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FigureA.7: This figure illustratesthe imagingof a shower onto the telescopecamera.It clarifies
how a changingshower core position (changingenergy andzenith angle)anda changingimpact
parametereffectstheshapeof theimage.
It shouldbe notedthat Cherenkov light is not isotropy emittedbut rather is only in the forward
directionin light coneswhoseopeninganglechangeswith thedensityof theair andthevelocity of
theparticle.

The height of the shower maximumfrom the grounddependson the energy of the
primaryparticle.Thelargertheenergy, thedeepertheshower developsin theatmosphere
(seechapter1, concerningtheoryanddetectors).This changestheview of theshowerand
theimageseemsbigger andwith a largerDIST, asillustratedin Fig. A.7.

A variation in the zenith angle hasa similar effect. If this anglechanges,the dis-
tance of theshower maximumto thetelescopealsochanges.Tor larger zenithanglesthe
maximummovesaway from thetelescopeandtheimageseemsgenerallysmaller(smaller
SIZE,WIDTH andLENGTH).

Similarly, a differentimpact parameter for theshower changestheellipticity of the
image.

Fig. A.6 shows the dependenceof WIDTH andLENGTH on SIZE andDIST. It can
beseenthat for higher energies,gammasandprotonsarebetter separated,dueto more
availablepixel information.In thefigureaselectioncutof SIZE> 100PhEandazenithan-
gle< 30Ò hasbeenapplied.

To take into account the dependencejust mentioned,the static cut intervals of
Equ.A.34 needto be replaced by variableones. This meansthat the cut intervals be-
comefunctions of SIZE, DISTANCE andthe zenithangle. This hasbeenexaminedby
Daniel Kranich in his PhD thesis[Kra01]. Thedependenceof WIDTH andLENGTH to
theNSBcanbecorrected,ashasshown Martin Kestel[Kes01].

Now let us assumethat the cuts(staticor dynamic)have beenoptimizedandthatwe
wish to apply themon a real datasetin order to extract the signal that we are interested
in. It is clear that a puresignaldatasetcannever be achieved. The backgroundcanbe
suppressedto somedegreebut therewill alwaysbesomebackgroundremainingtogether
with thesignalevents.Apart from thefact thatmany hadronicshowerslook very similar
to Þ -showers just for statisticalreasons,thereexists also a certainfraction of hadronic
showersthat producealreadyat the first interactiona large fraction of energetic L	� such
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that theseshowersdevelop almostaspureelectromagneticshowers. Theseshowersare
indistinguishablefrom thesignal.

Optimization of cuts using real recordeddata insteadof Monte Carlo samples

It is possibleto optimizecutvaluesby only usingrecordeddataandwithout touchingMC
data.Theessentialpoint is to know thebackgroundin thedataset,eitherby OFF-dataor
by someotherkind of backgroundestimation.

Theproceduregoesasfollows:Onecanmakea goodguessfor theinitial valuesof the
cut intervals,applyit to asetof realON-dataandestimateits backgroundcontentaftercut.
Now thecut intervalscanbeoptimizedby maximizing the significance.

Thentheoptimizedcutscanbeusedonorthogonaldatasetsfor analysis.Thistechnique
hasbeenusedby DanielKranich[Kra01].

A.3.4 Background determination by using the ALPHA-plot

Earlier it wasmentionedthat it is never possibleto obtaina pure Þ -eventssamplefrom
a recordeddatasetbecauseit will alwaysbe contaminated with hadronicbackground.
For the calculationof the signalamplitudeand its significancethe backgroundneedsto
be subtractedfrom the contaminateddataset.Therfore,a preciseinformationaboutthe
backgroundis needed.Therearebasicallytwo possibilities:

1. Two separatetelescoperuns aretaken,onewith thetelescopepointingto a source
(ON-data run ) andthe otheronewith the telescopepointing a few degreesaway
from thesource(OFF-data run ). After theselectioncutareappliedto bothruns,the
backgroundcanbedeterminedpreciselyfrom theOFFdatarunandcanbesubtracted
from the ON datarun. Using Equ. A.39 the significanceof the detectioncan be
calculated.

2. For point sourcestudies,the ALPHA plot canbe usedfor this purposesince(see
Fig. A.8) the Þ eventsaccumulatein the region up to about12Ò , owing that the
imagespoint towardsthecenterof thecamera.By interpolating the shapeof the
background (which shouldbe asflat aspossible)thebackgroundin the region up
to 12Ò canbeestimated.

