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Figure A.7: This figureillustratestheimagingof a shaver onto the telescopecamera.lt clarifies
how a changingshawver core position (changingenegy and zenith angle)and a changingimpact
parameteeffectsthe shapeof theimage.

It shouldbe notedthat Cherenkv light is not isotropy emitted but ratheris only in the forward
directionin light coneswhoseopeninganglechangewith the densityof the air andthe velocity of
theparticle.

The height of the shover maximumfrom the grounddependson the energy of the
primary particle. Thelargerthe enegy, the deepethe shover developsin the atmosphere
(seechapterl, concerningheoryanddetectors)This changegheview of the shaverand
theimageseemaigger andwith alargerDIST, asillustratedin Fig. A.7.

A variationin the zenith angle hasa similar effect. If this anglechangesthe dis-
tance of the shover maximumto thetelescopelsochangesTor larger zenithanglesthe
maximummovesaway from thetelescopandtheimageseemgyenerallysmaller(smaller
SIZE,WIDTH andLENGTH).

Similarly, a differentimpact parameter for the shaver changeghe ellipticity of the
image.

Fig. A.6 shaws the dependencef WIDTH andLENGTH on SIZE andDIST. It can
be seenthatfor higher enegies,gammasand protonsare better separated,dueto more
availablepixelinformation.In thefigureaselectioncut of SIZE > 100PhEandazenithan-
gle < 30° hasbeenapplied.

To take into account the dependencejust mentioned,the static cut intervals of
Equ. A.34 needto be replacedby variableones. This meansthat the cut intervals be-
comefunctions of SIZE, DISTANCE andthe zenithangle. This hasbeenexaminedby
Daniel Kranichin his PhD thesis[Kra01]. The dependencef WIDTH andLENGTH to
theNSB canbe correctedashasshavn Martin Kestel[Kes01].

Now let us assumehatthe cuts (staticor dynamic)have beenoptimizedandthatwe
wish to apply themon a real datasetn orderto extract the signalthat we areinterested
in. It is clearthat a pure signaldatasetcan never be achieved. The backgroundcanbe
suppressetb somedegreebut therewill alwaysbe somebackgroundemainingtogether
with the signalevents. Apart from the factthatmary hadronicshoverslook very similar
to y-shaversjust for statisticalreasonsthere exists also a certainfraction of hadronic
shawversthat producealreadyat the first interactiona large fraction of enegetic 7° such
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that theseshowvers develop almostas pure electromagneticshavers. Theseshaversare
indistinguishabldrom the signal.

Optimization of cuts usingreal recordeddata instead of Monte Carlo samples

It is possibleto optimizecut valuesby only usingrecordeddataandwithouttouchingMC
data. The essentiapointis to know the backgroundn the datasetgitherby OFF-dataor
by someotherkind of backgroundestimation.

The proceduregoesasfollows:Onecanmake a goodguessfor theinitial valuesof the
cutintervals,applyit to asetof real ON-dataandestimatdts backgroundtontentaftercut.
Now the cutintervalscanbe optimizedby maximizing the significance

Thentheoptimizedcutscanbeusedon orthogonabataset$or analysis.Thistechnique
hasbeenusedby DanielKranich[Kra01].

A.3.4 Background determination by using the ALPHA-plot

Earlier it wasmentionedthat it is never possibleto obtaina pure y-eventssamplefrom
a recordeddatasetbecauseét will alwaysbe contaminated with hadronicbackground.
For the calculationof the signalamplitudeandits significancethe backgroundneedsto
be subtractedrom the contaminatediataset. Therfore,a preciseinformation aboutthe
backgrounds neededTherearebasicallytwo possibilities.

1. Two separatetelescopeauns aretaken,onewith thetelescopgointingto asource
(ON-data run) andthe otheronewith the telescopepointing a few degreesaway
fromthesource OFF-datarun). After theselectioncutareappliedto bothruns,the
backgroundanbedeterminegreciselyfrom 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 v eventsaccumulatein the region up to about12°, owing that the
imagespoint towardsthe centerof the camera.By interpolating the shapeof the
background (which shouldbe asflat aspossible)the backgroundn the region up
to 12° canbeestimated.

