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Chapter 1

Introdu
tion

Astrophysi
ists are looking for information about obje
ts in the universe. At �rst glan
e it

seems that light is a perfe
t transmitter. It 
an propagate an in�nite distan
e. But as seen

in our daily experien
e light 
an be easily absorbed by matter. It is not possible to re
eive

information from obje
ts hidden in dense matter, su
h as the 
enter of galaxy.

Are there some other possibilities to transmit information from distant obje
ts to us?

In fa
t there is more 
osmi
 radiation. Mainly it 
onsists of parti
les. Many of these parti
les

are able to transmit information to the earth. The �rst 
osmi
 rays to be dis
overed were

protons and heavier nu
lei. One big problem of protons in astroparti
le physi
s is their 
harge,

as they are in�uen
ed by magneti
 �elds on the way to the earth. This makes re
onstru
tion

of the sour
e dire
tion of protons at the earth di�
ult or even impossible. The re
onstru
tion

is depending on the energy range.

Therefore we are looking for an un
harged parti
le whi
h rea
ts with other matter with low

probability. One possible 
andidate is the neutrino. Neutrinos are leptons underlying only

gravitation and weak intera
tion and have thus a low 
ross-se
tion for intera
tion with matter.

Some intera
tion models for 
osmi
 a

eleration sites predi
t neutrino produ
tion at very high

energies, while others predi
t no neutrino �ux. Dete
ting neutrinos from these sites is of high

importan
e to distinguish between the various models.

As one will see in 
hapter 3, a large dete
tor is ne
essary to dete
t these high energy neu-

trinos. The neutrinos are dete
ted indire
tly by muons emitting Cherenkov radiation. The

photons produ
ed through Cherenkov radiation are dete
ted by photomultipliers housed in a

glass sphere, the so-
alled Opti
al Modules. The topi
 of this ba
helor thesis is to simulate the

response of the photomultiplier and read-out ele
troni
s of these Opti
al Modules.

A simulation of the dete
tor is ne
essary due to the 
omplexity of the dete
tion pro
ess. It


annot be des
ribed by a fully analyti
al treatment.

3



Chapter 2

High energy neutrino astrophysi
s

The ANTARES neutrino teles
ope dete
ts ultra-high energy neutrinos. This introdu
tory 
hap-

ter will deal with the question: How 
an neutrinos be produ
ed and what type of parti
le is

the neutrino?

2.1 Basi
 aspe
ts of neutrinos

Neutrinos are leptons. There are three families of leptons as seen in formula 2.1. Ea
h neutrino

in the �rst line has its 
orresponding ele
tron-like lepton partner in the bottom line. Addi-

tionally, for ea
h parti
le there is a 
orresponding antiparti
le. But it is not 
lear until now, if

neutrino and antineutrino are di�erent parti
les indeed or if they are Majorana parti
les, i.e.

the parti
le is its own antiparti
le.

(

νe
e−

)(

νµ
µ−

)(

ντ
τ−

)

(2.1)

Like for all parti
les, the movement of neutrinos is in�uen
ed by the gravitational for
e.

Neutrinos are also subje
t to weak intera
tion. This for
e leads to the transformation from

ele
tronlike leptons to their 
orresponding neutrinos and vi
e versa through the ex
hange of

bosons.

The third way neutrinos 
an 
hange is the so 
alled neutrino os
illation. There is no additional

for
e underlying this e�e
t. A neutrino of one spe
i�
 �avour 
an 
hange into a neutrino of an

di�erent family. During os
illation the lepton number is not preserved.[18℄

2.2 Neutrino 
reation

In 
osmi
 obje
ts there are several me
hanisms to a

elerate parti
les. For the neutrino pro-

du
tion one needs espe
ially high energeti
 hadrons, like protons. If they 
ollide, pions are

produ
ed. In the ongoing pro
ess, the main rea
tion to 
reate neutrinos is the pion de
ay:

π+ → µ+ + νµ (2.2)

π− → µ− + νµ. (2.3)

Equation 2.2 de
ribes the de
ay to one muon and one neutrino. Equation 2.3 shows the 
or-

responding equation with antiparti
les. The bran
hing ratio of these rea
tions is over 99.99%

[17℄. So nearly ea
h de
ay leads to this rea
tion. Further neutrinos 
ome from the de
ay of the

produ
ed muons, shown in equation 2.4. Here the bran
hing ratio is nearly 100%, too. [17℄
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time

d

u µ−

νµ

π−

νµ

e

−

ν
e

Figure 2.1: Neutrino produ
tion with pions

µ → e

− + ν
e

+ νµ (2.4)

In pi
ture 2.1 the whole pro
ess is summarized starting from the pion in a Feynman diagram.

2.3 Neutrino sour
es

The me
hanisms des
ribed above are expe
ted to o

ur to a large extent in several 
osmi


obje
ts. The key point one has to look for is an a

eleration pro
ess to push hadrons to a

su�
iently high energy. Some examples of 
andidates for neutrino sour
es are listed below.

Supernova remnants A �rst 
andidate is the supernova remnant. These remnants are the

leftovers of dying stars. If the fusion in a star 
annot produ
e any more elements lighter

than iron leading to an energy output, the radiation pressure is not high enough to �ght the

gravitation. The star 
ollapses. Afterwards the material falling to the 
enter of the star is

re�e
ted at the formed Neutronstar. The material is a

elerated into the spa
e. In the �rst

part, the pro
ess produ
es some neutrinos with low energy, whi
h 
an be dete
ted as a rise in

the 
ountrate of photons in the dete
tor.

On the other hand, there is the sho
k front of the se
ond part of the pro
ess. Parti
les are

a

elerated by the so 
alled Fermi a

eleration. The neutrinos 
reated within these sho
ks has

su�
ient energy to be dete
ted by the dete
tor.

Gamma ray bursts Further more, gamma ray bursts might produ
e neutrinos. A

ording

to 
urrent models a burst might be the produ
t of the 
ollapse of a super massive star, where

a bla
k hole is 
reated. However, the key point is, that there 
ould be two jets ba
k to ba
k in

whi
h parti
les are a

elerated in several sho
k fronts.

A
tive gala
ti
 nu
lei The third group of obje
ts des
ribed here are a
tive gala
ti
 nu
lei

(AGN). This is a typi
ally extragala
ti
 obje
t produ
ing neutrinos. An AGN 
onsists of a

super massive bla
k hole of 106 to 1010 solar masses in the 
enter of a galaxy, whi
h a

retes

and absorbs surrounding matter. This pro
ess 
reates two jets ba
k to ba
k in whi
h protons


an be a

elerated for the produ
tion of neutrinos.
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Figure 2.2: Energy spe
tra of neutrinos from di�erent sour
es [11℄

2.4 Atmospheri
 neutrinos

The so 
alled atmospheri
 neutrinos are produ
ed in the earth's atmosphere. Cosmi
 radiation

hits parti
les in the atmosphere, whi
h leads to a shower of parti
les. The pro
esses des
ribed

in 2.2 o

ure as subpro
esses and neutrinos are produ
ed. These neutrinos are the dominant

sour
e of ba
kground for the sear
h for extraterrestrial neutrinos.

