
Appendix A

The Analysis of shower images

In thefirst chapter, concerningtheoryanddetectors,I gaveashortoverview of y 1-raysfrom
their productionin the sourceup to their developmentasair showersandtheir detection
by Cherenkov telescopes.A muchhigherquantityof hadronicparticlesimpingeonto the
earth’s atmospherethan y -rays, which themselvesonly accountfor lessthan 0.1% of all
cosmicrays.Oneof themainchallengesof y -astronomyis thereforetheseparationof y ’s
from thehadronicbackground.A certain gamma/hadronseparationis alreadyappliedby
the telescopetrigger , which only respondsto signalsin a limited time window andtakes
advantageof thefact thatCherenkov photonsfrom hadronicshowersarrive with a larger
time spread andhave a lower light yield for the sameenergy ascomparedto y ’s. From
themomentthat they have beenrecordedandmeasuredin theform of Cherenkov images,
thekey issuebecomesto separategammashower eventsfrom hadronicshower eventsas
efficiently aspossible.

Thedatausedin thischapterareapartof thecompletedatasetof Mkn 421from Febru-
ary to May 2001andaccountfor approximately167 hours of observation time (from a
total of 250 hoursthat will be analyzedin the last chapter).It wasrecordedby the CT1
telescopeof theHEGRA collaborationon La Palmaon theRoquedelos Muchachos.The
datahasbeenpreprocessedby a filter andthe preproc-programwritten by Dirk Petryof
theMax PlanckInstitut für Physikin Munich. Thefilter checksthedatafor somesimple
errorsin mainly two ways:a) rejection of noisetriggeredevents by applyinga two next
neighborsoftware-triggerandb) checksfor correctpositioning of thetelescope.After the
filter cuts,the trigger rate in zenithposition is approximately2.6 Hz to 3 Hz. Then,the
preprocessingprogramwhich doesthe calibration is applied. It convertsthe signal into
photoelectronsfor eachpixel anddeterminestheir pedestalRMS valuesfrom calibration
runs. The next stepsaredoneby a softwarepackagewritten in C++/ROOT which con-
sistsof about50.000linesof codethatI developed.Thesoftwarereadsthecalibrateddata
outputandperformall thealgorithmsandanalysisproceduresdiscussedin this chapter.

For telescopeefficiency studies,flux calculationsandenergy calibrations,MonteCarlo
(MC) studiesareessential.The MC simulationof air showersplus their imagingon the
telescopehavebeendoneby DorothaSobczynskaof theUniversityof Lodz in Poland.

In the shower andtelescopesimulationby DorothaSobczynskathe simulationof the
night sky background(NSB) is not includedandmustbe performedseparatelyfor each
sourceanalyzed.Thereforethesimulation of the NSB is donewithin theprogrampackage
developedfor this work andwill bedescribedin thefollowing sections.

Thischapteris structuredin thefollowingway. After aquickdescriptionof thecalibra-
tion procedure of preproc,anoverview of theMonte-Carlo simulation is given.Thenext
sectiondealswith theclassicalimageparameters andvariousseparationmethods (for
instance, static cuts, dynamic cuts andamodified linear discriminant method (LDA))

1Note: Throughoutthis documenttheabbreviation ’ z ’ refersto ahigh energy photon(>1 GeV)

43



44 APPENDIX A. THE ANALYSISOF SHOWERIMAGES

which areusedto quantifythediscriminatingpower of a givenimageparameterset.New
imageparameters areintroducedandclassifiedby usingtheLDA . In thelastsectionthe
estimationof energy, pointing corrections2, unfolding of spectra,flux calculationsand
determinationof the integrated light flux (above1 TeV -> light curve)will bediscussed.

A.1 The calibration of the telescopedata

HereI wish to briefly discusshow theraw datafrom theCT1-telescopeis calibrated.The
calibrationis donevia a software’preproc’ which waswritten by Dirk Petryof the Max
PlanckInstitut für Physikin Munich andsignificantlymodifiedandimprovedby Martin
Kestel,alsoin Munich. It directly readstherecordedrawdataof thetelescope,which con-
sistsof pedestalruns, calibration runs andobservation runs. Thedatasimply consists
of theADC-valuesof eachpixel thatis recordedwhena triggeroccurs.

During pedestalrunsrandomtrigger imagesof the sky at the positionof a sourceare
taken. As the nameimplies, they are usedto determinethe pedestalposition (in ADC
counts),which meansthe zero line, and its RMS valueof the pedestalpeak. The RMS
valueis ameasureof thelight of thenight sky andis proportionalto thesquare-rootof the
PMT current.This will beexplainedin moredetail in thenext sectionconcerningMonte
Carlosimulation.