Thelattermethodworksquitewell andwasoriginally workedby G. Hermannin Hei-
delberg andhasbeensuccessfullyappliedby Daniel Kranich [Kra01] in his thesis. The
backgroundestimationis achievedby fitting a simple polynomial to thedistribution. The
requiredconditionsfor the polynomialis that it hasa horizontal tangent at 0Ò (because
of the symmetryof the signedALPHA distribution to the y-axis). While Daniel Kranich
[Kra01] useda polynomialof secondorder, in this analysisa polynomialof order K � � is
appliedbecausebackgroundshapestudieshaveshown thatthisis thefunctionthatprovides
thebestfit to thebackgrounddistribution.

¤ 6 � {×��x � 8 # 3 e 
�� � {×��x � � ! 
 ��� � {���x � ¦ � (A.41)

Assumingthatthesignaldistribution of ALPHA is to first orderapproximatedby a Gaus-
sian distrib ution , it canbeusedto estimatethesignalevents[Kra01]:

� 6 � {×��x � 8 # }�� ( � é ���� K�L�� R T���������� XX! X (A.42)

Thecombination of both " 6 ç 8 # ¤ 6 ç 8 e � 6 ç 8 has4 freeparametersandgivesaverygood
measureof theexcesseventsby estimatingthebackgroundfrom theALPHA distribution
in theregion [20Ò , 70Ò ] (seeFig.A.8).
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FigureA.8: Thisplot shows thedataof apartof thedatasetof Mkn 421duringits flareperiodfrom
Februaryto May 2001(redline). Thesimplestaticcutsof Equ.A.34 havebeenapplied.Background
andexcesseventsareestimatedby fitting a combinationof a Gaussiandistribution (greenline) and
a polynomial(black line). For comparison,theblue line shows anoff datadatasetwhich hasmuch
lower statistics.We will seethatthelineardiscriminantmethodandnew imageparametersimprove
theseparationsignificantly. Thenew methodfindsalmosta factor3 moreexcess-eventsandit also
doublesthesignificance.Theexpression’significanceof thefit’ denotestheratioof excesseventsand
its error, bothof themobtainedby thefit. Theexpression’significance(Li/Ma)’ is thesignificance
thathasbeencalculatedby usingEqu.A.39 (with ,.-0/ ).
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This procedureworkswell if theALPHA backgrounddistribution is quite flat , which
unfortunatelyis notnecessarilythecasesincethelimited diameterof thecameratruncates
eventsthat arelarge or have sizableimpactparameters.Eventsthat aretruncatedby the
cameraborderarereconstructedincorr ectly with anALPHA closeto 90Ò . Consequently,
for this methodto work properly, the distribution must be forced to becomeas flat as
possible.Thiscanbeaccomplished, for example,by excludingeventswith a largeDIST.

A.3.5 The linear discriminant analysis as a dynamical cut and as a
tool to quantify the discrimination power of imageparameters

The linear discriminant analysis (LDA ) is usedto find optimizedandunbiasedlinear
combinationsof variablesin orderto separateclassesof events[Fab97]. Themethodwas
inventedby Fisher[Fis37]. In this case,the classesare signal and backgroundevents.
It dealsnaturallywith dependenciesbetweenvariablesandis not useful if they areNOT
dependentoneachother. In thiscase,normalcutsgivebetterresults.In thissectionI show
how acombinationof staticcutsandtheLDA achievesagoodseparation.

As practicalsideinformation,anestimator, calleddiscriminating power, of how well
two samplescanbeseparated,is obtained.Thelineardiscriminantmethodis nothingmore
thana simplelinear neuralnetwith only oneneuron, a so-calledperceptronwith linear
output , trainedby an analyticalmethod(linear leastsquaresmethod),ratherthandoing
stepwiseoptimization.

Themainadvantageof theLDA, comparedtoaneuralnetandto othercut-optimization
methodsaswell, is thatit is analytically optimized while all othermethodsneedan iter-
ative maximizationprocedurewhoseresultdependson initial valuesandwhich areoften
not reproducible.

It is exactly this reproducibilitythat is neededwhenseekinganestimator thatquanti-
fieshow goodagivenparametersetis ableto separatetwo classesof events.