To distinguish extraterrestrial neutrinos from atmospheri
 neutrinos, we are looking for the

parti
le energy. Energy information of the parti
le 
an be used, as both types have di�erent

energy spe
tra. The atmospheri
 spe
trum is assumed to follow a power law with index -3.7.

For 
osmi
 neutrinos the index is about -2. In the �gure 2.2 one 
an see this behavior taking

the predi
ted AGN spe
trum as representative for 
osmi
 �uxes. For 
omparison, various

other sour
es of neutrinos are plotted. One 
an re
ognize the exess of 
osmi
 neutrinos over

the atmospheri
 ba
kground. One problem of this separation is that in high energy regimes of

atmospheri
 neutrinos some other me
hanisms also play a role [19℄. The graph is a 
ombination

of measured data and theory and not understood very well until now.
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2.5 Rea
tion for the neutrino dete
tion

νe e

nu
leon hadoni


jet

νµ µ

nu
leon hadoni


jet

ντ τ

nu
leon hadoni


jet

Figure 2.3: possible rea
tions of neutrinos

As brie�y mentioned in the 
hapters above, neutrinos are very shy parti
les. One possibility to

dete
t them is an indire
t method through 
harged lepton produ
tion.

In the dete
tor volume the neutrinos intera
t with nu
leons and the 
orresponding lepton is

produ
ed. The �gure 2.3 shows the three di�erent 
hannels for the dete
tion. The produ
ts

are 
harged parti
les. Charged parti
les moving faster than light in a medium emit Cherenkov

radiation.

For the dete
tion pro
ess des
ribed in the next 
hapter one needs a long straight traje
tory.

In the �rst 
hannel the ele
tron is easily disturbed by other matter. For example there is the

ele
tromagneti
 for
e whi
h leading to an energy loss and s
attering. So there is no long straight

line. The tau is heavy enough that the for
es lead to a smaller a

eleration. It 
an make a

straight line, but the parti
le will de
ay in a very short time.The last 
hannel, the �golden


hannel for astronomy� is the neutrino rea
tion to a muon, shown in the mid part.For further


onsiderations about the dete
tor design one has to 
are about the fa
t, that the rea
tions result

from the the weak intera
tion. The dete
tor should 
onsist of naturally abundant material like

water and has to 
over a large volume.



Chapter 3

The Antares Neutrino Teles
ope

3.1 Dete
tor layout

As seen in the last 
hapter about the possibility of dete
tion of neutrinos, a large volume is

ne
essary. In order to use naturally abundant target material, ANTARES is lo
ated in the

Mediterranean Sea in a depth of 2500 meters, 40 kilometers o� the 
oast of Toulon.

In fa
t ANTARES is operated by a 
ollaboration of about 30 institutes in 8 
ountries in Europe

and North Afri
a.

Figure 3.1: Antares neutrino teles
ope (artist's view) [2℄

The whole dete
tor 
overs an area of 0.1km2
and has a height of about 450m.

As one 
an see in pi
ture 3.1, the dete
tor 
onsists of twelve dete
tion lines. They are an
hored

to the sea bottom and pulled upwards by a buoy. Ea
h line is 350 meters long and 
onsists

of 25 storeys. The storey is the part of the dete
tor where Cherenkov light is dete
ted. One

storey mainly 
onsists of three glass spheres. They are 
alled the Opti
al Modules (OM). In

pi
ture 3.2 an Opti
al Module is shown. The Opti
al Modules are looking downwards under

an angle of 45°to the ground. Using this arrangement the dete
tor is optimized thus that it

sees primarily muons from neutrinos 
oming out of the earth, e.g. no atmospheri
 muons as

these are absorbed by the earth. Atmospheri
 muons rea
t with atoms of the earth. There are

885 su
h Opti
al Modules. Opti
al Modules 
onsist of a photomultiplier, some ele
troni
s and

sensors. The photomultiplier 
onverts the photon to a 
harge pulse. The readout ele
troni
s

are used to digitize pulses and time informations for the re
onstru
tion of muon traje
tories

8
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and transfers this data to shore.

Figure 3.2: Opti
al Module [3℄

The lines are not �xed to their position, they 
an slightly move around their mean position

to follow the sea 
urrent. It is ne
essary to lo
alize them. Among others this is done by an

a
ousti
 signal every few minutes.

3.2 Dete
tion prin
iple

ANTARES dete
ts the neutrinos indire
tly. Neutrinos 
reate muons under the rea
tion with

nu
lei. The produ
ed muons emit Cherenkov light, as they travel faster than light in water. The

light is emitted under an angle Θ of about 42°. It depends on the refra
tional index a

ording

the equation:

cosΘ =
c

v · n
[10] (3.1)

with 
 the speed of light, v the velo
ity of the parti
le and n the refra
tional index. If several

Opti
al Modules dete
t photons at 
ertain points in time, it is possible to re
onstru
t the

traje
tory of the parti
le. The dire
tion of the muon is nearly the same as the one of the

neutrino. For high energeti
 neutrinos this is a good assumption. The angular resolution of the

re
onstru
tion of the re
onstru
ted muon tra
k is about 0.5°[6℄.

The light has to travel through the water. There is absorption and s
attering. Absorption only

de
reases the amount of light whi
h 
an be dete
ted. On the other hand s
attering 
an disturb

the path of light, whi
h 
an pose a problem for muon tra
k re
onstru
tion. In the range of

wavelength of the Cherenkov light at the ANTARES site the absorption length lies between 50

and 70 m. The s
attering length is in the range from 230 to 300 meters. [4℄

3.3 Photon ba
kground

The dete
tor is looking for light of muons, but there is other light in the sea, too.

Part of this light is out of biolumines
en
e, that means ba
teria, emitting light, or some animals

with luminous e�e
ts. Further there is the de
ay of Kalium-40 emitting light in the frequen
y

band of the Cherenkov radiation. The emission of light 
an be lo
alized or widely distributed

over the whole dete
tor. The distributed sour
es adds to the noise of the dete
tor. On the

other hand lo
alized sour
es 
an be �ltered out from the data.