Thecalibrationrunsconsistof a train of LED light-pulsereventsof equalamplitude.
Fromthepositionof the signalpeak,its RMS andthepositionof thepedestal,the num-
ber of photoelectrons canbecalculatedusingtheso-calledexcessnoisefactor method
[Mir00, Sch01]. {}|#~��5������� � �&��� b� b � � b� (A.1)

where
�

and
�&�

arethesignalandpedestalpositionand� and � � arethestandarddeviations
of thesignalpeakandthepedestalpeak. By assumingthat

{�|Q~O�
is equalfor eachpixel

(so-calledflat-fielding)andby knowing theaverageexcessnoisefactorfor all PMTsin the
cameraa conversion factor for ADC-channels->PhEfor eachpixel is calculated.

The precisionof this methodis estimatedto be approximately10 % [MirCom]. The
conversionfactorsarecalculatedby evaluatingthecalibrationandpedestalruns.Oncethe
conversionfactorsareknown they areusedby the ’preproc’ programto determine the
number of PhE for eachpixel of all theeventsin anobservationrun.

A.2 Monte Carlo Simulation of air showers

TheMonteCarlo(MC) simulationof air showersandtheir imagingonthetelescopecamera
is a very importantpartof theanalysis,sinceit helpsto understandthedifferencebetween
gammashowersandhadronicshowers. Thesimulationof thetriggerof thetelescopeand
the imagingof the shower onto the focal planeareabsolutelymandatoryto calculatethe
cut and trigger efficiencies, whichultimatelydeterminetheeffectiveareasaftercutsand
theflux. Theenergy calibration of thedatais doneby usingMC data.This is doneby first
finding a goodestimationof theshower energy of MC gammashowersandthenapplying
this resultto realdata.This topicwill bediscussedlateron.

Theshowershave beensimulatedby a baseprogramfrom theMax PlanckInstitut in
Karlsruhe/Germany calledCORSICA which usesexperimentallydeterminedcrosssec-
tions and complex atmosphericmodelsto simulatethe extendedair showers by track-
ing eachparticle in the shower individually. As mentionedabove, the simulationof the
showersandespeciallythetelescopereflectorsimulationhavebeenperformedby Dorotha

2Theword ’mispointing’ is usedin thesensethat thecenterof thecameradoesnot coincideexactly with the
coordinatesof theobjectto which thetelescopeis pointingto. A ’pointing correction’correctsthedatafor slight
misalignments.
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Sobczynska.For theimagingontothecamera,theexactmirror andcamerageometryhave
beentaken into account,includingoptical imperfections.To obtaingoodagreementwith
therealmeasurement,the influenceof thenight sky background (NSB) andthe light of
starfieldsalsoneedto besimulated.This is explainedin thefollowing section.

A.2.1 Simulation of the night sky light

In betweento thenormaldatatakingruns(for theobservationof anastronomicalobject),
calibration runs andpedestalrun s arealso performed. The calibrationrunsare used
to determinethe conversion factor of ADC-channel/PhE.The pedestalruns consistof
imagesof thenightsky usingrandomtriggersto ensuretheexclusionof shower light. The
pedestalrunsareusedto measurethezero line of theADC (pedestal)andits RM S. The
pedestalRMS of eachpixel is calculatedby taking the varianceof the measuredsignal
in eachpixel. Both, the electronicnoiseandthe light of the night sky (NSB) including
starlight,contributeto theRMS. TheNSB accountsto approximately0.8-3PhEperpixel
(dependingonobservationconditions)within thetimewindow of theADC (approximately
30 ns).

To understandtheshapeof theresultingpedestaldistribution, which we want to sim-
ulate,it is necessaryto understandthecameraelectronicsin significantdetail. Thelight is
recordedby PMTswhichhaveaphotocathodewhichconvertsphotonsinto photoelectrons
with a certainQE. Thesignalseenat theoutputof thePMT is theamplifiedsignalof the
PhEshitting thefirst dynode.Thenumberof PhEwithin the time window of theADC is
Poissondistributed. Thefurtheramplificationhasfluctuationsdueto its statisticalnature.
The dominantcontribution comesfrom the first dynode. This additional noiseis called
excessnoise (F ). For PMTsit is definedas� b � ]�� ����� ���e����������������� � ��¡ �` � � � b �¢�e���������Q���£�¤� � ��¡ � (A.2)

The definition of F simply describesthe increaseof the noiseof an incomingsignalaf-
ter amplificationthroughthe dynodesystemof a PMT. More generally(for any type of
amplifier): � b � �e�¢��� � � b¥§¦�¨ª©�«­¬ ® � b¥§¦�¨ª©�« � � b¯�°¢±�a����� � � b² ©�«§¨ª©�« ¬ ® � b² ©�«§¨ª©O« � � b¯�° ± (A.3)

