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Abstract
Exploring signalsfrom outerspacehasbecomean observationalscienceun-
derfastexpansion:astroparticlephysics.Amongearthboundobservations,the
techniqueof imaginggamma-rayCherenkov telescopesusingtheatmosphere
ascalorimeteris aparticularlyrecenttechnique.Eventsin suchtelescopesap-
pearas2-dimensionalimages,andthe imagecharacteristicshave to be used
to discriminatebetweenthe interestinggammasandthe dominatingcharged
particles,mostlyprotons.Presenttechniquesof analysisexpresstheimagesin
termsof severalparameters;thegoal is to find someteststatistic(s)which al-
low(s) to optimizetheclassification.Amongtheavailableclassificationtech-
niques,several have beenusedfor a comparative study, andmoreareunder
investigation.Themethodswill bebriefly presented,remainingproblemsare
discussed,somepreliminaryresultsareshown.

1 Cherenkov telescopes- oneof many tools in astrophysics

Astronomyandastrophysicshave maderapidprogressasanobservationalsciencein recentyears.They
capturetodayparticlesof differentnatureandof very differentenergy, moreor lesswhatever thegalaxy
andtheuniversesprayon us- within thelimits setby instrumentation.Beyondthevenerableastronom-
ical observationsat visible wavelengths,with a centuries-longhistory, andthoseof (charged)Cosmic
Rays,startedlessthana hundredyearsago,oneobservesnow theelectromagneticspectrumover some
20 ordersof magnitude,from radioover microwave andopticalwavelengthsto X-raysandthehighest
energy gamma-rays(seefigures1 and2). In the very recentpast,major neutrinodetectorshave been
built or areunderconstructionthatwill alsocontribute importantinformation,or have alreadydoneso.

For theelectromagneticspectrum,theabsorptionin theearth’s atmospherevariessubstantiallyin
functionof wavelength;for mostwavelengthsoutsidetheopticalandradiobands,instrumentshave to
be flown on satellites. This wasalsowherethe first gammaobservationsweremade. Ground-based
atmosphericCherenkov telescopesusingthe imagingtechniquearea comparatively recentadditionto
the panoplyof successfulinstruments,with the first resultsdemonstratednot before1985. They can
be built with a much larger effective collectionareathandetectorssentinto orbit, andhencerespond
to the lower fluxes of higher-energy primary gammas.On the other hand,the numberof observable
Cherenkov photonsfor lower energy (below 100GeV) primaryphotonsbecomescomparatively small,
andcorrespondinglytheproblemsof discriminationagainstbackgroundgetenhanced;this translatesfor
thedetectorinto generalrequirementsof optimallight collectionandof bestpossibleimageprocessing.
Thisnotedealswith oneaspectof discrimination.For anearlyreview see[1].
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Fig. 1: Theobservationalmethodsfor theelectromagneticsky
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Fig. 2: Satellite-basedinstruments(left), andthefuturelargestimaginggamma-raytelscope,MAGIC (right)

2 Principle of imaging Cherenkov telescopes

Cherenkov telescopestake advantageof theradiationemittedby chargedparticlesasthey areproduced
abundantlyinsideshowersdevelopingin the atmosphere.The showersfor incomingphotonsproduce
ratherexclusively electrons,which show strongCherenkov radiation,andmorephotons.The showers
absorbthe initial photonlike any electromagneticcalorimeterwould, but the leakageradiationallows
reconstructionof its most relevant parameters.As it happens,it is not only the interestingprimary
photonsthat causeshowers in the atmosphere:also the ubiquitouscosmicrays,mostly protons,tend
to shower andproducerelativistic particleswhich canmimic a gamma-initiated shower. Cherenkov
radiationis emittedin thevisible to UV regime,soa Cherenkov telescopeusesvisible light, but hasto
makebestuseof relatively few light quantathatarriveonthegroundandcanbeconvertedto asignal.The
term’imaging’ takesherethemeaningof localizingtheincomingphotonsover thevery shortperiodthe
shower front sweepsover thetelescope(1-2nsec).Dependingontheenergy of theprimaryphoton,some
100to 1000Cherenkov photonsgetcollected.Themainanalysisproblemconsistsof discriminatingthe
imagecharacteristicsfoundfor primaryphotonsfrom thoseof debrisleft behindby ahadronicshower in
theatmosphere.High sensitivity andgoodtimeresolutionarevital propertiesfor animaginggamma-ray
telescope;spatialprecision,on the otherhand,is not mandatorybecausethe observed photonshave a
naturalspread,due to the showering processand the limits imposedby the atmosphere(this is not a
constantcalorimeter!).Consequently, highreflectivity mirrorsareimportant,andsoarethebestpossible
photomultipliersin the camera,but the precisionof focus(unlike in an optical telescope)neednot be
muchbetterthanseveralmillimetersin theplaneof photomultipliers(or of theorderof oneminuteof
arcin angle).

