Appendix A

The Analysis of shover images

In thefirst chapteyconcerningheoryanddetectors| gave ashortoverview of y*-raysfrom
their productionin the sourceup to their developmentasair shaversandtheir detection
by Cherenlov telescopesA muchhigherquantityof hadronicparticlesimpingeonto the
earths atmospher¢han-y-rays, which themselesonly accountor lessthan 0.1% of all
cosmicrays. Oneof the mainchallengeof y-astronomyis thereforethe separatiorof v's
from the hadronicbackground A certain gamma/hadroseparatioris alreadyappliedby
the telescopédrigger , which only respondgo signalsin alimited time window andtakes
adwantageof the factthat Cherenlov photonsfrom hadronicshaversarrive with a larger
time spread and have a lower light yield for the sameenepgy ascomparedo ~'s. From
themomentthatthey have beenrecordedandmeasuredn the form of Cherenlov images,
the key issuebecomesgo separategammashaver eventsfrom hadronicshover eventsas
efficiently aspossible.

Thedatausedin this chapterareapartof thecompletedatasebf Mkn 421from Febru-
ary to May 2001 andaccountfor approximatelyl167 hours of obsenationtime (from a
total of 250 hoursthatwill be analyzedn the last chapter).It wasrecordedby the CT1
telescopeof the HEGRA collaborationon La Palmaon the Roquedelos MuchachosThe
datahasbeenpreprocessetly a filter andthe preproc-progranwritten by Dirk Petry of
the Max Planckinstitut fur Physikin Munich. Thefilter checksthe datafor somesimple
errorsin mainly two ways: a) rejection of noisetrigger ed events by applyinga two next
neighborsoftware-triggerandb) checkdor correctpositioning of thetelescopeAfter the
filter cuts,thetriggerratein zenithpositionis approximately2.6 Hz to 3 Hz. Then,the
preprocessingrogramwhich doesthe calibration is applied. It corvertsthe signalinto
photoelectrongor eachpixel anddeterminegheir pedestaRMS valuesfrom calibration
runs. The next stepsaredoneby a software packagewritten in C++/ROOT which con-
sistsof about50.000lines of codethat| developed.The softwarereadsthe calibrateddata
outputandperformall the algorithmsandanalysisproceduresliscussedh this chapter

For telescopeefficiengy studiesflux calculationsandenegy calibrationsMonte Carlo
(MC) studiesareessential. The MC simulationof air shoversplustheir imagingon the
telescopénave beendoneby DorothaSobczynskaf the Universityof Lodzin Poland.

In the shaver andtelescopesimulationby DorothaSobczynskahe simulationof the
night sky backgroundNSB) is not includedand mustbe performedseparatelyfor each
sourceanalyzedThereforehe simulation of the NSB is donewithin theprogrampackage
developedfor this work andwill bedescribedn thefollowing sections.

Thischapteiis structuredn thefollowing way. After aquickdescriptiorof the calibra-
tion procedure of preproc anoverview of the Monte-Carlo simulation is given. Thenext
sectiondealswith the classicalimage parameters andvariousseparation methods (for
instance static cuts, dynamic cuts anda modified linear discriminant method (LDA))

INote: Throughouthis documenthe abbreiation’~’ refersto a high enegy photon(>1 GeV)
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which areusedto quantifythe discriminatingpower of a givenimageparameteset. New
image parameters areintroducedandclassifiedby usingthe LDA . In the lastsectionthe
estimationof energy, pointing corrections’, unfolding of spectra, flux calculationsand
determinatiorof the integrated light flux (above 1 TeV -> light curve) will bediscussed.

A.1 The calibration of the telescopedata

Herel wish to briefly discusshow the raw datafrom the CT1-telescopés calibrated.The

calibrationis donevia a software’preproc’ which waswritten by Dirk Petryof the Max

Plancklnstitut fur Physikin Munich and significantly modified andimproved by Martin

Kestel,alsoin Munich. It directly readsthe recordedrawdataof the telescopewhich con-

sistsof pedestalruns, calibration runs andobseation runs. The datasimply consists
of the ADC-valuesof eachpixel thatis recordedvhenatriggeroccurs.