Description of the method

The methodfinds discriminant factors which are linear combinations of the input pa-
rameters.For thecaseof two classes,thereis only onediscriminantfactorwhich is called
discriminant variable andwhich is the optimum linear combinationfor the separation
betweenthe two classes.The methodis first describedfor the caseof q classesandthen
simplifiedto two classes.

Eachclasshas
} (

events.Thetotalnumberof eventsis:} ã©ä�ã # 1 ( } ( (A.43)

Let 2
( 643 8 # ^  ( + 653 8 H£�/�*�.H  (6 643 8�b be a vectorof � input parameterswhich representsthe
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andfor all eventsof all classescombined wehave:|>=  7@? # | 7 # I} ã©ä�ã A1 (*),+ & <1é )1+
 (
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The overall covariance matrix elementbetweenthe variables

 
B and

 
� for all classes

combinedis givenbyv B ��C'<>=?25354 =  B H  � ? # |D= 6  B : |D=  B ? 8 E 6  � : |>=  � ? 8 ? (A.46)

Thecovariancematrixcanbesplit into twoparts, the’within’ matrix F andthe’between’
matrix G v B � # r B � e H B � (A.47)

whereas r B � # I} A1 (*),+ & <1é )1+ ^
 (
B 643 8m: |98  ( B : b E ^  (� 643 8m: |98  (� : b (A.48)
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F describesthe variancesof one parameterwithin the group whereas
H

describesthe
differencesbetweengroups. Let us now introducethe linear combinationof the input
parameters

d 643 8 # A17
),+ 0 7  7 643 8 # I ú 2 643 8 (A.50)

where I
ú

is the transposedmatrix of I and I is the equivalentof weight vectors in the
caseof neuralnets.Thevarianceof

d 653 8 is givenby2
35476 d 8 # I} ã©ä¬ã A1 (/),+ & <1é ),+ ^ d
( 643 81: | 8 d ( : b (A.51)
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The first term in the last line is equivalent to the variancewithin the classeswhile the
secondterm describesthe differencesbetween the classes.To optimize the discrimina-
tion, the first term mustbe minimized while the secondonemustbe maximized. The
discriminatingpower is definedas ¤ 6 d 8 C I ú G II

ú
J I (A.54)

andtheoptimization is doneby deriving

¤ 6 d 8 andsettingit equalto zero:K
¤ 6 d 8K 6 0 7 8

#'�
This leadsto theexpression J T + G I # ¤ 6 d 8 I (A.55)

which meansthat

¤ 6 d 8 is maximalif it is aneigenvalue of
J T + G andthat I (theweight

vector)is thecorrespondingeigenvector.
Now in ourcaseof two classes: Wehavegammaeventsandhadronicevents.They will

bedenotedwith indicesG andH, respectively. Theexpectationvaluesof thetwo classes
for eachparametercanbeexpressedasa vector:L

# ^ | (+ HD�/�*�/H | 6 b ú (A.56)

Thematrixbecomes G
#
M
ú
M (A.57)
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ALPHA WIDTH LENGTH CONC DIST log SIZE

�
N
�
O

RMS

ALPHA 100 -0.5 -0.1 1.0 0.4 -0.5 -0.3 -0.1
WIDTH 100 42.6 -59.6 -5.9 36.5 15.4 -7.6

LENGTH 100 -70.0 -21.1 35.7 10.3 -3.8
CONC 100 22.0 -47.7 -14.7 5.8
DIST 100 -7.5 0.3 0.5

log SIZE 100 5.6 -1.6

�
N
�
O

100 -20.0
RMS 100

TableA.1: The tableshows the correlationin percentfor the most importantimageparameters.
WIDTH, CONCandLENGTH arestronglycorrelated.SIZE andCONC alsoshow a dependence.
Interestingis thecorrelationbetweenzenithangleandNSB(pedestalRMS).ALPHA isnotcorrelated
with any of theimageparameters.

with M
# � } à } å} ã©ä¬ã ^ L à : L å b (A.58)

Now the solution to the maximizationproblem(Equ. A.55) for our weights I getsthe
simpleform I

#
J T + M (A.59)

Thediscrimination power is a very usefulquantityaswe will seelater. It canbeusedto
quantifyhow well thedatasetshavebeendiscriminated.It showshow well theparameter-
setis ableto discriminatebetweenthe two classes.Its valuerangesfrom ’zero’ to ’one’.
’One’ meansperfectseparationand’zero’ meansno separation.u # ¤ 6 d 8 # M ú I � uQPR=