3 Principle of imageparameters

As thesourcesof high-energy gammasarefew andtheir signalcomparatively weak,it is theCherenkov
photonsfrom hadronshowers that dominatethe hardware trigger, andsomeinvolved imageanalysis
mustachieve thediscriminationbetweenprimarygammasandhadrons.Fortunately, theseshowersshow
differentcharacteristics(like in any calorimeter);with suitablefeatureextractionthepixels makingup
the imagecanbe convertedto somesetof imageparameterswhich statisticallyallow a separationof
events.Historically, oneusessomeimagecleaningalgorithmto eliminateoutliers,viz. retainonly pixels
touchedby Cherenkov photonsfrom the showering, andthenexecutesa principal componentanalysis
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(see[2]) in the cameraplane. That resultsin a correlationaxis anddefinesan ellipse(seefig. 3) - if
the depositionweredistributed asa bivariateGaussian,this would be the error ellipse; in reality, the
imagesof primary photonsindeedtendto resemblean ellipse,albeit systematicallyasymmetricalong
its major axis. The characteristicparameterssof this ellipse(often calledHillas parameters,[1]), plus
severalad-hocparametersdescribingasymmetriesanddeviationsfrom asmoothspectrumconstitutethe
imagecharacteristicsto beused.

Fig. 3: Cherenkov telescope:sketchandimageparameters,anda simulatedevent in MAGIC (inset)

The optimizationof the parametersrequiresdetector-dependentstudies;the optimizationof the
discriminationto be appliedto a given set of parameters,on the other hand,canbe studiedin more
generality, andis thegoalof anongoingexercisedescribedin this contribution. For this, we usea data
setgeneratedby a MonteCarloprogram.Dataarecomputedfor thefutureMAGIC telescope,which is
locatedon theCanaryislandof La Palma,andwill becomeoperationalin 2002.

4 Multi variate classification

If confrontedwith a single test statistic,showing a one-dimensionalprobability densitydifferent for
signal and backgroundevents(in our casegammasand hadrons,respectively), the discriminationis
simple:by applyingacutoneselectsall eventswith thisparameterlarger(or smaller)thanthecutvalue;
for a small enoughcut valueoneobtainszeroacceptancefor both signalandbackground,for a large
enoughcut valueanacceptanceequalto onefor bothsamples;cut valueschosenin betweenwill make
thetwo acceptanceslie ona line deviating from equalacceptancefor thetwo samplesthemorethebetter
the variablewaschosen,i.e. acceptancesarehigherfor signal thanfor backgroundevents(seefig.4).
Thediagramof signalvs. backgroundacceptanceis known underthenameNeyman-Pearsondiagram
or decisionquality diagram.Notethat theseacceptancesaredirectly relatedto statisticalquantitieslike
purity, cost,contaminationetc.
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Fig. 4: Exampleof a gooddiscriminationvariable(Alpha). Left: signal,right: background

Theproblembecomesmoreinvolvedwhenfacedwith multiplevariables,themultivariate discrim-
ination problem.Differentclassificationmethodsfor themultivariatecasearein use,but little guidance
existsasto their advantagesor pitfalls; it is our objective to applysomeof themto fixedsamplesof test
dataanddefinerigid criteriafor comparingtheresults.