During pedestatunsrandomtriggerimagesof the sky at the positionof a sourceare
taken. As the nameimplies, they are usedto determinethe pedestalposition (in ADC
counts),which meansthe zeroline, andits RMS value of the pedestabeak. The RMS
valueis ameasuref thelight of the night sky andis proportionalto the square-roobf the
PMT current. This will be explainedin moredetailin the next sectionconcerningVionte
Carlosimulation.

The calibrationruns consistof a train of LED light-pulsereventsof equalamplitude.
Fromthe positionof the signalpeak,its RMS andthe positionof the pedestalthe num-
ber of photoelectrons canbe calculatedusingthe so-calledexcessioisefactor method
[Mir00, Scho1. ,

Npwe = F(Mz_iuog (A1)
0 — 0y
wherep andyg arethesignalandpedestapositionande andog arethestandardleviations
of the sighalpeakandthe pedestapeak. By assuminghat Np, g is equalfor eachpixel
(so-calledflat-fielding) andby knowing the averageexcessnoisefactorfor all PMTsin the
cameraa conversion factor for ADC-channels->Phor eachpixel is calculated.

The precisionof this methodis estimatedo be approximatelyl0 % [MirCom]. The
corversionfactorsarecalculatedby evaluatingthe calibrationandpedestatuns. Oncethe
corversionfactorsare known they are usedby the 'preproc’ programto determine the
number of PhE for eachpixel of all theeventsin anobsenationrun.

A.2 Monte Carlo Simulation of air showers

TheMonteCarlo(MC) simulationof air shaversandtheirimagingonthetelescopeamera
is averyimportantpartof theanalysis sinceit helpsto understandhe differencebetween
gammashaversandhadronicshavers. The simulationof thetrigger of the telescopeand
theimaging of the shaver onto the focal planeare absolutelymandatoryto calculatethe
cut and trigger efficiencies which ultimately determineghe effective areasaftercutsand
theflux. Theenemy calibration of thedatais doneby usingMC data.Thisis doneby first
finding a goodestimationof the shover enegy of MC gammashowversandthenapplying
thisresultto realdata. This topic will be discussedateron.

The shavershave beensimulatedby a baseprogramfrom the Max Plancklinstitut in
Karlsruhe/Germay called CORSICA which usesexperimentallydeterminedcrosssec-
tions and complex atmospheriomodelsto simulatethe extendedair shovers by track-
ing eachpatrticlein the shaver individually. As mentionedabove, the simulationof the
shaversandespeciallythetelescopeeflectorsimulationhave beenperformedby Dorotha

2Theword 'mispointing’ is usedin the sensehatthe centerof the cameradoesnot coincideexactly with the
coordinate®f the objectto which thetelescopes pointingto. A ’pointing correction’correctsthe datafor slight
misalignments.
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SobczynskaFor theimagingontothe camerathe exactmirror andcamerageometryhave
beentakeninto account,ncluding opticalimperfections.To obtaingoodagreementvith
the real measurementhe influenceof the night sky background (NSB) andthe light of
starfieldsalsoneedto be simulated.This is explainedin thefollowing section.

A.2.1 Simulation of the night sky light

In betweento the normaldatataking runs(for the obsenation of anastronomicabbject),
calibration runs and pedestalruns are also performed. The calibrationruns are used
to determinethe corversion factor of ADC-channel/PhEThe pedestalruns consistof
imagesof the night sky usingrandomtriggersto ensurethe exclusionof shaver light. The
pedestatunsareusedto measurehe zero line of the ADC (pedestalandits RM S. The
pedestaRMS of eachpixel is calculatedby taking the varianceof the measuredsignal
in eachpixel. Both, the electronicnoiseandthe light of the night sky (NSB) including
starlight,contributeto the RMS. The NSB accountdo approximately0.8-3PhEper pixel
(dependingn obsenationconditions)within thetime window of the ADC (approximately
30ns).