It is assumed that the ba
kground 
onsists mainly out of 1 p.e. hits. These hits 
an be used for

studies of ba
kground only events, so-
alled Minimum Bias event. These events are 
aptured

when the PMT signal is digitized at random times, without any muon being dete
ted within

the same timesli
e. [9℄



Chapter 4

Physi
s of the opti
al module

As shown, the ANTARES neutrino teles
ope 
onsists of 885 Opti
al Modules. In this 
hapter

the main features for these modules will be explained in more detail.

4.1 Photomultiplier

The �rst step from the photon of the Cherenkov radiation to digital data is the photomultiplier


onverting the photon to a 
harge pulse.

4.1.1 Fun
tional prin
iple of photomultipliers

Photomultipliers are one of the most sensitive photon dete
tors. They 
an dete
t single photons.

Figure 4.1 shows a sket
h of a photomultiplier tube. The light is 
oming from the left. The �rst

intera
tion in the dete
tor is lo
ated at the photo 
athode. The photons 
ause the photoele
tri


e�e
t. Ele
trons leave the 
athode be
ause they are ki
ked out by the energy of the photon.

It is important to mention that there is a threshold to leave the 
athode, 
alled the working

fun
tion. To be sensitive to some spe
i�
 light, its frequen
y has to be high enough to o�er

enough energy for the work fun
tion. In ANTARES the used 
athode material is Bialkali [12℄.

The spe
tral sensitivity is in the range from 300 nm to 650 nm. The maximum sensitivity is at

a wavelength of 420 nm [12℄.

Figure 4.1: S
hemati
 diagram of a photomultiplier tube [12℄

The free ele
tron moves towards the �rst dynode. The dynodes are 
harged positively to attra
t

the ele
trons. As seen in the pi
ture the in
oming ele
trons 
ause an 
as
ade of se
ondary

10



4.1. Photomultiplier 11

ele
trons. These ele
trons move to the next dynode. Ea
h dynode has a positive voltage

respe
tively to the one before. In that manner the ele
trons are a

elerated from one ele
trode

to the next. Finally the in
oming ele
tron �ux is ampli�ed. The anode 
olle
ts the �nal �ux

of se
ondary ele
trons. [16℄

With some ele
troni
s des
ribed later it is possible to measure a signal of voltage a

ording to

the ampli�ed ele
trons.

As one 
an see in �gure 4.1, di�erent ele
trons travel on slightly di�erent paths through the

photomultiplier. At the end, not all ele
trons are at the anode at the same time. There is

a so 
alled transit time spread. The more ele
trodes are used the wider the resulting time

spread. The distribution of the time of dete
tion is not as sharp as the time distribution of

the in
oming photons. Con
luding one has to use as few dynodes as possible. On the other

hand you have to use as many dynodes as ne
essary to amplify the signal. Currently we use

photomultipliers with 14 dynodes, whi
h leads to a transit spread time of 3.3 ns [12℄. For the

pro
ess of re
onstru
tion, the time from the entering of the photon to the dete
tion at the

anode is of importan
e. This time is 
alled ele
tron transit time. [16℄

4.1.2 Types of pulses

Additionally to these main-pulses, spurious pulses 
an be 
reated. We 
lassify them into several

groups a

ording to their time of arrival. In �gure 4.2 you 
an see the di�erent paths of ele
trons

and photons through the photomultiplier. Photons are symbolized as waved lines and other

parti
les like ele
trons as lines.

Figure 4.2: Pulse origin in a photomultiplier [14℄

After-pulses type 1 appear up to 80ns after a main-pulse. 1a) shows one se
ondary ele
tron

es
aping from the dynode, but it does not move dire
tly to the next dynode. The ele
tron hits

the �rst dynode again and 
auses an additional 
as
ade.

After-pulses type 1 are also 
aused by photons emitted on the dynode as shown in 1b). This

photon itself 
an rea
t with the photo 
athode to start an additional pro
ess in the photomul-

tiplier, leading to a new pulse.

The type 2 of after-pulses 
an be tra
ed to the ionization of gas atoms in the photomultiplier.

The me
hani
s are shown in pi
ture 4.2 2) This type appear between 80ns and 16µs after the
main-pulse.

Further there is the late-pulse (see 3)). In this 
ase the primary ele
trons do not lead to

se
ondary ele
trons at the �rst 
onta
t. It s
atters. Finally it rea
hes the dynode again so it


reates a 
as
ade of ele
trons.

The fourth way of 
reating a pulse is the pre-pulse. The pulse is 
reated by a dire
t intera
tion

between the in
oming photon and the dynode. Be
ause the light is faster in the photomultiplier
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than the ele
tron, the pulse appears earlier. The pulse has a lower 
harge than a main-pulse.

[14℄

4.2 Analogue Ring Sampler

The Opti
al Modules deliver an analogue and 
ontinuous signal. Caused by a limited 
apa
ity

of data �ow the amount of data has to redu
ed. One has to digitize the data. Further one

does not need the signal from all times. One only needs data out of periods when photons are

dete
ted. For all these purposes there is the Analogue Ring Sampler (ARS).

The ARS has two main fun
tionalities: It 
an sample the whole waveform and it 
an 
apture

the integrated 
harge of a pulse and the time of dete
tion. ANTARES works only with the

se
ond mode in daily work.

The fun
tioning prin
iple is the following: The Opti
al Modules deliver a 
ontinuous voltage,

the signal. When the signal 
rosses a threshold, typi
ally one third of a 
ommon one photo-

ele
tron hit, the pulse integration is started. Additionally the ARS 
reates a time stamp. The

ele
tri
 
ir
uit integrates the signal over a time of 25 ns.[5℄. These information 
an be held in

the module. After it has 
olle
ted up to 16 SPE-hits, the module sends the data pa
kage to


oast. [5℄.

Be
ause one has to read out and send the data, there is a dead time. In this time no other

pulse 
an be dete
ted. To redu
e this time of blindness we use two ARS 
hips. [5℄.



Chapter 5

Analysing pulse shapes

As basis for simulation of new random pulse shapes I use measured waveforms from Gau
het

Lu
ien and Creusot Alexandre. These waveforms were measured with the same setup [8℄ as

used in the ANTARES neutrino teles
ope.

Figure 5.1: Example of a waveform

The idea of the simulation is to 
hara
terize a PMT pulse shape by some 
hara
teristi
 values.

If one 
onsiders �gure 5.1, one easy way is obvious. You 
an �t a fun
tion to the pulse shape.

The free parameters of the fun
tion are the 
hara
terizing values. The �rst aim is to get

a distribution of these values. In the simulation pro
ess, one 
an draw values out of these

distributions.

Further on I must take into a

ount that there 
an be 
orrelations between di�erent parameters.

If I draw out of these 
orrelated distributions, we do not get the right multivariate distribution

over all parameters as you will see in 
hapter 5.5.