Thelatter methodworks quite well andwasoriginally worked by G. Hermannin Hei-
delbeg and hasbeensuccessfullyappliedby Daniel Kranich [Kra01] in his thesis. The
backgroundestimationis achievedby fitting a simple polynomial to the distribution. The
requiredconditionsfor the polynomialis thatit hasa horizontal tangent at 0° (because
of the symmetryof the signedALPHA distribution to the y-axis). While Daniel Kranich
[Kra01] useda polynomialof secondorder, in this analysisa polynomialof order2.5 is
appliedbecauséackgrounghapestudieshave shovn thatthisis thefunctionthatprovides
thebestfit to the backgroundlistribution.

f(ALPHA) = a+b|ALPHA|”®; ALPHA >0 (A.41)
Assumingthatthe signaldistribution of ALPHA is to first orderapproximatedy a Gaus-
siandistrib ution, it canbe usedto estimatethe signalevents[Kra01]:

Nea; 2
g(ALPHA) = —Signal .~ 45754 (A.42)
2no

The combination of bothh(a) = f(a)+ g(a) has4 freeparameterandgivesaverygood
measuref the excesseventsby estimatingthe backgroundrom the ALPHA distribution
in theregion[20°, 70°] (seeFig.A.8).
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FigureA.8: Thisplot shavs thedataof a partof thedatasebf Mkn 421duringits flare periodfrom

Februaryto May 2001 (redline). Thesimplestaticcutsof Equ.A.34 have beenapplied.Background
andexcesseventsare estimatedoy fitting a combinationof a Gaussiardistribution (greenline) and
a polynomial(blackline). For comparisonthe blueline shavs anoff datadatasetwhich hasmuch
lower statistics.We will seethatthelineardiscriminantmethodandnew imageparameterimprove

the separatiorsignificantly The new methodfinds almosta factor3 moreexcess-gentsandit also
doubleghesignificance Theexpressiorisignificanceof thefit’ denotesheratio of excesseventsand
its error, both of themobtainedby thefit. The expression'significance(Li/Ma)’ is the significance

thathasbeencalculatediy usingEqu.A.39 (with a = 1).
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This procedurevorkswell if the ALPHA backgroundistributionis quite flat, which
unfortunatelyis not necessarilyhe casesincethelimited diameterof thecameraruncates
eventsthatarelarge or have sizableimpactparameters Eventsthat aretruncatedby the
cameraborderarereconstructedncorr ectly with an ALPHA closeto 90°. Consequently
for this methodto work properly, the distribution mustbe forced to becomeasflat as
possible.This canbeaccomplished for example,by excludingeventswith alarge DIST.

A.3.5 The linear discriminant analysisas a dynamical cut and as a
tool to quantify the discrimination power of image parameters

The linear discriminant analysis (LDA) is usedto find optimizedand unbiasedinear
combinationf variablesin orderto separatelasse®f events[Fab97. The methodwas
inventedby Fisher[Fis37. In this case,the classesare signal and backgroundevents.
It dealsnaturallywith dependenciebetweenvariablesandis not usefulif they are NOT
dependenbn eachother In this case normalcutsgive betterresults.In this sectionl shav
how a combinationof staticcutsandthe LDA achiezesa goodseparation.

As practicalsideinformation,anestimator calleddiscriminating power, of how well
two samplesanbe separateds obtained.Thelineardiscriminantmethodis nothingmore
thana simplelinear neuralnetwith only one neuron, a so-calledperceptrorwith linear
output, trainedby an analyticalmethod(linear leastsquareanethod),ratherthandoing
stepwiseoptimization.

Themainadvantageof theLDA, comparedo aneuralnetandto othercut-optimization
methodsaswell, is thatit is analytically optimized while all othermethodsneedan iter-
ative maximizationprocedurevhoseresultdepend®n initial valuesandwhich areoften
not reproducible.

It is exactly this reproducibilitythatis neededvhenseekingan estimator thatquanti-
fieshow gooda givenparametesetis ableto separatéwo classe®f events.