To understandhe shapeof the resultingpedestadistribution, which we wantto sim-
ulate,it is necessaryo understandhe cameraelectronicsn significantdetail. Thelight is
recordedby PMTswhich have a photocathodevhich convertsphotonsinto photoelectrons
with a certainQE. The signalseenat the outputof the PMT is the amplifiedsignal of the
PhEshitting thefirst dynode. The numberof PhEwithin the time window of the ADC is
Poissondistributed. The furtheramplificationhasfluctuationsdueto its statisticalnature.
The dominantcontribution comesfrom the first dynode. This additional noiseis called
excessioise(F). For PMTsit is definedas

var(Single PhE Peak)
mean?(Single PhE Peak)
The definition of F simply describeghe increaseof the noiseof anincoming signal af-

ter amplificationthroughthe dynodesystemof a PMT. More generally(for any type of
amplifier):

F2=1+

(A.2)

2 Signaliznput/ (a-zznput — Ugl)
Signalgutput/ (a'gutput - Ugl)
The noiseat the input and at the outputis understoodas noisewithout the electronic
noiseof theamplifiero® = ¢2,,, — o2 . In thesimulationthe Poissondistrib uted signal of
thePhE,with mean), hasto be folded with a Gaussiandistrib ution (comingfrom excess
noiseandelectronicnoise). The outputsignalof the PMT (thegainhasbeennormalizedo
one)is then:

(A.3)

o _(m—;ﬂ
67)‘ \e 202

= -_— A.4
h(@) ; i - (A4)

with avarianceof
o2 = n(F?-1)+0% (A.5)

o is thevarianceof the pedestaivhich is equalto the electronicnoisecontribution o =
o2,. A consisteng crosscheclof the outputdistribution function f () to the definition of
theexcessnoisefactorcanbefoundin AppendixA.

The varianceof the electronicnoiseo,; in the caseof the CT1 cameraglectronicsis
estimatedo be equivalentto 0.5 PhE.The excessnoiseis typically approximatelyF? =
1.3.

A veryimportantpointthathasto betakeninto accounts thatthe outputof the PMTs
is coupledto thetransimpedancamplifiervia a capacitancesuchthatonly fastpulsesare
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FigureA.1: This plot shavs the simulationof the night sky background Herethe electronicnoise
wassetto only 0.15PhEin orderto beableto seethesinglePhEpeak.

amplified. Only the fluctuations of theDC like NSB areamplified. Thereforethe average
hasto besubtracted:

frons(z) = fa(z) — A (A.6)

frons (z) is thefinal simulatednight sky backgroundNSB). Fig. A.1 shovs asimulated
NSB with a total RMS of 0.6 PhE.Herethe electronicnoisewassetto only 0.15PhEin
orderto beableto seethe singlePhEpeak.

For subsequerdataanalysisanelectronicnoiseof 0.5PhEwasusedwhichcorresponds
to the estimatectlectronicnoiseof the CT1 cameraread-out.

In orderto treatthe night sky backgroundtorrectly the pedestatlistributionsfor each
pixel are simulatedon top of the MC shaver imagesaccordingto the measuregedestal
RMS of the recordeddatarun. Sincethe starfieldchangedrom objectto objectandthe
night sky backgrounddependsstrongly on the zenithangle,the night sky backgrounds
simulateddifferently for eachdataset.For the optimizationof cutsor the training of the
LDA it is veryimportantto divide therecordeddatainto zenithanglebinsandsimulatethe
NSB exactly with the samezenith angle distrib ution on top of the MC shaver images
becausehe NSB dependsn the zenith angle,which will be shown later Within each
zenithbin anglethe availableeventsaredistributedin equalnumbersamongthe recorded
runs. Thenfor eachrun the pedestainformationis taken andthe NSB is simulatedac-
cordingly. By this procedurdt hasbeenensured thatthe night sky backgroundf the MC
shaversresemblessmuchaspossibleheNSB in therecordeddatawith the samezenith
angledistrib ution.

Finally, afterourgammadatasamplehasbeenpreparedo becomparabléo therecorded
datasetandselectioncutshave beenapplied,we areinterestedn determiningtheflux.

