obsenational conditions. For this problemof
distortionsof parametespace somecompromisebetweenparametriccorrectionsto the variablesand
frequentMonte Carlocomputationgor differentobsenation conditions,is thelikely solution.

No classificatiormethodcan,of course inventnew independenparametergontainingmorein-
formation; they may be derived from the image,but could also be new independenbbsenrations, e.g.
arrival time: to find theserequiresintuition in physicsandgoodunderstandingf the detector
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