The noiseat the input andat the outputis understoodasnoisewithout the electronic
noiseof theamplifier � b � � b³´¯­µ´° � � b¯�° . In thesimulationthePoissondistrib uted signal of
thePhE,with mean¶ , hasto befolded with aGaussiandistrib ution (comingfrom excess
noiseandelectronicnoise).Theoutputsignalof thePMT (thegainhasbeennormalizedto
one)is then: ·¹¸ ��º*� �¼»½¦¹¾ �

�G¿ ¸ ¶ ¦�aÀ � ¿ÂÁÄÃwÅÇÆ�ÈÊÉÉ�Ë ÉÆ� ¦�Ì Í�Î (A.4)

with a varianceof � b¦ � � ® � b �j] ± � � b¯�° (A.5)� b� is thevarianceof thepedestalwhich is equalto theelectronicnoisecontribution � b� �� b¯E° . A consistency crosscheckof theoutputdistribution function

·¹¸ ��º*�
to thedefinitionof

theexcessnoisefactorcanbefoundin AppendixA.
The varianceof the electronicnoise � ¯�° in the caseof the CT1 cameraelectronicsis

estimatedto beequivalentto 0.5 PhE.Theexcessnoiseis typically approximately

� b �] d Ï .
A very importantpoint thathasto betakeninto accountis thattheoutputof thePMTs

is coupledto thetransimpedanceamplifiervia acapacitancesuchthatonly fastpulsesare
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FigureA.1: This plot shows thesimulationof thenight sky background.Heretheelectronicnoise
wassetto only 0.15PhEin orderto beableto seethesinglePhEpeak.

amplified.Only the fluctuations of theDC likeNSBareamplified.Thereforetheaverage
hasto besubtracted:

·�Ø�Ù#ÚÂÛ ��º*� � ·¹¸ ��º*� �5¶ (A.6)· Ø�ÙQÚÂÛ ��º��
is thefinal simulatednightsky background(NSB).Fig. A.1 showsasimulated

NSB with a total RMS of 0.6 PhE.Heretheelectronicnoisewassetto only 0.15PhEin
orderto beableto seethesinglePhEpeak.

Forsubsequentdataanalysisanelectronicnoiseof 0.5PhEwasusedwhichcorresponds
to theestimatedelectronicnoiseof theCT1cameraread-out.

In orderto treatthenight sky backgroundcorrectly, thepedestaldistributionsfor each
pixel aresimulatedon top of the MC shower imagesaccordingto the measuredpedestal
RMS of the recordeddatarun. Sincethe starfieldchangesfrom object to objectandthe
night sky backgrounddependsstronglyon the zenithangle,the night sky backgroundis
simulateddifferently for eachdataset.For the optimizationof cutsor the training of the
LDA it is very importantto divide therecordeddatainto zenithanglebinsandsimulatethe
NSB exactly with the samezenith angle distrib ution on top of theMC shower images
becausethe NSB dependson the zenithangle,which will be shown later. Within each
zenithbin angletheavailableeventsaredistributedin equalnumbersamongtherecorded
runs. Thenfor eachrun the pedestalinformation is taken andthe NSB is simulatedac-
cordingly. By thisprocedureit hasbeenensured thatthenightsky backgroundof theMC
showersresemblesasmuchaspossibletheNSBin therecordeddatawith the samezenith
angledistrib ution .

Finally, afterourgammadatasamplehasbeenpreparedto becomparableto therecorded
datasetandselectioncutshavebeenapplied,we areinterestedin determiningtheflux.

A.2.2 Trigger efficiencies,cut efficienciesand effective areas

Thefluxesseenby thetelescopehave to becalculatedout of themeasuredevent rate and
theefficienciesof thetelescope.In generalthediffer ential flux is definedasÜ �Ü � � Ü {Ü � Ü�Ý�ÜÇÞ (A.7)

Where

�
is theflux,

�
is theenergy,

Ý
is thearea,

{
is thenumberof particles( y ’s) andÞ

is thetime. Thetelescopeefficienciesaredefinedastheratio of thenumberof so-called
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excessevents

{��Qß�à ¯­á8á andtherealexistingnumberof events

{�â ¯­µ´° .ã « ² « � Ü { �#ßäà ¯­á­áÜ {�â ¯8µ´° (A.8)

Theexcessevents

{ �#ßäà ¯­á­á �å{ | µ
á­á � {�æ µ àEç arethemeasuredeventsby thetelescope
which passedthe y -selectioncut minus the backgroundevents. The efficienciesof the
telescopecanonly beobtainedby MC simulation sincewe do not have a testbeamwith
cosmic y ’s. Thus, the efficienciesaredefinedasthe ratio of the eventsthat passedthey -selectioncut