Description of the method

The methodfinds discriminant factors which are linear combinations of the input pa-
rametersFor the caseof two classesthereis only onediscriminantfactorwhichis called
discriminant variable andwhich is the optimum linear combinationfor the separation
betweenthe two classes.The methodis first describedor the caseof g classeandthen
simplifiedto two classes.

EachclasshasN; events.Thetotal numberof eventsis:

Niot = Z N; (A.43)

Letxi(n) = (%(n), ...,z (n)) beavectorof p input parametersvhich representshe
eventnin classi. The expectationvalue of parameter; in classi is

N
. ) 1 —a .
E[z}] = E} = oA D) (A.44)
¥ n=1

andfor all eventsof all classesombinedwe have:

1 7 N
Elz;]=E; = N, Z Z z5(n) (A.45)

i=1 n=1

1 & .
Niot ; I
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The overall covariance matrix elementbetweenthe variablesz; and x; for all classes
combineds givenby

Twi = covar [zx, 1] = E(zr, — Ezx]) % (21 — E [21])] (A.46)

Thecovariancematrixcanbe split into two parts, the’ within’ matrix W andthe’ between’
matrix B
Tyt = Wi + B (A.47)

whereas

q N;
Wa = =3 (@) - Bld]) x @ -Bd]) (a9

=1 n=1

q
Bu = 3wt (Bi- B x (B - ) (A49)
i=1

W describeghe variancesof one parametemwithin the groupwhereasB describeghe
differencesbetweengroups. Let us now introducethe linear combinationof the input
parameters

u(n) =3 _y'w;(n) = y"x(n) (A.50)

wherey” is the transposednatrix of y andy is the equivalentof weight vectors in the
caseof neuralnets.Thevarianceof u(n) is givenby

q N;

var(u) = Ni t Z Z (u'(n) — E [u]) (A.51)
o i=1 n=1

= yr'Ty (A.52)

= yI'wy+y'By (A.53)

The first termin the last line is equivalentto the variancewithin the classeswhile the
secondterm describeghe differencesbetweenthe classes.To optimize the discrimina-
tion, the first term mustbe minimized while the secondone mustbe maximized. The
discriminatingpower is definedas

flu) = i;g;’ (A.54)
andthe optimization is doneby deriving f(u) andsettingit equalto zero:
ofw) _
a(y;)
This leadsto theexpression
T 'By = f(u)y (A.55)

which meanghat f (u) is maximalif it is an eigernvalue of T~!'B andthaty (the weight
vector)is the correspondingigervector

Now in our caseof two classesWe have gammaeventsandhadronicevents.They will
be denotedwith indicesG andH, respectiely. The expectationvalues of thetwo classes
for eachparametecanbe expressedsa vector:

E=(E, . E)" (A.56)

Thematrix becomes
B=vlv (A.57)
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| | ALPHA [ WIDTH | LENGTH | CONC | DIST | log SIZE | cosf | 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 36.5 154 | -7.6
LENGTH 100 -70.0 | -21.1 35.7 10.3 | -3.8
CONC 100 | 22.0 477 | -14.7| 5.8
DIST 100 -7.5 0.3 0.5
log SIZE 100 56 | -1.6
cos 6 100 | -20.0
RMS 100

Table A.1: The table shaws the correlationin percentfor the mostimportantimage parameters.
WIDTH, CONCandLENGTH arestronglycorrelated.SIZE and CONC alsoshav a dependence.
Interestings thecorrelationbetweerzenithangleandNSB (pedestaRMS).ALPHA is notcorrelated

with ary of theimageparameters.

with
NgN,
v= Y00 (gC _gH) (A.58)
Niot
Now the solutionto the maximizationproblem(Equ. A.55) for our weights y getsthe
simpleform

y=T"lv (A.59)

The discrimination power is a very usefulquantityaswe will seelater. It canbe usedto
qguantify how well the datasetiave beendiscriminated It shovs how well the parameter
setis ableto discriminatebetweenthe two classes.ts valuerangesfrom 'zero’ to 'one’.
'One’ meangerfectseparatiorand’zero’ meanso separation.