In the next two 
hapters I go through the analyzing and generating pro
ess of the pulses. First

one has to make some preparation on the pulses due to the shift of the origin of 
oordinate

system. Then one 
an perform a �tting pro
ess to get 
hara
terizing numbers of the pulses.

These numbers 
ould depend on ea
h other, so one has to think about solutions to re
eive

independent parameters. There are many possibilities to simulate new pulses. In the next


hapter I will tell how the simulation of new pulses is performed.

13



14 5. Analysing pulse shapes

Figure 5.2: Distribution of the meanvalue of the baseline

5.1 Preparations

I prepared the waveforms in a way that I subtra
ted the ba
kground. We are not interested in

the ba
kground, we are interested in the pulse. For this purpose you need the mean value of

the baseline. In Figure 5.2 one sees the distribution of the baseline in the single waveforms. As

it is a small distribution we take the mean value of the distribution, as a baseline for all values.

The next preparation 
on
erns the time axis. As 
an be seen in �gure 5.1, the range 
overed

by pulses along the time axis was from -240 ns to 60 ns. For simulation purposes it is ne
essary

to estimate a zero point. The 
hoi
e does not play a big role, be
ause it only 
auses an time

o�set in �nal results. But we have to think about it and make a de
ision. As seen, there are

several kinds of pulses. The main-pulse delivers the main 
ontribution. So we take the mean

value of the time of maximum amplitude of these pulses for the zero point. In Pi
ture 5.3 one


an see the resulting distribution. Again it is a very sharp distribution, whi
h 
omes out of the

small transit time spread of the photomultiplier.

Finally we shift the waveforms for -7.36 mV in the voltage dimension and 126.9 ns in time.

Further I take the absolute value, be
ause it was easier to �nd �t parameters for ROOT.

5.2 Separating di�erent kinds of pulses

As mentioned above, there are several kinds of pulses. We want to simulate these in di�erent

ways. It is not ne
essary to simulate all groups separately. It is su�
ient to use two groups.

First there are single pulses. In this group are main-pulses, pre-pulses and late-pulses.

On the other hand there are double pulses, that means one pulse followed by an other pulse,

like after-pulses. Pi
ture 5.4 and 5.5 shows two typi
al pulse shapes out of the two groups.

One 
an imagine that there are a number of di�erent ways to get double pulses and single
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Figure 5.3: Distribution in time of the main-pulses

Figure 5.4: Single pulse Figure 5.5: Double pulse

pulses. All the ne
essary information is 
aptured in the �t parameters. At the �nal simulation

I will de
ide under 
ertain probabilities if I want a double or a single pulse. Afterwards pulse

parameters are 
reated. A new pulse is simulated.

Within the double pulses I will symbolize �rst or se
ond pulses by a 
orresponding number at

the parameter name when it is not 
lear whi
h is meant.

5.3 Sear
h for pulses

First I have to �nd the pulses in the data. Further, to a
hieve good results it is the best

approa
h to restri
t the range of �tting, otherwise features in the ba
kground 
an dominate the

�t. We are looking for a range in whi
h the main 
ontribution to the signal is the pulse itself.

I 
lassify a pulse by voltage over mean value. The signal has to rise above a threshold of 5 mV.

This threshold is approximately about one �fth of 1 pe pulse. Be
ause of some disturban
es

bigger than the threshold, I am looking for long enough pulses. In fa
t I use a threshold of 10

ns here. The start of the �t period is set to 6 ns before the signal rises above the threshold, so

I re
eive the whole pulse rising out of the ba
kground.
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One other problem is re
eiving the right �t range for narrow pulses like in �gure 5.6. Two

mistakes o

ur. First the se
ond pulse is missed, be
ause the voltage is not under the threshold

again.

Se
ondly the �t range would be too big and the �t is wrong due to the �tpro
ess trying to �t

the fun
tion on the data with two peaks.

Figure 5.6: Narrow pulses

To avoid the �rst problem I do not look for the end of the pulse for the �t period. I 
an assess

the time of the pulse. I used 30 ns for the duration of one pulse.

The other problem is solved by looking for a se
ond rise in voltage. If the �rst pulse de
reases

a sear
h mode is set into alarm. Now if the voltage is rising again, I wait a small time (here

5 ns) and 
he
k if the pulse 
ontinue rising. If the se
ond rise is dete
ted, the se
ond pulse is

dete
ted.

5.4 The �tting pro
ess

For a good �t pro
ess one has to �nd a fun
tion with the same properties as the data. The main


hara
teristi
s of the pulse forms are the steep rise at start and the tail at the end. I tested

some fun
tions. The �rst and simplest way is a polynomial fun
tion of degree n. The result

leads to n+1 free parameters. Ea
h analyti
al fun
tion 
an be approximate in that manner in

arbitrary pre
ision. But there are many free parameters. Other fun
tions are perhaps better

suited. The best results are a
hieved with a landau distribution. It was developed for the

energy loss of parti
les in dense matter by Landau [15℄. For the �tting we are using ROOT.

Here the 
al
ulation of the Landau distribution is adapted from the CERNLIB routine G110

denlan. And the des
ription for the landau distribution of [13℄ is used.

Figure 5.7 shows a landau distribution �tted to a measured pulse. There are three parameters


oming out of the �tting pro
ess. First the MPV standing for the approximated time of the

maximum amplitude. Se
ondly there is the Sigma value whi
h des
ribes the width of the pulse.

Finally the value 
alled �
onstant�. It stands for a prefa
tor of the distribution to get di�erent

amplitudes.[20℄
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Figure 5.7: Landau distribution �tted to a pulse

The Fitpro
ess is performed by using the �t routine of ROOT. It is using the χ2
-minimum

method. The idea of that methode is to �nd a minimum of the approximated error

E(he, ht)i =
∑

i

(he
i − ht

i)
2

ht
i

(with i = 1, . . . , N). [1] (5.1)

The formula des
ribes the quadrati
 deviation between the �t and the data. he
i is the measured

value of the i-th bin. ht
i is the value of the theory, here the value of the �tted fun
tion at bin

i. N is the number of bins the fun
tion is �tted.

Finally one re
eive three �t parameters 
alled 
onstant, sigma and MPV.

Goodness of �t The goodness is tested by the χ2
-distribution test. The idea of the test

is, that one 
he
k if the �t 
an be a
hieved by other models with a high probability. A given

hypothesis, the generated �t, is refused under a 
ertain signi�
an
e level. Commonly one tests

a theory by a set of measured data.

The used test looks for deviations of the data from the theory. As seen above the data is binned

in the time axis, so we 
an look for deviations in ea
h of the N bins used for the �tting pro
ess.