� H I ? (A.60)

Equ.A.50canbeusedto calculatethecenter(offsetof origin)betweenthetwo distributions

d ( 653 8 for gammasand hadrons(i=G,H) by taking the average of the two expectation
vectors:

d
�
# IK I ú ^ L à e L å b (A.61)

Finally, theoutput of the LDA (similarly to theoutputof aneuralnet)takestheform{×u � äTSøã 653 8 # d 643 8m: d � # I ú 2 643 8 (A.62)

Beforeapplyingthemethod,theimageparameters thatenterasinputsto themethodmust
bechosen.

Application of the LDA to Monte Carlo Data samples

As a first stepit mustbestatedthat theseparationis best if thenumberof eventsin both
samplesareequal. If this is not thecase,thedatasetshave to benormalized to thesame
numberof events.

As explainedabove, the LDA is expectedto achieve an impr ovement in separation
only in thecaseof correlated variables.It uncorrelatesdependencies.All parametersthat
arenot correlatedshouldbetreatedby astatic cut . Tab. A.1 showsthecorrelationmatrix
for a realdatasample(mainlyhadronicevents).

Thecorrelationmatrix for MC gammaeventslookssimilarbut is notexactly thesame.
The tableshows that ALPHA hasabsolutelyno correlation to the otherparametersat
all. It is usedseparatelyto estimate the background.It is interestingto seethat thereis
significant correlation betweenthenightsky background(pedestalRMS ) andthezenith
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FigureA.9: Distributionsof the four parametersSIZE, DIST, PedestalRMS andthezenithangle,
for gammaevents(blue)andhadronicevents(red)afternormalization.TheSIZE distribution shape
for hadronsandgammasis quitedifferentbecauseof a)adifferentspectralindex of the Y -MC andthe
OFF-dataandbecauseof b) differenteffective areasfor hadronsand Y ’s. ThepedestalRMS (NSB)
distribution is almostthesamebecausetheNSB hasbeensimulatedto the Y -MC in a way that it is
equalto theOFF-dataset.

angle. ThecorrelationbetweenSIZE andtheotherthreeparameters:WIDTH, LENGTH
andCONC is logical. TheparameterCONC hassucha high degreeof correlationthat it
is essentiallyrepresentedby WIDTH andLENGTH .

Theimageparameterscanbedividedinto two groups:

1. cut parameters for backgroundsuppressionand

2. non-cut parameters e.g.estimators.

The distributions of the non-cut parameters as SIZE , DIST , pedestalRMS and the
zenith anglehaveto beequal for both,gammaeventsandhadronicevents,becausewedo
not wishto cutonthem.Still they areincludedin theLDA inputparametersto correct for
dependenciesof thecutparameterson them(similar to dynamiccuts).

To make thedistributionsof thenon-cutparametersequal

1. the night sky backgroundis simulatedin the MC gammasamplein a mannersuch
that it hasthe samedistrib ution with respectto zenith angle asthe OFF-dataset
(which is usedashadronicevents).

2. Thezenith angledistrib ution wasnormalizedto beflat in bothdatasetssinceit is
importantto haveequalcutefficienciesfor all zenithangles.

In this analysistheSIZE distributionsandtheDIST distributionsarenot normalized to
eachother. The experienceshowed that the separationdoesnot improve when they are
normalized.Fig. A.9 shows thedistributionof thesefour parametersafternormalization.

If the parametersare includedlinearly , the LDA representsa cut plane in a multi-
dimensional space, separatingthe two datasets(representedby vectors)maximally with
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respectto discriminatingpower. FigureA.10 showstheoutputof equ.A.62afteroptimiza-
tion (equ.A.59andequ.A.60). Thediscriminatingpower is 0.62.Theparametersincluded
are: s 37� d Z = � ? # rts5uwvyx

(A.63)s 37� d Z = I ? # {×|g} G vyxs 37� d Z = K ? # Ù�Ú } Ùs 37� d Z = Ø ? # �ks � |s 37� d Z = p ? # �
N
�
O

Again, ALPHA is not includedin this list, sinceit is a independent parameter. It is
usedto estimate thebackground.