D= f(u) =vly; D€|0,1] (A.60)

Equ.A.50 canbeusedo calculatehecenter(offsetof origin) betweerthetwo distributions
u?(n) for gammasand hadrons(i=G,H) by taking the average of the two expectation
vectors.

up = %yT (EC + Ef) (A.61)
Finally, the output of the LDA (similarly to the outputof aneuralnet)takestheform
LDA,us(n) = u(n) —ug = y* x(n) (A.62)

Beforeapplyingthemethod theimageparametersthatenterasinputsto themethodmust
be chosen.

Application of the LDA to Monte Carlo Data samples

As afirst stepit mustbe statedthatthe separations bestif the numberof eventsin both
samplesareequd. If thisis notthe casethe datasethave to be normalized to the same
numberof events.

As explainedabove, the LDA is expectedto achieve an improvementin separation
only in the caseof correlatedvariables.lt uncorrelatesiependenciesAll parametershat
arenot correlatedshouldbetreatedby a static cut. Tah A.1 showvsthe correlation matrix
for arealdatasample(mainly hadronicevents).

Thecorrelationmatrix for MC gammaeventslookssimilar but is notexactly the same.
The table shows that ALPHA hasabsolutelyno correlation to the other parameterst
all. It is usedseparatelyto estimate the background.lt is interestingto seethatthereis
significant correlation betweerthenight sky backgroundpedestalRMS) andthe zenith
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FigureA.9: Distributionsof the four parameter§IZE, DIST, PedestaRMS andthe zenithangle,
for gammaevents(blue) andhadronicevents(red) after normalization.The SIZE distribution shape
for hadronsandgammass quitedifferentbecausef a) adifferentspectraindex of they-MC andthe

OFF-dataandbecausef b) differenteffective areador hadronsand+y’s. The pedestaRMS (NSB)

distribution is almostthe samebecausehe NSB hasbeensimulatedto they-MC in a way thatit is

equalto the OFF-dataset.

angle. ThecorrelationbetweenSIZE andtheotherthreeparametersWIDTH, LENGTH

and CONC is logical. The parametelCONC hassucha high degreeof correlationthatit

is essentiallyrepresentetty WIDTH andLENGTH .
Theimageparametersanbe dividedinto two groups:

1. cut parametersfor backgroundsuppressiomnd

2. non-cut parameterse.g.estimators.

The distributions of the non-cut parameters as SIZE, DIST, pedestalRMS andthe
zenith angle have to be equal for both,gammaeventsandhadronicevents,becauseve do
not wishto cutonthem. Still they areincludedin theLDA inputparameter$o correctfor
dependencie®f the cut parametersn them(similar to dynamiccuts).

To make thedistributionsof the non-cutparametergqual

1. the night sky backgrounds simulatedin the MC gammasamplein a mannersuch
thatit hasthe samedistrib ution with respectio zenith angle asthe OFF-dataset
(whichis usedashadronicevents).

2. Thezenith angledistrib ution wasnormalizedto be flat in bothdatasetssinceit is
importantto have equalcut efficienciesfor all zenithangles.

In this analysisthe SIZE distributionsandthe DIST distributionsare not normalized to
eachother The experienceshaved that the separatiordoesnot improve whenthey are
normalized Fig. A.9 shawnsthedistribution of thesefour parameterafternormalization.
If the parametersareincludedlinearly, the LDA represents cut plane in a multi-
dimensional space separatinghe two datasetgrepresentedby vectors)maximally with



64 APPENDIXA. THE ANALYSIS OF SHONVERIMA GES

respecto discriminatingpower. FigureA.10 shavstheoutputof equ.A.62 afteroptimiza-
tion (equ.A.59andequ.A.60). Thediscriminatingpoweris 0.62. The parameterincluded
are:

Input[0] = WIDTH (A.63)
Input[l] = LENGTH

Input[2] = CONC

Input[3] = SIZE

Input[d] = cosé

Again, ALPHA is notincludedin this list, sinceit is a independent parameterlt is
usedto estimatethe background.