{ Û ¯�°è¯ à « ¯8é ���Sê8ë�ê � � andthetotal simulatedevents

{ Û ¥èìí© °èµ « ¯8é ���Sê8ë�ê � � .ã�î ² « µ´° ���Sêïë�ê � �
� Ü { Û ¯�°§¯ à « ¯­é ���Sêïë�ê � �Ü { Û ¥èìí© °èµ « ¯­é �¢�Sê8ë�ê � � (A.9)

Thenumberof eventsthatpassedtheselectioncut (selectionefficiencies)aredepen-
dent on the energy

�
, the zenith angle

ë
and the impact parameter � . The total ef-

ficiency and can be split into two parts, the trigger efficiency of the telescopetrigger
electronicsandthecutefficiency of theselectioncut (in thedataanalysis):ã¹î ² « µ´° ���Sêïë�ê � �

� ã¹î ³ ¥èðAð ¯E³ ���ñê8ë�ê � �aò ã
à ©�« �¢�Sê8ë�ê � � (A.10)

Thebestway to intr oduce theconceptof effective areas
Ý ¯­óäó ���Sêïë�ê � � is by calcu-

lating theexcesseventsout of theflux:Ü {��Qß�à ¯8á­áÜ � � ô Ü �Ü � ã¹î ² « µ´° ���Sê8ë�ê � � ÜÇÞ�Ü�Ý (A.11)� Ü �Ü � ½Eõ­öS÷ õ ö²Aø�á ô�ô ã î ² « µ´° �¢�Sê8ë ¥ ê � � Ü � Ü�ù� Ü �Ü � ½ õ ö ÷ õ­ö²Aø�á Ý ¯­óäó ���Sê8ë ¥ �
The integral over the time hasbeentransformedinto a sumover zenithanglebins

ë ¥
becausetheeffective areasdependon thezenithangleanda binningof therecordedtele-
scopedatainto zenithanglebins is unavoidable.Theintegrationover the impactareahas
beenseparatedinto anintegrationover theradius� (rotationalsymmetry)andtheazimuth
angle

ù
.

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

Ý ¯­óäó ��� ç êïë ° � � ôúô ã î ² « µ´° ��� ç ê8ë ° ê � � Ü�ù*Ü � (A.12)� Í�Î ô »� ã î ² « µ´° ��� ç êïë ° ê � � Ü �� Î
Ú
½ ¥è¾�û

{ Û ¯�°è¯ à « ¯­é ��� ç êïë ° ê � ¥ �{ Û ¥§ìí© °èµ « ¯­é �¢� ç ê8ë ° ê � ¥ � ® � b©ª¨
���­� � � b°è²ïü ���­� ± (A.13)

Theeffectiveareadependson theenergy andthezenith angle (seeFig. A.2). � ©ª¨ ���­�and� °è²8ü ���E� aretheupperandloweredgeof theimpactparameterbin
�
, respectively. A bin-

ning in impactparameter, energyandzenithangleisunavoidable. Asabove

{ Û ¯E°è¯ à « ¯­é ��� ç ê8ë ° ê � ¥ �is the numberof eventsin the accordingenergy/zenithangle/impactparameter-bin that
passedtheselectioncutand

{ Û ¥èìí© °èµ « ¯­é �¢� ç êïë ° ê � ¥ � is thenumberof eventsthathavebeen
simulatedoriginally for thesamebin.
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The effective areasarealsoslightly dependenton the shapeof the flux spectrumbe-
causeof thebinningin energy bins. In orderto avoid systematicerrors,eachMC event is
weightedwith ý �¢���

in sucha way that theweightedMC distribution forms thedesired
spectrum. The desiredspectrumshouldbe similar to the spectrumof the sourcethat is
measured.Thiscanbeachievedby aniterativeprocessfor which themeasuredspectrumis
placedbackinto theeffective areacalculation.Thesystematicerrorhereis reducedwhen
takingsmallenergy bins.Theweightsarenormalizedto one.

Theeffective area is theconversionfactorfrom theexcessevent rate to gammaray
flux which is calculatedin thefollowing way:

Ü �Ü � � é
Úeþ
Ãïÿ������é �� õ ö ÷ õ ö²ïø�á Ý ¯8ó�ó ���ñê8ë ¥ � (A.14)

Theerrorson the fluxesarecalculatedvia Gaussianerror propagationfrom errorson
{ ¯ ß�à ¯­á8á and

Ý ¯­óäó . Theerrorson theeffective areasarestatisticalPoissonianfluctuations
from

{ ¥á­¯�°è¯ à « ¯­é andfrom

{ Û ¥èìí© °èµ « ¯8é ���Sê8ë�ê � ¥ � andthey addup quadratically:

� b� ����� � Î Ú
½ ¥è¾Qû

�
	 { á­¯�°è¯ à « ¯­é ���Sêïë�ê � ¥ �{ Û ¥èìí© °èµ « ¯­é ���Sê8ë�ê � ¥ � ® � b©
¨
���E� � � b°è²8ü ���E� ±�� b (A.15)

A.3 Gamma/hadron separationmethods

For this analysisI usedan approachwhich first describesthe shower imageby usingso-
called imageparameters. Thedistributionsof the imageparametersfor y ’s andhadrons
exhibit somedifferences.A cut methodwhich usesthesedifferencesseparatesthe two
eventtypesusingimageparameterswasdeveloped.Anotherapproach,whichhasnotbeen
usedin this thesis,is to directly apply a maximum-lik elihood fit to the shower images
themselves[CAT89]. Thisapproachdependson how well it is possibleto modeltheshape
of gammashowersandhadronicshowerswhich needto beusedastemplatesfor thefit.

In this sectionI wish to introduceasa first steptheclassicalimageparameters,called
’Hillas parameters’ which arenamedafterA. Hillas who inventedthemin 1985[Hil85].
Afterwards,simplestaticcutsanda lineardiscriminantanalysis(LDA) will bedescribed.
EventuallytheLDA will beusedmainly asa tool to quantify thediscriminationpower of
differentimageparametersetsasit increasesin discriminationpowerof agivenparameter
set,comparedto thestaticcuts.

A.3.1 The classicalHillas parametersto describeshower images

As shown in chapter1, concerningtheory and detectors,the main differencesbetween
gammaphoton initiated showersandhadron initiated showers lie in their geometrical
structureand,to a lesserextendin their time structure(which is not discussedin this the-
sis).Dueto thelongerinteractionlengthof thehadronicinteraction,thehadronic showers
show more fluctuations in their imagethando theelectromagneticshowers. In addition,
hadronicshowershave a wider lateral distrib ution . Therefore,A. Hillas thereforepro-
posedto calculatethe geometricalvariancesof the shower imagewhich aredifferentfor
hadronicandgammashowers.He introducedthefirst andsecondmomentsof theshower
image.In thefollowing, I describeaform with generalizedweights 
 ¥ whichwill beused
later on (where

º ¥ and � ¥ are the coordinatesof pixel
�
). In caseof the classicalHillas

parameters,the weight 
 ¥ is the charge collectedby pixel
�

in photoelectrons
 ¥ ��� ¥ .
Fig. A.3 illustratesthegeometricmeaningof theimageparameters.

Thefirst momentsare
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FigureA.2: The upperplot shows the total simulated MC event distrib ution (blue histogram)
andtheeventsthat passedthe selectioncut (redcurve), integratedover all impactparameters.
Thelowerplot showstheeffectiveareasfor theselectioncutsdevelopedin thisthesisusingapower-
law spectrumwith spectralindex ��������� � . Thethreecurvesrepresenttheeffective areasfor thr ee
zenithangles:12� (blue), 32� (green)and50� (red).
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FigureA.3: An illustrationof thegeometricmeaningof theimageparameters.
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 ¥� Ú¥è¾�û 
 ¥ (A.16)� � � � � Ú¥§¾Qû � ¥ 
 ¥� Ú¥§¾Qû 
 ¥
andthesecondmoments �� �!�"$# %'&(*),+  !(.- (% &(/),+ - (

(A.17)
��0 ! " # %'&(*),+ 0 !( - (% &(*),+ - (
�  0 � # %'&(*),+  ( 0 ( - (% &(*)1+ - (

Thevariancescanbecalculatedin theclassicalway:2
35476  !�8 # �  !9";: �  � !
(A.18)2
354
6 0 ! 8 # � 0 ! " : � 0 � !<>=?2
354
6  0@8 # �  0 � : �  � � 0 �

Thevariancescanbeput togetherto form theso-calledcovariancematrixA #CB 2
354
6  ! 8 <D=?2535476  078<>=?2
354
6  0@8 2535476  ! 8FE
(A.19)

Thecovariancematrix canbeusedto describea two dimensionalGaussiandistrib ution
function G 6  H 0@8 # IJ 6�KML 8 !ON7PDQ ASRUTWVX?YUZ\[ V Y (A.20)] A T + ]_^ I :a` !.bc# d ! +2
354
6  ! 8 : K ` d + d !J 2
354
6  ! 8 2
3U476 0 ! 8fe

d !!2535476 0 ! 8
with thecorrelation coefficient
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35476  ! 8 2
35476 0 ! 8 (A.21)

and
d + #  : �  �

(A.22)

d ! # 0g: � 0 �
Thetwo dimensionalGaussiandistribution is rotated in thecameracoordinatesystemby
ananglegivenby

Q�hMi K9j # K <>=?2
3U476  0@82535476  ! 8k: 2
354
6 0 ! 8 (A.23)