Equation 5.2 is the value we get for ea
h bin.

E(he, ht)i =
(he

i − ht
i)

2

ht
i

(with i = 1, . . . , N) [1] (5.2)

he
i is the measured value of the i-th bin. ht

i is the value of the theory, here the value of the

�tted fun
tion at bin i.

Be
ause negative and positive di�eren
es are not to be eliminated by ea
h other, I am using the

squared di�eren
e. The denominator leads to equal relations between large and small values.

Big deviations at big values are not as heavy as small deviations at small values.

Next I sum over all bins and get:

y =

N
∑

i=1

(he
i − ht

i)
2

ht
i

(5.3)
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This value tends to a χ2
-distribution with k = N−1 degrees of freedom. One takes an arbitrary

value for the signi�
an
e level, for example 5%. This means that if one refuse the hypothesis

there are 5% of distribution underlying the tested hypothesis but have a more extreme χ2
than

the threshold. [1℄

Further one 
an 
al
ulate the P-Value. The P-Value stands for the amount of distributions

underlying the theory having a more extreme χ2
than the tested one, e.g. is not �tted as well

to the theory as the tested. One see that a high P-value symbolizes a good �t to the data.

Figure 5.8: P-Value of �tted pulses

In Figure 5.8 you see the distribution of the P-Values of all �tted and used pulses. The values

are quite large so I 
an assume the �t pro
ess was mostly su

essful. I 
an use the �t parameters

for the simulation. I do not have to make a 
ut on the �ts to get rid of the badly �tted fun
tions.

5.5 Prin
ipal 
omponent analysis

The last 
hapters were dedi
ated to the sear
h for parameters to 
hara
terize the physi
al data.

They are probably not the best 
hoi
e for getting statements of an underlying physi
al model.

The parameters 
ould be 
orrelated or some 
ould be not of mu
h interest. For example one


an image, someone investigate some boxes of a spe
i�
 material. He is measuring the size and

the weight of the boxes. He has two numbers for ea
h box he is investigating. One already

realized the size and the weight is 
orrelated, that means the bigger the box the heavier the

box.

In our 
ase the �nal goal was to get independent parameters to be able to draw up new

parameters for the simulation of pulses. So we have to look for a method to test and get rid of


orrelated parameters. Here the prin
ipal 
omponent analysis (PCA) 
an be used.

The main goals of the PCA are:

� extra
ting the most signi�
ant data

� getting rid of 
orrelated data
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The PCA leads to a linear transformation. The transformation 
onverts measured parameters,


alled points in the pattern spa
e, into the feature spa
e. One 
an also perform the transfor-

mation the other way round, whi
h is needed for simulation.

Figure 5.9: 
orrelation in two dimensional data

In �gure 5.9 one 
an see a 2D-Plot of the amount of pulses with a 
ertain 
ombination of the

two parameters. They are 
orrelated, re
ognizable by the in
lination of the 
loud. The used

data is out o� a �t pro
ess to pulse shapes of di�erent kinds than used �nally for this ba
helor

thesis. If one draws the parameters a

ording to that 
oordinate distributions, one does not

re
eive the underlying distribution in two dimensions, be
ause they are 
orrelated. We have to

�nd a basis in whi
h the parameters are not 
orrelated.

In this ba
helor thesis I took the TPrin
ipal 
lass of ROOT [21℄ for this purpose.

What I am looking for are axes of parameters orthogonal to ea
h other. That means they

are independent of ea
h other. The used 
lass applies the 
ovarian
e method to get the new


oordinate system. First it is looking for the 
ovarian
e matrix. It is de�ned as follows:

C = 〈yyT 〉 with y = x− 〈x〉 (5.4)

Here x is the point in pattern spa
e and the bra
kets indi
ate the mean value. This matrix is

a measurement for the linear dependen
e of the variables. The matrix element cij of matrix

C stands for the 
orrelation between 
oordinate i and j. The matrix is a generalization of the

varian
e of a one dimensional distribution to a multivariate distribution.

On
e the 
ovarian
e matrix is 
al
ulated one 
an easily get the axis I am looking for. One has

to get the eigenvalues and eigenve
tors. The eigenve
tors

−→e1 to

−→en build up the transformation

matrix T from pattern to feature spa
e.

T =
{−→e1

−→e2 · · · −→e3
}

(5.5)

One diagram out of the �nal result to the above used data is shown in �gure 5.10. You see the

shape is aligned to the axis.

One 
an redu
e the number of 
oordinate axes if wished. One has to 
onsider that you loose

information, but on the other hand you 
an redu
e your amount of data. Often some values
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Figure 5.10: Transformed parameters in feature spa
e

are not of interest, like the mass of the boxes in the example above, then you 
an get rid of

that data.

But what data is important and what 
an we 
ut? Commonly you sort the eigenve
tors by the


orresponding eigenvalues. The higher the value the more signi�
ant the 
omponent. You have

to take as many of the 
omponents as you want, but starting with the one with the biggest

eigenvalue.

A last question is left. When is PCA ne
essary? If there is no 
orrelation in the data one does

not need the PCA. It is not easy to see it in diagrams in all 
ases. I have already used the


ovarian
e matrix. If there are numbers near by zero in nondiagonal elements, one does not

have to perform a PCA, be
ause the 
omponents are not 
orrelated. That way is a little bit

tri
ky be
ause the numbers are no good quantities for the strength of 
orrelation. The numbers

are trends. Further, one 
annot see nonlinear relations between 
omponents.



Chapter 6

Results

6.1 Probability of double and single pulses

The �rst result I am presenting here is the relative amount of double pulses to single pulses.

This number is important to know, be
ause I want to simulate these two groups separately. I

will make a de
ision before the simulation, pulses from whi
h group are to be simulated.

Under the 18248 dete
ted pulses there are 18007 single pulses and 241 double pulses. Con
luding

we have to simulate double pulses with a probability of 1.3 per
ent. In the other 
ases there

will be a single pulse.

6.2 Single pulses

The �t pro
ess for single pulses delivers three numbers for ea
h single pulse. Figures 6.1 to 6.3

show the distribution of the three-dimensional spa
e proje
ted on two axes.

Figure 6.1: Distribution of Constant over

MPV

Figure 6.2: Distribution of Sigma over MPV

The �rst two �gures show the distribution of the time-like parameter MPV to the other pa-

rameter axes. As one 
an see there are several areas. First most of the pulses are mainpulses

where MPV is near zero. Left, next to them, there are pre-pulses. They are not shaped as

an additional group, they are distributed in the negative time-range. On the right you 
an

see the late-pulses as a wide 
loud. This time-like distribution is interesting when one has in

mind to 
hara
terize di�erent pulses. Figure 6.4 shows this behavior in logarithmi
 s
ale. The

maximum amount of main-pulses in one bin is two orders higher than that of late-pulses. Most

late-pulses arrive at a time between 50 to 60 ns after the expe
ted time for mainpulses.