A cut in the one dimensional output of the LDA canbe chosen.Dependingon the
positionof thecut,a higheror lowerpercentageof backgroundis removedwhile retaining
the signal eventsrespectively. Fig. A.11 shows the cut efficiencies ßMà and ßMå against
eachother. Fig. A.12 demonstratestheperformanceof theLDA for a cut which achieves
maximalsignificance.Thecut efficiency increasesfor increasingenergy andremainsflat
for increasingzenithangle,asit shouldbe.

If higher orders and combinationsof imageparametersareincludedin theLDA then
it no longercorrespondsto a linear cut plane,but ratherto a multidimensional surface
thatfollowsthemulti-dimensionalshapeof theparameterdistributionsin amoreadaptive
manner(in a similar way asdynamiccuts). Consequently, the separationimproves. The
following termshavebeenappendedto thepreviousparameterlist:s 37� d Z = � ? # rts5uwvyx !

(A.64)s 37� d Z = [ ? # {�|~} G vyx !s 37� d Z = Ü ? # Ù�Ú } Ù !s 37� d Z = \ ? # rts5uwvyx^];{×|g} G vyx�ks � |
Fig. A.13,Fig.A.11andFig. A.10show theimprovementin separationusinghigherorders
anda combinationof theseparameters.The excesseventsfound with linear input gives
11400+- 190.This increasesto 12600+- 200for theLDA with higherorderinputs.

The Fig. A.14 shows the excesseventsfound asa function of the cut positionof the
LDA output.A plateau appearson theleft sideof theplot which canbeinterpretedasthe
total signal events in this dataset. A fit on theplateaugives

}�� � # I � � Ø � _ Ü I . When
comparedwith the numberof excesseventsfound at maximumsignificance(12600+-
200), this numberresultsin a total cut efficiency of 83 % . It mustbe notedthatbefore
applicationof theselectioncut, a ’pr ecut’ on theminimumSIZE < 60 PhE,on thezenith
angle< 50Ò andonthedistance0.4< DIST < 1.05wasperformed,thuspreviouslyreducing
thetotal numberof signaleventsin thedataset.It is clearthat this plot heredoesnot tell
usanythingaboutthetrigger efficiency nor abouttheefficiency of the’precut’.

A.3.6 Comparison of the discrimination power of the LDA and the
dynamical cuts, testedwith real Mkn 421data

For the comparisonof dynamical cuts of the analysisprogram’jacuzzi’ at MPI Munich
[Kra01] with theLDA of this thesis,thesamedatasetwasusedwithout pointingcorrec-
tions(pointingcorrectionsincreasethesignificanceof thesignal).For caseof thedynam-
ical cutsa correctionof the parameterwith respectto the NSB (the so-called’zonking’
[Kes01]) andalsoa cut on theasymmetry wasapplied(seethe following section).Both
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FigureA.10: Outputof theLDA A.62 for gammaevents(blue)andhadronicevents(green).The
areasarenormalizedto one. In (a) theparametersareincludedlinearly (D=0.62)andin (b) higher
polynomialordersare includedaswell (D=0.748). It is clearly shown that the discriminationin-
creasesby includinghigherordersof theparameters.
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FigureA.11: (a) Gammacut efficiency vs backgroundcut efficiency and(b) Quality factorfor the
LDA vs LDA-output. Both plots show the performanceof LDA with only linear inputsandwith
higherorder inputs. The inclusionof higherordersin the LDA improve the quality factorandits
separationcapabilitysignificantly.
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FigureA.12: Thesetwo plotsshow the ` cut efficiency for theLDA with parameterinput of only
linearorderandfor a cut which achievesmaximalsignificance.In theupperthe ` cut efficiency is
plottedagainstthelogarithmof theenergy in log(GeV)andin thelowerplot againstthezenithangle.
Thecut-efficiency increaseswith energy andis flat with zenithangleasit shouldbe.
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Figure A.13: The linear discriminantanalysisis appliedto a sampleMkn 421 datasetof 167 h
observation time. a) The upperplots shows the result for the LDA with linear inputs. It yields in
a significance(Li/Ma) of 60.8. b) The lower plotsshows the resultfor theLDA with higherorders
of imageparametersfor the input. Thebackgroundis moresuppressedwhile moresignalis found
(increasefrom 11400eventsto 12600events).Thesignificanceimprovesby 10 %. Herea previous
filter cutonSIZE > 60 PhE,the0.4DIST > 1.05andon thezenithangle<50c wasapplied.
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dataset.Herea previous cut on SIZE > 60 PhE,the0.4 DIST > 1.05andon thezenithangle<50c
wasapplied.After theLDA selection(higherorderinputs)about83 % of thetotal eventshave been
selected.

improvementshavenot been includedin theLDA procedureup to now. Theresultof the
dynamicalsupercutscanbeseenin Fig. A.15.