A cutin the one dimensional output of the LDA canbe chosen.Dependingon the
positionof the cut, a higheror lower percentagef backgrounds removedwhile retaining
the signal eventsrespectiely. Fig. A.11 shows the cut efficienciese¢ andeg against
eachother Fig. A.12 demonstratethe performanceof the LDA for a cut which achieves
maximalsignificance.The cut efficiency increasedor increasingenegy andremainsflat
for increasingzenithangle,asit shouldbe.

If higher orders and combinations of imageparameterareincludedin theLDA then
it no longercorrespondgo a linear cut plane,but ratherto a multidimensional surface
thatfollowsthemulti-dimensionakhapeof the parametedistributionsin amoreadaptive
manner(in a similar way asdynamiccuts). Consequentlythe separatiorimproves. The
following termshave beenappendedo the previousparametelist:

Input[5) = WIDTH? (A.64)
Inputl6] = LENGTH?
Input[7] = CONC?
Inputls] = WIDTH x LENGTH
SIZE

Fig. A.13,Fig. A.11andFig. A.10 shav theimprovemenin separatiomsinghigherorders
anda combinationof theseparameters.The excesseventsfound with linear input gives
11400+- 190. Thisincreaseso 12600+- 200for the LDA with higherorderinputs.

The Fig. A.14 shaws the excesseventsfound as a function of the cut positionof the
LDA output.A plateau appear®n theleft sideof the plot which canbeinterpretedasthe
total signal eventsin this dataset. A fit onthe plateaugives Ng, = 15030 £+ 71. When
comparedwith the numberof excesseventsfound at maximumsignificance(12600 +-
200), this numberresultsin a total cut efficiency of 83 % . 1t mustbe notedthatbefore
applicationof the selectioncut, a ‘pr ecut’ onthe minimum SIZE < 60 PhE,on the zenith
angle< 50° andonthedistanced.4< DIST < 1.05wasperformedthuspreviouslyreducing
the total numberof signaleventsin the dataset.lt is clearthatthis plot heredoesnot tell
usarything aboutthe trigger efficiencynor aboutthe efficiency of the'precut’.

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

For the comparisorof dynamical cuts of the analysisprogram’jacuzzi’ at MPI Munich
[Kra01] with the LDA of this thesis the samedatasetvasusedwithout pointingcorrec-
tions (pointing correctionsncreasehe significanceof the signal). For caseof thedynam-
ical cutsa correctionof the parametemwith respectto the NSB (the so-called’zonking’
[Kes01) andalsoa cut onthe asymmetry wasapplied(seethe following section). Both
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FigureA.10: Outputof the LDA A.62 for gammaevents(blue) and hadronicevents(green). The
areasarenormalizedto one. In (a) the parametersreincludedlinearly (D=0.62)andin (b) higher
polynomial ordersareincludedaswell (D=0.748). It is clearly shavn that the discriminationin-
creasedy includinghigherordersof the parameters.
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FigureA.11: (a) Gammacut efficiengy vs backgrounctut efficiengy and(b) Quality factorfor the
LDA vs LDA-output. Both plots shaw the performanceof LDA with only linear inputs and with
higherorderinputs. The inclusionof higherordersin the LDA improve the quality factorandits
separatiorcapabilitysignificantly
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FigureA.12: Thesetwo plots shav they cut efficiengy for the LDA with parameteinput of only
linear orderandfor a cut which achi&zesmaximalsignificance.In the upperthe cut efficiengy is
plottedagainsthelogarithmof theenegy in log(GeV)andin thelower plot againsthezenithangle.
Thecut-eficieng increasesvith enegy andis flat with zenithangleasit shouldbe.
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Figure A.13: The linear discriminantanalysisis appliedto a sampleMkn 421 datasetof 167 h
obseration time. a) The upperplots shawvs the resultfor the LDA with linearinputs. It yieldsin
asignificance(Li/Ma) of 60.8. b) The lower plots shavs the resultfor the LDA with higherorders
of imageparameterdor the input. The backgrounds more suppressewvhile moresignalis found
(increasdrom 11400eventsto 12600events). The significancamprovesby 10 %. Herea previous
filter cuton SIZE > 60 PhE,the 0.4 DIST > 1.05andon the zenithangle<5®° wasapplied.
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FigureA.14: Whenmaoving the LDA cut positiona plateauappearsn theleft sidewhichindicates
the maximumexcesseventsin this dataset.This maximumrepresentshe total signaleventsin this
dataset.Herea previous cut on SIZE > 60 PhE,the 0.4 DIST > 1.05andon the zenithangle<5¢°
wasapplied.After the LDA selection(higherorderinputs)about83 % of thetotal eventshave been
selected.