21
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Figure 6.3: Distribution of Sigma over Constant

Figure 6.4: Distribution of MPV in single pulses

The following formula shows the normalized 
ovarian
e matrix for ea
h pair of parameters.

C =





0.3333 −0.01417 −0.04431
−0.01417 0.3333 0.027
−0.04431 0.027 0.3333





(6.1)

The 
olumns and rows are �lled with values in the arrangement 
onstant, MPV and sigma. The

message of this matrix is that there are only very small 
orrelations, as seen in the histograms

above. This is a �rst hint, that perhaps the PCA is not working so �ne.

Figure 6.2 shows the sigma parameter. As one 
an re
ognize, there is a slight dependen
y in

the data of the main-pulses. The 
ovarian
es of the parameters shows exa
tly this behavior

(see Equation 6.1). The 
orresponding value in line 3 and 
oulumn 2 is positive, e.g. the

higher MPV the higher sigma is expe
ted. But as one 
an see all values are very small. The

other values of pre- and late-pulses also in�uen
e the matrix. Here a 
orrelation 
annot be seen

dire
tly, whi
h makes it di�
ult to draw a de�nite 
on
lusion.

Figure 6.3 shows the behavior between the Sigma and Constant. One 
an see that the higher

the pulse is the smaller the width of pulse is.

What are the possibilities to re
eive simulated parameters?
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Simulation with 1D histograms First we 
an use ea
h distribution of the parameters to

draw single parameters. The big advantage is that there is not mu
h work to do and the storage

needed is very low. There are only the values of non zero entries to be stored. In my 
ase I

used 100 bins for ea
h histogram to get a satisfa
tory high resolution. The maximum storage

I need are for 300 �oating point numbers.

As one 
an imagine there is a big disadvantage, if there are high dependen
ies between the

parameters. If one draws parameters out of the distributions proje
ted to one dimension,

you assume the parameters are independent. The dependen
y is not delivered by the single

distributions.

Figure 6.5 shows simulated parameters out of one-dimensional distributions. One already sees

that there is a loss of information. There is no slight de
ent in the main-pulses. The next �gure

presents the ratio between the original data to the simulated ones. The fa
t observed with the

naked eye is 
on�rmed. High values symbolize that there are less pulses simulated than in the

original and the other way round.

In the other areas there is a agreement. Here one has to 
onsider that in single bins deviations

are to be negle
ted. They are eviden
es for the random pro
ess.

Figure 6.5: Distribution of Sigma over MPV

simulated with 1D-distributions

Figure 6.6: Distribution of MPV over

Sigma, 
omparison between simulation and

data

Simulation with a 3D histogram The next way one 
an handle the simulation pro
ess is

to take the data and put it into a three-dimensional histogram. Finally you are able to draw

random parameters out of these distribution. If there are in the same resolution as above, one


an re
ognize that there is mu
h data to store, even if I do only save non zero entries of the

histogram.

Figure 6.7 shows the visualization of the parameters in a three-dimensional plot. The 
olors

show the amount of pulses within a bin.

Finally I also tested the two-dimensional distributions out of this new simulation method for

agreement to the original data. In the �gures 6.8 to 6.11 one 
an see the related histograms.

The histogram of MPV and sigma shows the dependen
y lost in the method above. There

is a slight 
orrelation between the two parameters at the region of main-pulses. Next to the

simulated distribution there is the diagram of the 
omparison. One 
an re
ognize that there is

no deviation, other than in the last method. In the middle parts of the 
louds it seems to be

a better simulation than on the outer parts. This is a e�e
t of the range of numbers. In the

outer regions there are only spots with a little number of pulses so if there are one more or less
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Figure 6.7: Visualization of the single pulse parameters

Figure 6.8: Distribution of Sigma over Con-

stant simulated with 3D-Histograms

Figure 6.9: Distribution of Sigma over Con-

stant simulated with 3D-Histograms, 
om-

parison between data and simulation

in the simulation, there is a big deviation. It is important, that the distribution of numbers

smaller and bigger than one is approximately equal in all regions.

Simulation PCA The third way to simulate the parameters involves the prin
ipal 
omponent

analyses. First the PCA has to be performed. The main out
ome are two fun
tions to transform

parameters from the pattern spa
e to the feature spa
e and the other way round.

The �rst step is to generate histograms out of the data transformed to the feature spa
e. Out

of these histograms one 
an draw new random parameters, whi
h are to be transformed ba
k

to the pattern spa
e.

In the �rst step I already saw that the PCA does not work well in this 
ase. One sees that

there are dependen
ies in the parameters of feature spa
e. (see �gures 6.12 and 6.13). What


ould the problems be? First there are very spare data distributed over a wide range.
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Figure 6.10: Distribution of Sigma over

MPV simulated with 3D-Histograms

Figure 6.11: Distribution of Sigma over

MPV simulated with 3D-Histograms, 
om-

parison between data and simulation

Figure 6.12: Distribution of P1 over P2 of

PCA

Figure 6.13: Distribution of P3 over P2 of

PCA

As one 
an imagine, with this data there is no way to simulate new pulse parameters in a proper

way. There is no agreement in the data simulated and measured data.

The �nal result of single pulses is that I am going to simulate new parameters by the three

dimensional histogram. 6945 bins are of a non zero value. If the performan
e has to be higher

one 
an 
hange to the original one dimensional histograms, but be aware of the loss information.

6.3 Double Pulses

Double pulses are des
ribed with six instead of only three parameters. Due to that, the easiest

way to draw new random parameters is not to take a histogram of the ne
essary dimensionality,

be
ause ROOT delivers no six dimensional histogram. Further on this would lead to a very

high amount of data to store of N6
with N being the bins per dimension.

Additional to the sear
h of a non trivial drawing method, there is a quite hard problem, I


annot get rid of in this ba
helor thesis. In the used data there were only 241 double pulses.

This is a very low number in sense of statisti
s. But the following 
onsiderations are universal

for more data. The 
omparing plots as seen in the last 
hapter about single pulses 
annot be

used here. If in one of the 
omparing histogram the bin 
ontent is zero there is no data in the


reated histogram. Con
luding there is even fewer entries than in the underlying histograms.
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Following one 
an read the 
ovarian
e matrix delivered by the ROOT-PCA routine TPrin
ipal.

The parameters are numbered as in the 
hapter above. Additionally the three parameters of

the se
ond pulse are atta
hed in the same order.