As a resultof not applyingpointingcorrections,theALPHA distribution is wider and
unfortunately, ’jacuzzi’ wasfitting the ALPHA distribution with a fixed variancefor the
Gaussiandistribution,expectinga narrowerdistribution (it wasnot madefor that). Conse-
quently, thefit haslargechisquare.Still, thefit resultcanbe roughly comparedwith the
resultachievedby theLDA. Theexcesseventsfoundby ’jacuzzi’ are7700+- 130andthe
LDA (in this simpleversion)found12600+- 200. Thesignificanceof theLDA is around
20% higher. It hasto be kept in mind that jacuzzialsofinds highersignificanceswhena
pointingcorrectionhasbeenappliedbeforehand.

As a conclusion it canbe statedthat the LDA is at leastasefficient thandynamical
cuts.

A.3.7 Conclusionabout the efficiencyof the LDA separationmethod
and an outlook

TheLDA provesto beaveryefficientseparationmethodthatcanwell competewith classic
methodslike staticcutsand the dynamiccutsandhasequal or betterperformance. It
shows to beespeciallyefficient for very low energy events(< 1 TeV) andveryhighenergy
events(> 10 TeV).

Themain advantageof theLDA is clearly thecut optimizationalgorithmthat is an-
alytically solvable. This doesnot only speedup theoptimizationprocessbut it doesalso
not dependonany initial valueasany otherstepwiseoptimizingmethods(e.g.’MINUIT’-
package).Its resultsare100% reproducibleunlike any otherkind of separationmethods
asdynamiccutsor neuralnetworks.

For this reasonit is especiallysuitedto quantify the separation power of different
imageparameterssetsin orderto find themostefficient one.TheLDA will beusedin the
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FigureA.15: Significancedeterminedby the’jacuzzi’ program(dynamicselectioncuts)asapplied
on thewholeMkn 421datasetfrom February2001to April 2001withoutpointingcorrection.
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following sectionfor this purpose.
For futur e impr ovementsof theperformancetheauthorsuggeststo interestedpeople

to intr oducea binning in energy andoptimizethe LDA in each energy bin separately.
This will solve thedifficulty of having differ ent energy spectrafor the background and
thesignal andwill further increasetheseparationpower.

A.4 New imageparametersand cleaningalgorithms

TheLDA hasbeendefinedandcanbeusedto checktheseparationability of new image
parameters.Eachnew parametercanbeincludedasanadditional parameter in theLDA.

Thereare two estimatorsthat tell us aboutthe separation power of the parameters.
Thesearethediscriminant power (Equ.A.60) andthefinal significancecanbecompared
with differentparametersets,uponapplicationto thedata.With bothwecanjudge whether
animprovementhasbeenachieved.Threethingsweretestedhere.

1. New imageparametersweredevelopedwhich describemorefeaturesin the image
structure,

2. Weights wereintroducedin thecalculationof Hillas parametersand

3. Thecleaninglevel of the’dynamical’imagecleaninghasbeenvariedsystematically
in orderto find theonewhich resultsin thehighestseparationpower for the image
parameters.

A.4.1 Intr oduction of weightsin the calculation of Hillas parameters

Upto now, in thedefinitionof theHillas parameterspresentedabove,Equ.A.25toEqu.A.33the
weight hasalwaysbeenassumedto be equalto the charge in onepixel ( {}|�~��@|!� . Here
weightsof thefollowing form havebeentested:

{�|�~ ���|��4������� � (A.65)

{�|�~ � ���	��� �|� �@|����	�| ������� � (A.66)

In Equ.A.65 (theseweightsaredenotedin thefollowing as’NONE ’), ��| is potentiatewith
anexponent� . This hastheeffect thatpixelswith more signal have more weight in the
calculationof theHILLAS variances.This makesthemlesssensitive to noisefluctuations
(comingfrom NSB).