A.2.2 Trigger efficienciescut efficienciesand effective areas

Thefluxesseenby thetelescopéhave to be calculatedbut of the measuredvent rate and
the efficienciesof thetelescopeln generathe differ ential flux is definedas

dF dN

dE _ dEdAdt (A7)

WhereF' is theflux, E istheeneny, A is thearea,N is the numberof particles(y’s) and
t is thetime. Thetelescopeefficienciesaredefinedastheratio of the numberof so-called
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excesgvents Ng,..ss andtherealexisting numberof eventsNge,; .

dNEzcess

A.8
dNReal ( )

Etot =
Theexcesevents Ng,cess = Npass — Npack arethemeasuredventsby thetelescope
which passedhe ~y-selectioncut minus the backgroundevents. The efficienciesof the
telescopecanonly be obtainedby MC simulation sincewe do not have a testbeamwith
cosmicy’s. Thus,the efficienciesare definedasthe ratio of the eventsthat passedhe
~-selectioncut Nseecteq (E, 6, r) andthetotal simulatedevents Nsimuiated (E,0,7).

dNselected (E 0 7')

E,
ETotal ( o T) dNSzmulated (E o 'f')

(A.9)

The numberof eventsthat passedhe selectioncut (selectionefficiencies)are depen-
dent on the energy E, the zenith angle § andthe impact parameter r. The total ef-
ficiengy and can be split into two parts, the trigger efficiency of the telescopetrigger
electronicaandthe cut efficiency of theselectioncut (in the dataanalysis):

ETotal (E, 9, T) = ETrigger (E, (9, T) *Ecut (E, 0, 7‘) (AlO)

Thebestway to intr oducethe conceptof effective areasA.sy (E,0,r) is by calcu-
lating the excesseventsout of the flux:

dNEzcess _ dF
dT /dEETOtal (E 0 T) dtdA (All)

= obs//ETotal E 9@,7’) dr d¢
= Z obs eff Eo)

The integral over the time hasbeentransformednto a sumover zenithanglebins §*
becausehe effective areasdependon the zenithangleanda binning of the recordedele-
scopedatainto zenithanglebinsis unavoidable. The integrationover the impactareahas
beenseparatedhto anintegrationover theradiusr (rotationalsymmetry)andthe azimuth
angleg.

The effective area is thereforethe integral over the efficiencies(which are obtained
from MC studies):

Ausr (Br,8) = / / eTotal (B, 01,7) ddr (A12)

o0
27 / eTotal (Ex,01,7) dr
0

NSelected Ek, 01, T,) 9 . 9 )
Tup(t) = Tiow? A.13
Z Nsimulated (Eg, 01, 7) (rap(®) = iow () ( )

Theeffective areadependson the energy andthe zenith angle (seeFig. A.2). ryp (i)
andr;,, (i) aretheupperandloweredgeof theimpactparametebin, respectiely. A bin-
ning in impactparameterenegy andzenithangleis unavoidable. As above Nseiected (Ek, 01, 7:)
is the numberof eventsin the accordingenegy/zenithangle/impactparametebin that
passedheselectioncutand Ng;muiated (Ek, 01, ;) is thenumberof eventsthathave been
simulatedoriginally for the samebin.
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The effective areasare also slightly dependenbn the shapeof the flux spectrumbe-
causeof the binningin enegy bins. In orderto avoid systematicerrors,eachMC eventis
weightedwith W (E) in sucha way thatthe weightedMC distribution formsthe desired
spectrum. The desiredspectrumshouldbe similar to the spectrumof the sourcethat is
measuredThis canbeachievedby aniterative procesdgor whichthemeasuredpectrurris
placedbackinto the effective areacalculation. The systematicerror hereis reducedvhen
takingsmallenepy bins. Theweightsarenormalizedio one.

The effective areais the corversionfactorfrom the excessvent rate to gammaray
flux whichis calculatedn thefollowing way:

ANEgcess
aF - _ a (A.14)
dE 29 obs Eff (E701)

The errorson the fluxesare calculatedvia Gaussiarerror propagatiorfrom errorson
Nezcess and Aqg 5. Theerrorson the effective areasare statisticalPoissoniarfluctuations
from N?,,. .;cq @ndfrom Ngimuiatea (E,6,7;) andthey addup quadratically:

2

\/Nselected E 0 Tz) 2 /. 2 .
UAeff N ﬂ-z NS@mulated (E 0 TZ) (rup(l) - Tlow(l)) (A15)

A.3 Gamma/hadron separationmethods

For this analysisl usedan approachwhich first describeghe shaverimageby using so-
called image parameters. Thedistributionsof the imageparametergor v's andhadrons
exhibit somedifferences. A cut methodwhich usesthesedifferencesseparateshe two
eventtypesusingimageparametersvasdeveloped.Anotherapproachwhich hasnotbeen
usedin this thesis,is to directly apply a maximum-lik elihood fit to the shover images
themseles[CAT89]. Thisapproactdepend®n how well it is possibleto modeltheshape
of gammashaversandhadronicshaverswhich needto be usedastemplatedor thefit.