C =

















0.1667 −0.02605 −0.0137 −0.0233 0.01824 −0.02992
−0.02605 0.1667 0.00202 −0.01179 0.09853 0.017
−0.0137 0.00202 0.1667 −0.00512 0.005017 0.01737
−0.0233 −0.01179 −0.00512 0.1667 −0.0006312 −0.0271
0.01824 0.09853 0.005017 −0.0006312 0.1667 −0.003842
−0.02992 0.017 0.01737 −0.0271 −0.003842 0.1667

















(6.2)

As one 
an see there are only small values standing for less 
orrelations between the parameters.

In the element of the MPV of the �rst pulse and the MPV of the se
ound pulse are indizes

whi
h 
ould stand for a 
orrelation with a higher impa
t. The de�nition of �rst and se
ond

pulses leads to di�erent time distributions, 
auses di�erent distributions in the MPV. In fa
t

there 
annot be some se
ond pulses before the �rst pulse. Figure 6.14 shows the 
orresponding

histogram. Here also one 
an see the agglomeration of main-pulses with after-pulses in MPV

regions of 20 to 80.

Figure 6.14: Distribution of MPV 2 over

MPV 1 of original data

Figure 6.15: Distribution of Sigma 1 over

MPV 1 of original data

Figure 6.15 shows the behavior of the MPV to the sigma value of the �rst pulse. As in the last


hapter we see there is a slight dependen
y between these two parameters. The 
orresponding

parameters of the se
ond pulse are shown in �gure 6.16. Be
ause there is not su
h a big

agglomeration of pulses in one region of MPV one 
annot dete
t a 
orrelation in that 
ase.

One more example for the distributions proje
ted into two dimensions are shown in �gures 6.16.

That example is typi
al for the other distributions. One 
annot see dire
tly any 
orrelations.

Out of the two-dimensional distributions one 
an see there are three parameters whi
h depend

on ea
h other.

Simulation with 1D-histograms The �rst attempt to simulate new parameters is drawing

the numbers out of one dimensional distributions. Be
ause in the 
omparing plots there have

too few entries I do not show them here. They do not transport mu
h information.

The simulated sigma and 
onstant of the �rst pulse is shown in �gure 6.18. The distribution is

quite similar to the original data. That is also true for most of the other distributions.

Figure 6.19 shows the distribution of the time-like axes. You 
an see there are double pulses

with the se
ond before the �rst. So using un
orrelated parameters simulation in this 
ase is

not an a

eptable way to re
eive simulated pulses.
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Figure 6.16: Distribution of Sigma 2 over

MPV 2 of original data

Figure 6.17: Distribution of MPV 2 over

MPV1 simulated with 1D-histograms

Figure 6.18: Distribution of Sigma 1 over

Constant 1 simulated with 1D-distributions

Figure 6.19: Distribution of MPV 2 over

MPV 1 simulated with 1D-distributions

Simulation with PCA The se
ond way to generate pulses is to perform a PCA on the

measured data, using the histograms of transformed data to draw new parameters for pulses.

One 
an assume that be
ause the parameters are distributed in an homogeneous shape in most


ases, the PCA should work well.

A few �rst �gures are shown from �gure 6.20 to 6.23. All histograms have one similarity. The

entries are more distributed over the spa
e than the original data. The �rst �gure is the best,

the distribution looks nearly the same as the original.

Figure 6.21 shows the most drasti
 result. In the simulation there is a widely distributed


loud of pulses. The original histogram has a thin line around an MPV of zero. The result in

simulation would be that there is a bigger varian
e in the time of the pulses. The next �gure

shows histograms with the distribution of the timelike axis and a sigma value. Again the time

is smeared.

The �nal �gure of this series shows a good example of PCA modeling. If one 
ompares it to

the original, one 
an see the �t is very good. There are a few entries around zero and the most

entries are around 40 in a wide 
loud.

We see the PCA works well if there are parameters lo
alized in a 
loud with some spread. The

method does not work well if there is a very agglomerative line and some other spread parts

around. The PCA tends to smear out the data over the whole parameter range.
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Figure 6.20: Distribution of Constant 1 over

Constant 1 simulated with PCA

Figure 6.21: Distribution of MPV 2 over

MPV 1 simulated with PCA

Figure 6.22: Distribution of Sigma 1 over

MPV 1 simulated with PCA

Figure 6.23: Distribution of Sigma 2 over

MPV 2 simulated with PCA

Simulation with 
ombination of 3D and 1D histograms The �nal method I tried to

generate new random pulses is to 
ombine the method I used for single pulses with the well

working method of original 3D histograms and the remaining dimensions are simulated by one

dimensional histograms.

As one saw in the original histograms, the main dependen
ies between the parameters lie in

the timelike axes MPV and between the MPV and sigma of the �rst pulse. One 
an put these

three parameters into one histogram of three dimensions. The remaining parameters are drawn

out of 1D histograms. If there are more 
losed 
ir
les of dependen
ies, one 
an make more su
h

higher dimensional histograms. Here it is not ne
essary.

Figures 6.24 to 6.27 show the result of this methode. The results are mostly very similar to the

original data. As expe
ted, the right order of �rst and se
ond pulse is a
hieved.

As seen in the last 
hapter, the method of three dimensional data aquisition is the best way.

In the upper region of the �gure 6.24 one sees one problem, whi
h one always has with distri-

butions generated with one dimensional distributions. There 
an be straight lines due to one

entry in the histogram. The distribution of the other dimension leads to a smearing e�e
t over

the whole histogram arranged in a line, even if there is no measured pulses in the underlying

data at this bin.

The �nal message for this method is that we 
ombined the storage saving method of one

dimensional histograms with the method of the best a

ura
y, the storage of three dimensional
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Figure 6.24: Distribution of Sigma 1

over Constant 1 simulated with 
ombined

method

Figure 6.25: Distribution of MPV 2 over

MPV 1 simulated with 
ombined method

Figure 6.26: Distribution of Sigma 1 over

MPV 1 simulated with 
ombined method

Figure 6.27: Distribution of Sigma 2 over

MPV 2 simulated with 
ombined method

information. For more pre
ision one needs more data of double pulses. In the shown histograms

there are only 241 measured pulses the simulated number is 300. In the spe
ial 
ase of 
omparing

histograms in terms of getting the ratio between them, one needs 
losed data 
louds. Closed

data 
louds are distributions with entries in ea
h bin.

One 
an try to redu
e the resolution of the histogram. As seen in the 
onsiderations, if there

are dependen
ies in the parameters, they are very small. In the used resolution they are only

up to the size of ten bins. So if one in
rease the bin size the dependen
ies 
ould vanish.

6.4 Pulse 
harge

Finally I will test if the simulation re
onstru
t the same 
harge distribution as the original

pulses. This is also of interest for the energy re
onstru
tion of the muons.