Equ.A.66 (theseweightsaredenotedas’REL ’ ) aweightis introducedthatrepresents
thestatistical error of thesignalin thepixel ( ���4 T�!¡ |¢~ � ��|����	�| ). A value £�¤¦¥ hasbeen
addedto theexponentto keeptheeffective exponent in bothcasesequal. Theexponent
becomecomparablein this manner. For a small NSB the weights’REL’ convergeto the
weights’NONE’.

A programhasbeenwritten which systematicallycompares theseparationpower of
a MC Gammadatasetanda hadronicbackgrounddatasetthatwasrecordedby CT1. The
NSB hasbeensimulatedin the MC gammadatasetto have a zenith angledistribution
equivalent to thatof thehadronicdataset(SeesectionA.2.1).

Theprogramtriessystematically

1. Differentimagecleaninglevels,

2. Differentcleaningtypes and

3. Fourdifferentexponents( � =0.5,1.0,1.5,2.0).
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This is donefor both typesof weights, ’NONE’ and’REL’ (Equ.A.65andEqu.A.66).
To beableto judgetheseparation,two parameterswereintroduced.I calledthem:

1. Separation § ~©¨«ª­¬¯®±°D¨²ª�³�®� � �¬ �´� �³ (A.67)

which is thedifferencein themeanvalueof theparameterdividedby its combined
variance.It shouldbeaslarge aspossiblefor goodseparation.This parameterdoes
not take into accounttheshapeof thedistributions.

2. Theoverlapping integral is sensitive to theshapeof thedistributions

� ~ µ ª­¬ �4¶ � ª­³ �4¶ ��· ¶µ�ª ¬ �5¶ �¸· ¶ µ�ª ³ �5¶ ��· ¶ (A.68)

~ ¹ |�º ª |¬ ª |³�»º ¹ | ª |¬ » º ¹ | ª |³ »
It measurestheoverlap of thetwo distributionsandshouldbeassmall aspossible
for goodseparation.

With thecombinationof thesetwo parameterswe have a tool to judgepossibleimprove-
mentsin separation for differentconfigurations.

The resultsfor the parameterWIDTH, LENGTH, CONC are shown in Fig. A.17,
Fig. A.16, Fig. A.18, Fig. A.19, and A.20. The exponentis expressedin differentcol-
ors. Blue is �¼~�£¸¤ ¥ , greenis �¼~¾½¿¤ £ , pink is �À~Á½�¤ ¥ andred is �¼~QÂ�¤ £ . Dif ferent
cleaningalgorithmsareexpressedin differentmarker stylesandline styles. Cir cles and
a continuous line represent’classic’ cleaning,triangles anda dashedline are’ island’
cleaningandstars with dotted line are’mountain’ cleaning.

Separationof WIDTH, LENGTH and CONC

Tab. A.2 illustratesthe cleaning levels for the best separationsandoverlapsfor the two
different cleaningalgorithms,’classical’ and ’island’ cleaning. The weightsREL and
NONE show almostidentical results(seeFig. A.17, Fig. A.16, Fig. A.18 andFig. A.19).
The first two rows show the old classicversionof HILLAS parameters.The cleaning
level consistsof two numbers,the ’image core limit’ andthe ’image borderlimit’. The
bestcleaningalgorithmsfor WIDTH, LENGTH andCONCareprintedin bold. A cut of£�¤ ÃÅÄ¼ÆÈÇ §±É ÄÊ½¿¤ £�¥ ,

§ ÇÌË �ÎÍ ½Ï£¿£ and ½ÐÂ�·�Ñ@ÒÔÓÕËÖÑÏ�	×!ØTÙÖÚ���ÒÌÛ4Ñ�ÓÜÂ¿Â¯·�Ñ�Ò wasapplied
beforehand(’precut’).

As aconclusioncanbestatedthefollowing:

1. Thereis no visible differ encebetweentheweights’NONE’ and’REL’

2. Slightly reducing the cleaninglevel to 2.7/2.0increasesthe separationa little for
’classic’ cleaning.

3. Thebestseparation andoverlap (for all threeparameters)is achievedfor the ’is-
land’ cleaningmethod with avery low cleaninglevel of 1.0/0.3.

4. In caseof theparameterWIDTH theseparationincreasesby increasingtheexpo-
nent � from �Ô~Õ½ to ��~Ý½¿¤¦¥ .

5. In caseof LENGTH ��~Õ½ remainsthebestchoice.