By diagonalizing the matrix
A

, oneobtainsthe longitudinal(LENGTH) andthe lateral
(WIDTH) variancesof theshower image.By introducingthehelpervariablesl # 2535476 0 ! 8m: 2
35476  n! 8 (A.24)o # J l ! eqp <>=?2
354 ! 6  078d # I e lo2 # K : d- # �  � ! � 0 !�" : K �  � � 0 � �  0 � e � 0 � ! �� �!�"
WIDTH andLENGTH canbedefinedcanbedefinedas:rts5uwvyx # z 2
3U476  ! 8 e 2
35476 0 ! 8k: oK (A.25){�|~} G vyx # z 2
3U476  ! 8 e 2
35476 0 ! 8 e oK (A.26)

Additionaluseful imageparameters include:u�s
�mv # � �  � ! e � 0 � !
(A.27)��� rts5uwvyx # � -u�s
�mv (A.28)Ats
��� # � � �g� d �  � ! e 2 � 0 � !D� : K9<>=?2535476  0@8 �  � � 0 �o� {���x � # h9���.���/i Ats5���u�s
�mv (A.29)����� # l e J l ! e�p <>=?2535476  0@8 !KM<>=?2
35476  0@8����� # �  �� 0 ���4 # � ��� � ��� (A.30)�ks G } # ���  ��¡ I£¢�¤ 6¥�n4§¦ � 87¨ 6©� ��� ¦ª� ���¬« 8: IO¢¬¤ 6¥��4­¦ � 87¨ 6®�����­¯°����� 8IO¢¬¤ 6±��4­¯ � 87¨ 6®�����­² +³µ´©¶ 8: IO¢¬¤ 6¥��4­¯ � 87¨ 6®� ���­· +³ ´�¶ 8 (A.31)
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FigureA.4: The CT1 camerawith a simulatedgammashower with its Hillas ellipseafter image
cleaning. ¾k¿
ÀyÁ Â ÃÄ Å/Æ,Ç,È Å

(A.32)É�Ê�ËÌÉ Â È Ç�ÍMÎ È.Ï Í¾�¿
ÀyÁ
(A.33)

whereDIST (Equ.A.27) is thedistancefrom thecameracenterto thecenterof gravity of
the shower in degreesandit dependson the energy, the impactparameterandthe zenith
angleof the Ð (seesection1.4.1andFig. A.3).

AZWIDTH (Equ.A.28) hasnot beenusedin this thesisbecauseit doesnot improve
thediscriminationpoweranymore.

ALPHA (Equ.A.29) is themostimportantcutparameterfor pointsources.It is defined
as the clockwiseangle from the longitudinal axis of the shower to the connectionline
betweenthecenterof thecameraandtheshower centerof gravity. Sincethecenterof the
cameraof the telescopeusuallypointstowardsthe point sourceitself, the shower axis of
gammashowerspoints toward the center. Conversely, hadronicshowersarrive from all
directionsandthedistribution is flat for all anglesfor aninfinitely largecamera(for afinite
sizecameratheALPHA distribution is no longeruniform). Equ.A.29,shown above,gives
valuesbetween0Ñ and90Ñ . ALPHA definesananglebetween0Ñ and180Ñ or equivalently,
from-90Ñ to +90Ñ . Forsomecalculationsthesignof ALPHA isneeded. It canbeobtained
from Equ.A.31.

Anothervery basicparameteris SIZE (Equ. A.32). This is simply the total charge
collectedin units of photoelectrons(PhE).It is the main estimator for the energy, but
dependsalsostronglyon thezenithangleof thesourceandtheimpactparameter.

CONC (Equ.A.33) is theratio of thesumof thetwo highestpixel chargesto thetotal
charge. Gammashowershave a smallerlateralandlongitudinalelectrondistribution and
peakmorein thecenterof theimage,in contrastto hadronicshowers.

Therefore,CONC is bigger and WIDTH and LENGTH are smaller for gamma
showers than for hadronicshowers (seeFig. A.5). Sincethe cameraof CT1 hasrather
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FigureA.5: The distributionsof the four mostimportantimageparameters:WIDTH, LENGTH,
ALPHA andDISTANCE . MC gammasareblueandrecordedoff-datais red.

largepixels(0.25Ò diameter),CONCis notverysmoothlydefinedandshowsaratherlarge
spread.Thefollowing two figuresshow a) a typical gammashower image with applied
tail cut (seesectionaboutimagecleaning)in theCT1 camera(Fig. A.4) andb) thedistri-
butions of the four most important imageparameters(Fig. A.5). The secondhumpin
theDIST distribution resultsfrom shower imagesthatwherelarger thantheradiusof the
cameraandwerethereforecut at thecameraborder(seeleakageparameter).A selection
cutof SIZE> 100photoelectrons(PhE)hasbeenapplied.