In this sectionl wish to introduceasa first stepthe classicaimageparameterscalled
'Hillas parameters whicharenamedafter A. Hillas who inventedthemin 1985[Hil85].
Afterwards,simplestaticcutsanda linear discriminantanalysis(LDA) will be described.
Eventuallythe LDA will beusedmainly asatool to quantify the discriminationpower of
differentimageparametesetsasit increasesn discriminationpower of agivenparameter
set,comparedo thestaticcuts.

A.3.1 The classicalHillas parametersto describeshower images

As shown in chapterl, concerningtheory and detectorsthe main differencesbetween
gammaphoton initiated shoversandhadron initiated showers lie in their geometrical
structureand,to alesserextendin their time structure(which is not discussedn this the-
sis). Dueto thelongerinteractionlengthof the hadronidnteraction the hadronic shovers
shav more fluctuations in theirimagethando the electromagnetishawvers. In addition,
hadronicshavershave a wider lateral distrib ution. Therefore,A. Hillas thereforepro-
posedto calculatethe geometricalvariancesof the shaver imagewhich are differentfor
hadronicandgammashawers. He introducedthe first andsecondnomentsof the shover
image.In thefollowing, | describeaform with generalizedweightsw; whichwill beused
later on (wherez; andy; arethe coordinatef pixel 7). In caseof the classicalHillas
parametersthe weight w; is the chage collectedby pixel ¢ in photoelectronsv; = g¢;.
Fig. A.3 illustratesthe geometricmeaningof theimageparameters.
Thefirst momentsare
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Figure A.2: The upperplot shavs the total simulated MC event distrib ution (blue histogram)
andthe eventsthat passedhe selectioncut (redcurwe), integratedover all impactparameters.
Thelower plot shavs the effective areasfor theselectioncutsdevelopedin thisthesisusingapowver-
law spectrumwith spectraindex o = —2.8. Thethreecurvesrepresentheeffective areador three
zenithangles:12° (blue), 32° (green)and50° (red).
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FigureA.3: Anillustrationof the geometrioneaningof theimageparameters.
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The variancescanbe calculatedn theclassicalway:
var(z?) = <x2>—(w)2 (A.18)
var(y’) = (y*) - ()’
covar(zy) = (zy) — () (y)

Thevariancesanbe puttogetherto form the so-calledcovariance matrix
_ var(z?)  covar(zy)
M= ( covar(zy)  wvar(z?) (A-19)

The covariancematrix canbe usedto describea two dimensional Gaussiandistrib ution
function

1 _

G(2,y) = ———————e FuM 'y (A.20)
@r)? det M

u? UL U2 u3

var(z?) p var(x?) var(y?)  var(y?)

uM 'u (1 — p2) =

with the correlation coefficient
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covar(zy) (A21)

var(z?) var(y?)
and
uw = z—(z) (A.22)
uz = y—{y)

Thetwo dimensionalGaussiardistribution is rotated in the cameracoordinatesystemby
ananglegivenby

covar(zry)

tan2¢ = 2
an 2¢ var(z2) —var(y?)

(A.23)

By diagonalizing the matrix M, oneobtainsthe longitudinal(LENGTH) andthe lateral
(WIDTH) variance®f theshoverimage.By introducingthe helpervariables

d = war(y®) —var(z?) (A.24)
2z = +/d + dcovar(zy)
d
u = 1+ ;
v o= 2—-u
w = (@) (y*) —2(2) (v) (ay) + (1) (2*)

WIDTH andLENGTH canbedefinedcanbedefinedas:

2 2y _
WIDTH = \/ var(z H;‘"(y )2 (A.25)
2 2
LENGTH = \/ var(z H;‘”(y )2 (A.26)
Additional usefulimage parametersinclude:
DIST = \/(z)* + (y)° (A.27)
w
AZWIDTH = oo (A.28)
. 2
MISS = 0.5 (u (z)? +v <y)2) - C"””(xzy) () (v)
. MISS
ALPHA = arcsin m (A29)
d + \/d? + 4covar (zy)?
Moz =
2covar(zy)
(z)
Mee = 7
()
pr = mazmce (A30)
1 Zf (pT Z 0) Magx Z mceT)

& (
=1if (pr > 0) & (Mg < mice)
SIGN = Lif (pr < 0)& (mee < 1) (A.31)

— Mme

—1if (pr < 0) & (Mmgg >

mes)
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Figure A.4: The CT1 camerawith a simulatedgammashaver with its Hillas ellipse afterimage
cleaning.

N
SIZE = ) g (A.32)
=1
qi. + qo.
CONC ST E (A.33)

whereDIST (Equ.A.27) is the distancerom the cameracenterto the centerof gravity of
the shawver in degreesandit dependsn the enegy, the impactparameteandthe zenith
angleof they (seesectionl.4.1landFig. A.3).

AZWIDTH (Equ.A.28) hasnot beenusedin this thesisbecauseét doesnotimprove
thediscriminationpower anymore.

ALPHA (Equ.A.29)isthemostimportantcutparametefor pointsourceslt is defined
as the clockwise angle from the longitudinal axis of the shower to the connectionline
betweerthe centerof the cameraandthe shaover centerof gravity. Sincethe centerof the
cameraof the telescopausually pointstowardsthe point sourceitself, the shover axis of
gammashawers points toward the center Corversely hadronicshowvers arrive from all
directionsandthedistributionis flat for all anglesfor aninfinitely largecamergfor afinite
sizecamerahe ALPHA distributionis nolongeruniform). Equ.A.29, shavn above, gives
valueshbetweerD® and90°. ALPHA definesananglebetweerD® and180° or equivalently,
from-90° to +90°. For somecalculationghe signof ALPHA is needed It canbeobtained
from Equ.A.31.

Anothervery basicparametelis SIZE (Equ.A.32). This is simply the total chage
collectedin units of photoelectrongPhE). It is the main estimator for the energy, but
dependslsostronglyon the zenithangleof the sourceandtheimpactparameter

CONC (Equ.A.33)is theratio of the sumof thetwo highestpixel chaigesto thetotal
chage. Gammashawvershave a smallerlateralandlongitudinal electrondistribution and
peakmorein the centerof theimage,in contrasto hadronicshavers.

Therefore, CONC is biggerand WIDTH and LENGTH are smaller for gamma
shaversthan for hadronicshavers (seeFig. A.5). Sincethe cameraof CT1 hasrather
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Figure A.5: The distributions of the four mostimportantimageparametersWIDTH, LENGTH,
ALPHA andDISTANCE . MC gammasareblue andrecordedff-datais red.

large pixels(0.25° diameter) CONCis notvery smoothlydefinedandshows aratherlarge
spread.The following two figuresshow a) a typical gamma shower image with applied
tail cut (seesectionaboutimagecleaning)in the CT1 cameraFig. A.4) andb) the distri-
butions of the four mostimportant imageparametergFig. A.5). The secondhumpin
the DIST distribution resultsfrom shover imagesthat wherelargerthanthe radiusof the
cameraandwerethereforecut at the cameraborder(seeleakageparameter) A selection
cutof SIZE > 100photoelectrongPhE)hasbeenapplied.

ExpressionA.20 canbe usedto definea so-calledcovariance ellipse, aline of equal
probability, of 1 sigma(definedby WIDTH, LENGTH, DIST and ALPHA), aroundthe

centerof weight. It is the so-calledHillas ellipse. It is a descriptionof the shoverimage
(seeFig. A.4).

Thedefinition of theimagevariancegivenabove assumeshatthereis no noiseback-
groundin the image. Unfortunately this is never the casebecauseve have NSB aswe
know. In Equ.A.17 it canbe seenthatthe distanceof the pixelsentersasa squarein the
sumand,consequentlythe calculationof the varianceof the shoverimagegivesentirely
incorrectvalues.Therefore animagecleaning(sometimegalledatail-cut), becomesec-
essarnyto remove, atleastin part,the effect of the NSB.