5 Different classificationmethods

Generalmultivariateclassificationmethodsareadvertisedin puzzlingnumbers,someof themareavail-
ableon the commercialmarket; we have startedto compareseveral methodsbelow; otherswhich we
have not (yet?) tried out arevariantsof discriminantanalysis(QDA = quadraticd.a.,RDA = regular-
izedd.a.,DASCO= discriminantanalysiswith shrunken covariances),SVM (a learningsystemcalled
supportvectormachines),or variantsof thekernelmethod,like adaptive kernels.Also, we show for the
momentno resultson ANN (artificial neuralnetwork) methods.

5.1 Cuts and supercuts

Cutscanbeappliedin then-spaceof features(in our caseimageparameters),onevariableat a time or
logically relatedwith AND or OR;theproblemgetsunwieldyevenat low n,nevertheless,this is themost
commonlyusedmethodamongstphysicists. Wide experienceexists alsofor all operatingCherenkov
telescopes(e.g. [1], [3]); any methodclaimingto besuperiormustuseresultsfrom theseasa yardstick.
Working in 1-dimensionalprojections,correlations,in particularnon-linear, betweenvariablesarenot
easyto take into account,althoughcuts in a variablearesometimesmadedependenton the valueof
otherparameters(supercuts or dynamic cuts). Decorrelationby standardmethods(PrincipalComponent
Analysis,[2]) doesnot solve theproblemin general,beinga linear operation.Definingnew variables
doeshelp, so do the dynamiccuts. The cut methodalsodoesneedan optimizationcriterion,andwill
not resultin a relationbetweengammaacceptanceandhadronacceptance,i.e. no singleteststatisticis
defined. Usually, cut optimizationleadsto separatestudiesandapproximationsfor eachnew dataset
(this is basedon pastexperience),which makesresultssometimesdifficult to reproduce.Cuttingneeds
very clearlyindependentsamplesfor trainingandcontrol.

5.2 classificationand regressiontrees(CART)

This is amethodor ratherafamily of methodsdevelopedoriginally by high-energy physiciststo doaway
with therandomnessin optimizingcuts([4]); it hasnow developedinto adataminingmethod,with tools
availablecommerciallyfrom several vendors.Thebasicoperationsarealternatesequencesof growing
a decisiontreeandpruningit, doneaccordingto slowly adaptingcriteria in someheuristicsuccession
until someconvergencecriterionis satisfied.CART methodsneedvery clearlyindependentsamplesfor
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trainingandcontrol. Themainproblemis to find a robust measureto choosefrom themany treesthat
are(or canbe)grown, avoidingovertraining(e.g.refiningthetreeuntil eacheventin thetrainingsample
hasits own sequenceof cuts).CART is madefor largesamples,thereis no experiencewith Cherenkov
telescopedata,but somepromisingearlyresultshave beenproduced(seepreliminaryresultsin fig.5).

5.3 Linear discriminant analysis(LDA)

This is a popularmethodbecauseit resultsin anelegantparametriccalculation.Its objective is to find
a linearcombinationof theoriginal imageparameterssuchthat thehyperplanedefinedby thetransfor-
mationmaximizesthedistancebetweenthemeansof signal(gamma)andbackground(hadron)samples,
simultaneouslyminimizing thevarianceinsideeachsample.Themethodis fast,simpleand(probably)
very robust. It doesnot dependon training samples.However, it ignoresnon-linearcorrelationsin n-
dimensionalspace(becauseof thelinear transformation),andvery little practicalexperiencewith LDA
in Cherenkov telescopedataexists;early testsshow thatat leasthigher-ordervariablesareneeded(e.g.����� couldprovide theadditionalvariable����� ).

Theformalismis simple([5]): thetransformationinto the’bestseparablespace’is performedby
theeigenvectorsof a matrix readilyderived from thedata(for our application:in two classes,gammas� andprotons	 ). Given samples��
��������������� for gammasand 	�� ����������� �!� for protons,with nvar
elementseach,find a lineartransformationvector " suchthatthetransformedsamplesare �!#$� "&% � and	 # � "�%�	 , andthediscriminatingpower

' � �!(*)�+,�� ( �-).+�/0)213�,�
getsmaximized,where � is the joint setof �!# and 	 # . )�+ (between-classvariance)and )21 (within-class
variance)aredefinedby:

)214�65 7 +-8 ��� 
�9;:=<->@? 8,8A����� � 9B:=<->@? 8,8C�A�A)�+D� 5<->@? 8,8E�F � :�
.9;:�G 7 G ��� : � 9;:�G 7 G �A�
where :=<H>@? 8I8 = classmean, :�G 7 G = overall mean,and � is the joint setof � and 	 . This leads,for two
classes,to theresult:

" � J ���K� ���� � /L� � � �-).+�/M) 1 � E�F � : G 7 GON 9;: G 7 GQPK�
Like PrincipalComponentAnalysis(PCA,[2])), LDA is usedfor dimensionalityreduction.LDA

maximizesthe ratio of between-classvarianceto within-classvariance,for any pair of datasets. The
goalof LDA is sampleseparability. PCA, on theotherhand,minimizesthevariancesalongnew axes.
Theprimedifferencein applicationbetweenLDA andPCA is thatPCA performsfeatureclassification
(e.g. the imageparametersfrom Cherenkov telescopedata)while LDA performssampleclassification.
PCA changesboth the shapeandlocationof thedatain its transformedspace,whereasLDA provides
moreclassseparabilityby building a decisionregion betweentheclasses.On our MAGIC testdataset,
LDA doesnotperformaswell asothermethods(seepreliminaryresultsin fig.5).

5.4 Kernel methods

The kerneldensityestimationis a nonparametricmultivariateclassificationtechnique.The advantage
is that of generalityof the class-conditionalandconsistentlyestimateddensities.Applied to our clas-
sificationproblem,thekernelfunction is usedto evaluateanindividual event likelihood,definedasthe
closenessto thepopulationof gammaeventsor hadroneventsin n- dimensionalspace.Thecloseness
is expressedby a kernel function appliedto a referencesample.The methoddoesnot requirea strict
separationof training andcontrol samples.The methodhasbeentoyed with in Whipple (the earliest
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functioningCherenkov telescope),resultslook convincing ([6] and[7]); however, Whipple todaystill
usessupercutsfor analyzingits data;we have exposedour MAGIC testdatato a basickernelanalysis,
andtheresultslook encouraging(seepreliminaryresultsin fig.5).

We definereferencesamples� 
 ���R�S����� � � for gammasand 	 � ���M�S����� � � for protons: Monte
Carlo gammas,and’off ’ events(obtainedby measuringslightly off the source,to definethe cosmics
backgroundin thatregion of thesky). We thenfind asclassifiera likelihoodfunctionT � �VU �XW U �
with thekernelfunction U �KY � �[Z �\Y � U���� 9 ��]K� . � is thepoint ( � or 	 ) underconsideration,�$] arethe
pointsin thereferencesample(gammaor proton).Thetrick is to defineavalid kernelfunction.Whipple
hasusedamultivariateGaussian(like apoint spreadfunction):

U_^a` � 	 � 9 ��� 9 ��]K� (*b E�F] ��� 9 ��]K� W�c �
J ced.fhg b ] g �

where b ] arethe covariancematricesof the variablesin the referencesamples,� is the dimen-
sionality.

Themethodneedscomparingevery eventwith every eventin bothreferencesamples,andthusis
computationallycostly. Whipplehasreducedtheparameterspaceandprecomputedthekernelfunction
for a lattice,usinginterpolation([6] and[7]).

5.5 Compositeprobabilities

This home-developedmethoduseseventprobabilitiesobtainedby comparingtheeventdatato two- di-
mensionalprobabilitydensitiesobtainedfrom atrainingsample.Densitiesaredeterminedby histogram-
ming in two dimensionsusingbinsthatgive constantbin contentfor signaldata.All 2D projectionsare
usedthatcanbemadefrom imageparameters.Eachbin thushasa probabilityto besignal,anda prob-
ability to be background;the probabilitiesof a given event for all projectionsaremultiplied, andtheir
product,the compositeprobability, is a singleteststatistic(’signalness’).The methodwasappliedto
somereferencedatafrom runningexperiments(Whipple,HegraCT1),and(unpublished)resultsat least
did matchbestexisting results;strict comparisonssufferedfrom moving datasets. The methodneeds
someassumptions:numberof bins,choiceof trainingsample;our valueswereempiricallychosento be
in anareawhereresultsarerobustfor thesamplesunderstudy. Resultsareencouraging(seepreliminary
resultsin fig.5).