improvementshave not beenincludedin the LDA procedureup to now. Theresultof the
dynamicalsupercutsanbe seenin Fig. A.15.

As aresultof not applyingpointing correctionsthe ALPHA distribution is wider and
unfortunately ’jacuzzi’ wasfitting the ALPHA distribution with a fixed variancefor the
Gaussiartistribution, expectinga narrover distribution (it wasnot madefor that). Conse-
qguently thefit haslarge chisquare.Still, thefit resultcanbe roughly comparedvith the
resultachievedby theLDA. Theexcesseventsfoundby ’jacuzzi’ are7700+- 130andthe
LDA (in this simpleversion)found 12600+- 200. The significanceof the LDA is around
20% higher It hasto be keptin mind thatjacuzzialsofinds highersignificancesvhena
pointing correctionhasbeenappliedbeforehand.

As a conclusionit canbe statedthatthe LDA is at leastas efficient than dynamical
cuts.

A.3.7 Conclusionabout the efficiency of the LDA separation method
and an outlook

TheLDA provesto beavery efficientseparationmethodthatcanwell competewith classic
methodslik e static cutsandthe dynamiccuts and hasequal or betterperformance. It

shavsto be especiallyefficient for very low enegy events(< 1 TeV) andvery high enegy
events(> 10 TeV).

The main advantageof the LDA is clearlythe cut optimizationalgorithmthatis an-
alytically solvable. This doesnotonly speedup the optimizationprocessut it doesalso
not dependonary initial valueasary otherstepwiseoptimizingmethodge.g.’MINUIT’-
package).lts resultsare 100 % reproducibleunlike ary otherkind of separatiormethods
asdynamiccutsor neuralnetworks.

For this reasonit is especiallysuitedto quantify the separation power of different
imageparametersetsin orderto find the mostefficientone. The LDA will be usedin the
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FigureA.15: Significancedeterminedy the jacuzzi’ program(dynamicselectioncuts)asapplied
onthewhole Mkn 421 datasefrom February2001to April 2001without pointingcorrection.



A.4. NEWIMA GEPARAMETERSAND CLEANING ALGORITHMS 71

following sectionfor this purpose.

For futur e impr ovementsof the performancehe authorsuggestso interestecpeople
to intr oducea binning in energy andoptimizethe LDA in each enegy bin separately
This will solve thedifficulty of having differ ent enegy spectrafor the background and
the signal andwill furtherincreasethe separatiorpower.

A.4 Newimageparametersand cleaningalgorithms

The LDA hasbeendefinedandcanbe usedto checkthe separatiorability of new image
parametersEachnew parametecanbeincludedasan additional parameter in the LDA.
Thereare two estimatorghat tell us aboutthe separation power of the parameters.
Thesearethediscriminant power (Equ.A.60) andthefinal significancecanbecompared
with differentparametesets uponapplicationto thedata.With bothwe canjudge whether
animprovementhasbeenachieved. Threethingsweretestedhere.

1. New imageparametersveredevelopedwhich describemorefeaturesn theimage
structure,

2. Weightswereintroducedn the calculationof Hillas parameterand

3. Thecleaninglevel of the’dynamical'imagecleaninghasbeenvariedsystematically
in orderto find the onewhich resultsin the highestseparatiorpower for theimage
parameters.