A.3.2 Image cleaningalgorithms to remove the night sky background
in the camera

Theimagecleaning(or tail cut) removesthe night sky backgroundNSB) in the camera.
Withoutthisit would not be possibleto calculatetheimagevariancesasexplainedabove.
Traditionally a dynamicalimagecleaninghasbeenused[Pet97. The RMS valuesof the
pixelsaremeasuredh independenpedestatunsandthe signalof the pixelsarecompared
to their RMS valuesin orderto decideif the pixels shouldbe includedin the parameter
calculationor not.

In this analysisthr ee differ ent algorithms have beentested. In all threecleaning
methodstwo cleaningparametersvere introduced: The 'image core limit’ x. andthe
"imageborder limit”’ k.
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The 'classical’ cleaningmethod

1. All pixelsthat have a signal larger than k. (imagecorelimit) timesthe Pedestal
RMS areretained.

2. All pixelsthathave a signallarger thenk (imageborderlimit) timesthe Pedestal
RMS areretainedif they have aneighboumwith morethans, sigma.

3. Singlepixelsareremoved if thesignalis smaller than5 timesthe PedestaRMS.

Theisland’ cleaningmethod

First, the 'classic’ cleaningalgorithmis applied. Afterwards,theimageis beinganalyzed
for islands (islandsareisolatedclustersof pixelswhich remainaftera classicalcleaning.
The meaningof 'island’ is illustratedin Fig. A.24.). Only the largestisland(in termsof

chage;this is the mainshoverimage)is retained, all the othersareremoved. Theisland
finding algorithmis explainedin detailin the sectionconcerningnountainsandislands.

The 'mountain’ cleaningmethod

Themethodis basednthe quantification of fluctuations in theshoverimage ,which are
differentfor hadronicshoversandelectromagnetishavers.

In thefirst step,the’classical’ imagecleaningis againapplied. Thena complex image
structureanalysisis performedwith respectto the ‘'mountain’ structur e (The meaning
of ‘'mountain’ is illustratedin Fig. A.24.) of theimage. This will be describedn detalil
in sectionA.4 wherenew imageparametersreintroduced.In arecursve procedurethe
imageis divided into mountains.(The analogyof mountainsor valleys is with respecto
their signalcontent). The cut lines are the valleys betweenthe mountains. The chage
in eachcluster(mountain)is summedup andthe largestmountain is retained while the
othersarecleanedaway.

Later, thesethreealgorithmswill be comparedwith eachother, with respecto their
capabilityof deliveringthe bestimageparameters.

Generalcomments

Dynamical® imagecleaningproceduresiave the advantageof retaining as much aspos-
sible of theimagein orderto have the largest amountof informationaboutthe shaver
available.Onthecontrary’dynamical’cleaningprocedureslsohave somedisadvantages
comparedo fixed level imagecleaningmethods.Whenthe tail-cut becomesdependent
on the pedestaRMS, which is actuallya measureof the NSB andthe starlight,thenasa
consequencehe valuesfor WIDTH andLENGTH also becomedependenton the NSB.
In otherwords,WIDTH andLENGTH will changeatdifferentnight sky andweathercon-
ditionsanddependenciethathave not beentherebeforeareartificially introducednto the
analysis.

A.3.3 Static cuts and dynamical cuts: Dependenceof the Hillas pa-
rameters on the enery, the zenith angle,the impact parameter
and the night sky background

Having introducedthe parameterthatdescribehe shaverimagewe now wishto usethem
for hadronicbackgroundsuppression In thefollowing sectiontheimageparametertave
beencalculatedn the classicalway with weightsw; = g;.

3The expression dynamical’is understoodn the sensehatthe cleaninglevel is choserasa function of the
NSB (pedestaRMS).
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Static cuts and the optimization of cut intervals

The simplestmethodfor gamma/hadroseparatiorconsistsof a static cut on theimage
parameteralues.Thesecutsarecommonlycalledsuper cuts (Wipple collaboration Ref.