5.6 Artificial neural networks (ANN-s)

This methodhasbeenpresentedoften in thepast- it resemblestheCART methodbut works in locally
linearly transformeddata. Usually, the resultsmatchbut arenot superiorto whatever referenceresults
existed.Sofar, noconvincing casehasbeenmadefor Cherenkov telescopedata,althoughWhipplehave
tried themethod(andremainedwith theirsupercuts).Wehaveasyetnoresultsfor theMAGIC testdata,
but work is goingon. Thereis substantialrandomnessin choosingthetopologyof thenet,in particular
thedepthof thetree,thenumberof nodes,thetrainingmethod,transferfunction,etc.
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6 Preliminary results

Fig. 5: Severalclassificationmethodscompared

First resultsareshown in figure 5; the diagramshown relatesacceptancesfor signalandbackground:
theNeyman-Persondiagrammentionedearlier;oncethesamplesizesarefixed,thosetwo numberscan
be translatedinto parametersthat oneusuallywantsto optimize, like statisticalsignificancesor other
qualitymeasures.

7 Criteria for a comparative study

In orderto provide ourselveswith aninformed’feeling’ for theadvantagesandpitfalls of variousmeth-
ods,we have defineda datasetandrulesfor its analysis,thatmaybeusedby any of themethods.The
rulesincludethe definition of rigidly defineddisjoint training andcontrol samples,the requirementto
give asa resultestimatorsfor correspondinghadroncontaminationandgammaacceptance(purity 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
acceptancevalues,significance,etc. Theadvantageof working with MonteCarlo eventsis, of course,
that resultscanbe controlledby usingthe classificationmethodon mixed samplesandcomparingthe
outcometo theknown origin of events.We alsoattemptto addin our sampleparameterswhich arenot
usedfor classification,but which canbe usedto show robustness.Dataandcriteriaareavailablefrom
theauthors.

8 Possibleconclusionsand caveats

A systematiccomparisonof methodsaswe intendto perform,maygiveaconclusive resultfor thegiven
dataset. In all likelihood,someof the methodsunderstudywill show to be superiorto direct cuts in
parameters,usedso far in all experiments. It is also likely that not a single one will turn out to be
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superiorin all aspects,andwemayconcludethattheupperlimit reachedcorrespondsto thetheoretically
achievablelimit. Eventually, amongthebestperformers,easeof implementation,robustness,computer
time andmaybeothersecondarycriteriamayhave to decide,or we maychooseto useseveralof them
in parallel. Whatever conclusionsare found will be valid for our input data,Monte Carlo eventsfor
theMAGIC telescope;theextrapolationof thoseconclusionsto differentdatasampleslike realMAGIC
data,differentCherenkov telescopes,or to a completelydifferentproblemmustbe validatedanew. A
realgeneralizationto otherproblemscan,obviously, not beaddressedby a studylike the intendedone;
its publicationmay, however, facilitatea futurevalidationprocess,andallow us to discardsomeof the
inferior methods.

Themethodsunderstudyall assumeanabstractspaceof imageparameters,whichis finein Monte
Carlo situations- andmaybeonly there: real dataaresubjectto influencesthat distort this space.In
our casethestarfieldin thefield of view andthenight sky backgroundchangeduringobservation, the
atmosphericconditionsvaryconsiderably, unavoidabledetectorchangesandmalfunctionwill occur, and
all theseeffectsmayneedcorrections.We project,for our final analysis,to have gammasfrom Monte
Carlo calculations,and measurementsmadeon and off source: we must be able, therefore,to adapt
the Monte Carlo variablesfor gammasto the prevailing observationalconditions. For this problemof
distortionsof parameterspace,somecompromisebetweenparametriccorrectionsto the variablesand
frequentMonteCarlocomputationsfor differentobservationconditions,is thelikely solution.

No classificationmethodcan,of course,inventnew independentparameterscontainingmorein-
formation; they may be derived from the image,but could alsobe new independentobservations,e.g.
arrival time: to find theserequiresintuition in physicsandgoodunderstandingof thedetector.
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