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

Upto now, in thedefinitionof theHillas parameterpresentedbore, Equ.A.25t0 Equ.A.33the
weight hasalwaysbeenassumedo be equalto the chagein onepixel (w; = ¢;). Here
weightsof thefollowing form have beentested:

@' (NONE) (A.65)
qn+0.5
w; = ——— (REL) (A.66)

In Equ.A.65 (theseweightsaredenotedn thefollowing as’ NONE’), g; is potentiatewith
anexponentn. This hasthe effect that pixelswith more signal have more weight in the
calculationof the HILLAS variancesThis makesthemlesssensitve to noisefluctuations
(comingfrom NSB).

Equ.A.66 (theseweightsaredenotedas’ REL ' ) aweightis introducedthatrepresents
the statistical error of the signalin the pixel (o0t,; = \/q; + 07). A value0.5 hasbeen
addedto the exponentto keepthe effective exponentin both casesequal. The exponent
becomecomparablén this manner For a small NSB the weights’REL’ corvergeto the
weights’NONE'.

A programhasbeenwritten which systematicallycomparesthe separatiorpower of
aMC Gammadatasetinda hadronicbackgroundiatasethatwasrecordedoy CT1. The
NSB hasbeensimulatedin the MC gammadatasetto have a zenith angle distribution
equivalent to thatof the hadronicdatase{SeesectionA.2.1).

Theprogramtries systematically

w;

1. Differentimagecleaninglevels,
2. Differentcleaningtypesand

3. Fourdifferentexponents(n=0.5,1.0,1.5,2.0).
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Thisis donefor both typesof weights, 'NONE’ and’REL’ (Equ.A.65andEqu.A.66).
To beableto judgethe separationfwo parametersvereintroduced.l calledthem:

1. Separation

S = M (A.67)
Voi + 0%
which s the differencein the meanvalueof the parametedivided by its combined
variance.lt shouldbeaslarge aspossiblefor goodseparationThis parametedoes
nottake into accounthe shapeof thedistributions.

2. Theoverlapping integral is sensitive to the shapeof the distributions

J pc (z) pu (z) dz
[ pc (z)dz [pm(z)dz
> (PG Pir)
(Xip6) (Xipk)
It measureshe overlap of the two distributionsandshouldbe as small aspossible
for goodseparation.

0

(A.68)

With the combinationof thesetwo parametersve have a tool to judge possibleimprove-
mentsin separationfor differentconfigurations.

The resultsfor the parametetWIDTH, LENGTH, CONC are shavn in Fig. A.17,
Fig. A.16, Fig. A.18, Fig. A.19, and A.20. The exponentis expressedn differentcol-
ors. Blueisn = 0.5, greenisn = 1.0, pinkisn = 1.5 andredis n = 2.0. Different
cleaningalgorithmsare expressedn differentmarker stylesandline styles. Circlesand
a continuous line representclassic’ cleaning,triangles anda dashedline are’island’
cleaningandstars with dotted line are’'mountain’ cleaning.

Separationof WIDTH, LENGTH and CONC

Tah A.2 illustratesthe cleaning levels for the best separationgnd overlapsfor the two
different cleaningalgorithms, ‘classical’ and 'island’ cleaning. The weightsREL and
NONE shav almostidentical results(seeFig. A.17, Fig. A.16, Fig. A.18 andFig. A.19).
The first two rows shav the old classicversionof HILLAS parameters.The cleaning
level consistsof two numbersthe 'image corelimit’ andthe 'image borderlimit’. The
bestcleaningalgorithmsfor WIDTH, LENGTH and CONC areprintedin bold. A cut of
0.4 < DIST < 1.05, SIZE > 100 and12deg < Zenith angle < 22 deg wasapplied
beforehand’precut’).
As aconclusioncanbe statecthe following:

1. Thereis no visible differ encebetweerthe weightsNONE' and’REL’

2. Slightly reducing the cleaninglevel to 2.7/2.0increaseghe separatiora little for
‘classic’ cleaning.

3. The bestseparation and overlap (for all threeparametersijs achievedfor the ’is-
land’ cleaningmethod with a very low cleaninglevel of 1.0/0.3.

4. In caseof the parameteWIDTH the separatiorincreaseshy increasinghe expo-
nentn fromn =1ton = 1.5.

5. In caseof LENGTH n = 1 remainsthebestchoice.