ExpressionA.20 canbeusedto definea so-calledcovariance ellipse, a line of equal
probability, of 1 sigma(definedby WIDTH, LENGTH, DIST andALPHA), aroundthe
centerof weight. It is theso-calledHillas ellipse. It is a descriptionof theshower image
(seeFig. A.4).

Thedefinitionof theimagevariancesgivenaboveassumesthatthereis no noiseback-
groundin the image. Unfortunately, this is never the casebecausewe have NSB aswe
know. In Equ.A.17 it canbeseenthat thedistanceof thepixelsentersasa squarein the
sumand,consequently, thecalculationof thevariancesof theshower imagegivesentirely
incorrectvalues.Therefore,animagecleaning(sometimescalleda tail-cut),becomesnec-
essaryto remove,at leastin part,theeffectof theNSB.

A.3.2 Imagecleaningalgorithms to remove the night sky background
in the camera

The imagecleaning(or tail cut) removes thenight sky background(NSB) in thecamera.
Without this it would not bepossibleto calculatetheimagevariances,asexplainedabove.
Traditionallya dynamicalimagecleaninghasbeenused[Pet97]. TheRMS valuesof the
pixelsaremeasuredin independentpedestalrunsandthesignalof thepixelsarecompared
to their RMS valuesin order to decideif the pixels shouldbe includedin the parameter
calculationor not.

In this analysisthr ee differ ent algorithms have beentested. In all threecleaning
methodstwo cleaningparameterswere introduced: The ’ image core limit ’ Ó � and the
’ imageborder limit ’ ÓnÔ .
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The ’classical’ cleaningmethod

1. All pixels that have a signal larger than Ó � (imagecore limit) times the Pedestal
RMSareretained.

2. All pixels thathave a signal larger then Ó�Ô (imageborderlimit) timesthePedestal
RMSareretainedif they havea neighbourwith morethan Ó � sigma.

3. Singlepixelsareremoved if thesignalis smaller than5 timesthePedestalRMS.

The ’island’ cleaningmethod

First, the ’classic’ cleaningalgorithmis applied.Afterwards,the imageis beinganalyzed
for islands (islandsareisolatedclustersof pixelswhich remainaftera classicalcleaning.
Themeaningof ’island’ is illustratedin Fig. A.24.). Only the largest island(in termsof
charge;this is themainshower image)is retained, all theothersareremoved.Theisland
findingalgorithmis explainedin detail in thesectionconcerningmountainsandislands.

The ’mountain’ cleaningmethod

Themethodis basedonthequantification of fluctuations in theshower image,whichare
differentfor hadronicshowersandelectromagneticshowers.

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 the image. This will be describedin detail
in sectionA.4 wherenew imageparametersareintroduced.In a recursive procedurethe
imageis divided into mountains.(Theanalogyof mountainsor valleys is with respectto
their signalcontent). The cut lines are the valleys betweenthe mountains.The charge
in eachcluster(mountain)is summedup andthe largestmountain is retained while the
othersarecleanedaway.

Later, thesethreealgorithmswill be comparedwith eachother, with respectto their
capabilityof deliveringthebestimageparameters.

General comments

Dynamical3 imagecleaningprocedureshave theadvantageof retaining asmuch aspos-
sible of the imagein order to have the largest amountof informationaboutthe shower
available.Onthecontrary, ’dynamical’cleaningproceduresalsohavesomedisadvantages
comparedto fixed level imagecleaningmethods.Whenthe tail-cut becomesdependent
on thepedestalRMS, which is actuallya measureof theNSB andthestarlight,thenasa
consequence,thevaluesfor WIDTH andLENGTH also becomedependenton theNSB.
In otherwords,WIDTH andLENGTH will changeatdifferentnightsky andweathercon-
ditionsanddependenciesthathavenotbeentherebeforeareartificially introducedinto the
analysis.

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

Having introducedtheparametersthatdescribetheshowerimagewenow wishto usethem
for hadronicbackgroundsuppression. In thefollowing sectiontheimageparametershave
beencalculatedin theclassicalway with weights

- ( #'Õ (
.