[Rey93)). Thefollowing valueshave beenobtainedby following the proceduredescribed
below andusinga datasetof Mkn 421 (flaresFeb8/9,2001)0

0.05° <WIDTH< 0.11° (A.34)
0.1° <LENGTH < 0.42°
0° <ALPHA< 12°
031° <CONC< 0.7°
05° <DIST< 1.0°

Thecut on ALPHA is ageometricatutandonly worksfor point sources Thelower
cut on DIST is appliedbecauseémageswith too small impactparameteryield showvers
that aretoo round andtoo closeto the centerof the camera(bad definition of ALPHA)
which makesa discriminationimpossible.The upperlimit is usedto remove shoversthat
areexcessvely affectedby alimited camerasizeandthataretruncatedat the border

The cut efficienciesfor v's: e = N§/N&, andhadrons:ey = NH /NH, describe
the percentagef eventsthathave beenselectedafter applicationof the cutson simulated
MC events. N/, and NS, arethe numberof all triggered~y-eventsand hadron-eents.
They have beensimulatedwith a certainspectralindex (power law, spectralindex a=1.5)
. Thequantitye shouldbe aslarge aspossible usuallyat least50 %, ande g shouldbe
assmallaspossible.Usuallyit is 0.5 % (Backgroundreductionfactor200). The quality

factor is definedby
e,

NG
It is a measureof how well the backgroundchasbeensuppressedby keepingenough
signalevents.Typical valuesfor the staticcut areaboutseven.
Thealgorithmfor cut interval optimization changegheintervalsin smallsystematic
stepsin orderto maximizeeitherthe quality factoror the significance (appliedto pure
MC-samples)Thesignificances the signalto noiseratio:

Q= (A.35)

N, —
g = _—on” ‘Toff (A.36)
\V Non + Noff

_NE
NG +2NE

whereN,,, = N§ + NZ andN,;; = NZ for Monte CarlosamplesS cornvergesto

S — Q\/NE, (A.37)

for
NG > NH (A.38)

Unfortunatelythequantity NS is usuallyratherof thesameorderas Nf whichmeans
Equ.A.38 is not fulfilled andasa consequencehe optimizationof the quality will not
optimize the significance. Thatimplies thatit is more appropriate to optimize on the
significanceEqu.A.36, ratherthanon the quality Equ. A.35.

Further if the significances usedfor cutoptimizationthenratio NZ, /N, (if applied
to MC sampleshasto have the samevalue of approximately0.005which is obsenedin
nature.
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Figure A.6: The dependencef the parameterVIDTH andLENGTH on SIZE and DIST. MC
gammadistribution is blue andrecordedff-datais red.

Thesignificanceasdefinedabove Equ.A.36 is not Gaussiandistrib uted andis there-
fore not appropriateto estimatethe probability . This is importantif onewould like to
claimadiscoverywith asmallsignificance An expressiorfor the significancewith Gaus-
siandistribution hasbeendefinedby [LiMa83] asalog-likelihoodratio.

S = \/i{len[Ho‘( Non >]+ (A.39)

a NOTL+Naff

1
N b)
Nogsin [(1 +a) <N0n JifJ{’off)] }

wherea = TTO% is theratio of theobsenationtimesof theoff-datasampleandtheon-data
sample.This form of calculatingthe significancehasbeenusedin this analysis
By experiencdt hasbeenfoundthatthe optimizationon the quantity

P=S-v/Non — Norr (A.40)

yieldsgoodresults,becausét forcesthe optimizationalgorithmto not only maximizethe
significancebut to alsokeepa reasonableaumberof excesseventsNg, = Nony — Norr.

The maximizationprocedurds nontrivial becausesachvariationof a cut changeghe
sampleand also becausehe datadistribution hasstatisticalfluctuations. The algorithm
hasto be ableto handletheseobstacles.The resultsof mostalgorithmsdepend on the
initial value andare not reproducible, only within a certainrangeanderror. Theresult
alsovariesslightly with small changesn the training datasample. This also pertainsto
dynamicalcutswhich aredescribedn thefollowing paragraph.

The optimization of dynamical cuts

Thevaluesof WIDTH, LENGTH, SIZE, DIST and CONC dependnhot only on the night

sky background (expressedn pedestaRMS values)but alsoon the energy (estimator
SIZE), the impact parameter (estimatorDIST) andthe zenith angle of the objectin the
sky (whichis known andmeasurediuringtherun).