3Theexpression’dynamical’is understoodin thesensethat thecleaninglevel is chosenasa functionof the
NSB (pedestalRMS).
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Static cutsand the optimization of cut intervals

The simplestmethodfor gamma/hadronseparationconsistsof a static cut on the image
parametervalues.Thesecutsarecommonlycalledsupercuts (Wipple collaboration,Ref.
[Rey93]). Thefollowing valueshave beenobtainedby following theproceduredescribed
below andusinga datasetof Mkn 421(flaresFeb8/9,2001):Ö� � � � Ò ² rts5uwvyx ² � � I9I Ò (A.34)

� � I Ò ² {×|g} G vyx ² � � p K Ò� Ò ² � {���x � ² I K Ò� � Ø I Ò ²�Ù�Ú } ÙÛ² � �¥Ü Ò� �Ý� Ò ² u�s
�mv ² I � � Ò
Thecut on ALPHA is ageometricalcutandonly worksfor point sources. Thelower

cut on DIST is appliedbecauseimageswith too small impactparametersyield showers
that are too roundand too closeto the centerof the camera(baddefinition of ALPHA)
which makesa discriminationimpossible.Theupperlimit is usedto removeshowersthat
areexcessively affectedby a limited camerasizeandthataretruncatedat theborder.

Thecut efficienciesfor Þ ’s: ßMà # } àágâ } àã©ä�ã andhadrons:ßMå # } åáæâ } åã©ä�ã describe
thepercentageof eventsthathave beenselectedafterapplicationof thecutson simulated
MC events.

} åã©ä¬ã and
} àã©ä¬ã are the numberof all triggered Þ -eventsandhadron-events.

They have beensimulatedwith a certainspectralindex (power law, spectralindex ç =1.5)
. Thequantity ß à shouldbeaslargeaspossible,usuallyat least50 %, and ß å shouldbe
assmallaspossible.Usually it is 0.5 % (Backgroundreductionfactor200). Thequality
factor is definedby è # ßMà� ß å (A.35)

It is a measureof how well the backgroundhasbeensuppressedby keepingenough
signalevents.Typical valuesfor thestaticcutareaboutseven.

Thealgorithmfor cut interval optimization changestheintervalsin smallsystematic
stepsin order to maximizeeither the quality factoror the significance (appliedto pure
MC-samples).Thesignificanceis thesignalto noiseratio:� # } äêé : } äêë?ëJ } ä�é e } äêë?ë (A.36)

# } àá� } àá e K } åá
where

} äêé # } àá e } åá and
} äêë?ë # } åá for MonteCarlosamples.

�
convergesto��ì è � } àã©ä�ã (A.37)

for } àáîí } åá (A.38)

Unfortunately, thequantity
} àá is usuallyratherof thesameorderas

} åá whichmeans
Equ.A.38 is not fulfilled andasa consequence,the optimizationof the quality will not
optimize the significance.That implies that it is more appropriate to optimize on the
significanceEqu.A.36, ratherthanon thequality Equ.A.35.

Further, if thesignificanceis usedfor cutoptimizationthenratio
} àã©ä�ã â } åã©ä¬ã (if applied

to MC samples)hasto have thesamevalue of approximately0.005which is observedin
nature.
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FigureA.6: The dependenceof the parametersWIDTH andLENGTH on SIZE andDIST. MC
gammadistribution is blueandrecordedoff-datais red.

ThesignificanceasdefinedaboveEqu.A.36 is not Gaussiandistrib uted andis there-
fore not appropriateto estimatethe probability . This is importantif onewould like to
claim a discoverywith a smallsignificance.An expressionfor thesignificancewith Gaus-
siandistributionhasbeendefinedby [LiMa83] asa log-likelihoodratio.� # � Kðï } ä�é�ñ ióò I e çç

B } äêé} ä�é9ô &1õ�ö�ö Eµ÷ e (A.39)} ä�ë?ëmñ ióò 6 I e ç 8 B } ä�ë?ë} ä�é e } ä�ëøë Eµ÷mù VX
whereç #ûú?ü
ýú�ü5þ
þ

is theratioof theobservationtimesof theoff-datasampleandtheon-data
sample.This form of calculatingthesignificancehasbeenusedin this analysis.

By experienceit hasbeenfoundthattheoptimizationon thequantity� # �aÿ J }�� & : }������
(A.40)

yieldsgoodresults,becauseit forcestheoptimizationalgorithmto not only maximizethe
significancebut to alsokeepareasonablenumberof excessevents

}�� � # }�� & : }������ .
Themaximizationprocedureis nontrivial becauseeachvariationof a cut changesthe

sampleandalsobecausethe datadistribution hasstatisticalfluctuations. The algorithm
hasto be able to handletheseobstacles.The resultsof mostalgorithmsdependon the
initial value andarenot reproducible, only within a certainrangeanderror. The result
alsovariesslightly with small changesin the training datasample.This alsopertainsto
dynamicalcutswhich aredescribedin thefollowing paragraph.

The optimization of dynamical cuts

Thevaluesof WIDTH, LENGTH, SIZE, DIST andCONCdependnot only on thenight
sky background (expressedin pedestalRMS values)but alsoon the energy (estimator
SIZE), the impact parameter (estimatorDIST) andthezenith angle of theobjectin the
sky (which is known andmeasuredduringtherun).