The 
harge 
an be measured by the integral of the pulses. Commonly one sets the integral value

with the highest amount of entries to a 
harge of one single ele
tron, as one thinks all pulses are


reated by single photons. As the response of a photomultiplier is linear, the transformation of

the axis of 
harge is just a multipli
ation.

Figures 6.28 shows the 
harge distribution of pulses of the original data. The mean value is

484.6 and the root mean square is 114.4. There is a maximum at around 440. Here I say the
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Figure 6.28: Charge distribution of data

single pulses

Figure 6.29: Charge distribution of simu-

lated single pulses

pulse has a 
harge of one photoele
tron. I do not take the absolute maximum of values in the

histogram lying at 420. I �t a polynom of degree 6 to the range from 300 to 600 and re
eive a

the des
ribed maximum.

The shape is formed by big amount of entries around the mean value. On the lower side there

is a steeper rise than on the upper side.

The distribution for the simulated pulses is shown in �gure 6.29. The mean value is equivalent

to the mean of the original data, with a pre
ision lower than 0.25 %. The agreement of the

root mean square is up to 1 %.

Figure 6.30: Comparison between 
harge of data and simulation of single pulses

To illustrate the agreement between the simulation and the data �gure 6.30 shows the quotient

of the two histograms above. Over a wide range from 300 to 800 one 
an see a value nearby

one, standing for good agreement. In the outer ranges there are some deviations between the

to histograms, 
aused by the low number of entries.

The same test is made for the double pulses. The shape is similiar to the single pulses. There

is a steep rise at the lower edge and a longer tail at the upper regime. The mean value for the

pulses out of the data is 361.7. It is smaller than the value of single pulses, be
ause the 
harge

has to be deployed in two pulses. But the value is not the half, as one 
ould assume at �rst

glan
e. Out of the values one re
ognizes the 
omplete 
harge of a double pulse is higher than
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of a single pulse.

Again there is a high agreement between simulated pulses to measured pulses. The mean

deviates only by less than 2%. The higher value than seen for single pulses are 
aused by the

low number of entries.

Figure 6.31: Charge distribution of data

double pulses

Figure 6.32: Charge distribution of simu-

lated double pulses

In �gure 6.33 there is the 
omparison of the two histograms above. There is a tenden
y for

values nearby one. But one 
an see some deviations as expe
ted.

Figure 6.33: Comparison between 
harge data and simulation of double pulses

Con
luding this last test before the appli
ation in Seatray is satisfying. The simulated pulses

have similar properties to the original pulses.
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Appli
ation in SeaTray

This last 
hapter aims to introdu
e the appli
ation of the simulation to the SeaTray framework

des
ribed in the �rst part. The di�erent approa
hes to a simulation of minimum bias events

are 
ompared to a
tual data.

7.1 Introdu
tion to Seatray

Seatray is a framework-based analyses toolkit for ANTARES. It has a modular stru
ture to be

easyly used by the end-user. The end-user is to be able to use separate modules, arrange them

in a working 
hain and 
hange some input parameters to solve a problem.

Due to the fa
t that the framework is modularized, all modules shall work independently of

ea
h other. This leads to a user friendly interfa
e.

The modules build up an analysis 
hain. Through that 
hain one 
an push so-
alled frames.

Frames are unites of information, like the 
urrent dete
tor geometry, 
alibration or the infor-

mation about Cherenkov light rea
hed the photomultipliers. Ea
h frame is passed through the


hain of modules.

Seatray is able to handle raw and Monte Carlo data. Seatray is used for data pro
essing as

well as for simulation pro
esses as I do in this ba
helor thesis.[7℄

7.2 Pro
essing 
hains in Seatray

In the following se
tion I will test the new method against the existing modules.

There are several modules to simulate the Opti
al Module. Figure 7.1 shows the di�erent

approa
hes. All 
hains begin with a �le of data. Even if I do not use the data of hits in it, the

simulation needs an OM-Condition map. This maps 
ontains the 
urrent information of the

fun
tionality of the Opti
al Modules and the photon 
ountrates per OM.

On the left one sees the 
hains of SeaTray. It starts with the I3NoiseHitsAdder. This module

generates 1 p.e. hits. These hits are passed to the next module. The old SeaTray module

I3AntPMTTTSSimulator simulates the response of the photomultiplier. The output of this

module are so-
alled re
opulses, whi
h already give an integrated 
harge and time smeared to

the measured timing distribution of the PMT. The ARS-Simulator afterwards adds up 
omplete

re
opulses whi
h arrive within an integration window of an ARS. Be
ause there is a assumption

of ideal pulses and there is no step, whi
h involves the a
tuel in�uen
e of deviating PMT

behaviour in the various OM, one has to smear the 
harge and the time within the PMT

simulation. The 
hain 
ontinues with the de- and re
alibration,

In 
ontrast there is the new method of waveform simulation. One has to use the I3AntPMT-

WaveformSimulator. Here whole waveforms are generated as des
ribed above. These waveforms

32
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Data�le with events

SeaTray

TriggerE�
ien
y

I3NoiseHitsAdder

(a

ording to rates per OM)

I3AntPMTTTS-Sim


harge and arrival time

I3AntPMTWaveform-Sim

the new method

ARS-Simulator ARS-Simulator

de- and re
alibration Calibration

Figure 7.1: Possible 
hains of simulation

are passed to the new ARS-Simulator, whi
h is able to re
eive the AVC and TVC, 
harge and

time equivalents, out of the waveforms by integration pro
esses. The output is the raw-data

format of ANTARES, so-
alled AntSPE-Hits. Finally there is the 
alibration, whi
h generates


alibrated re
opulses with a 
harge and time from the SPE-Hit. Here more work has to be

done to simulate the 
alibration pro
ess in ANTARES to re
eive an even better result than

until now.

On the right there is TriggerE�
ien
y a standalone analyses toolkit.

For the tests above I have used Minimum Bias data out of the run 49995 and 52965 out of the

year 2010.

7.3 Results of 
omparison

It is good to know how the implementation is working to understand the results I am presenting

in this 
hapter. The key fa
ts ANTARES is interested in are the 
harge of pulses and the time

of arrival. So I will 
on
entrate my analyses to this points.

Charge distribution of pulses First I will have a look at the 
harge distribution of pulses.

Figures 7.2 and 7.4 show the distributions of the 
harge in the pulses dete
ted. One detail

is obvious. The 
harge of Minimum Bias hits are more spread around the mean value near 1

p.e. There are some 
alibration pro
esses in the ARS, whi
h are not simulated in the 
urrent

version so well. It 
an be redu
ed to that we are assuming too ideal pulses 
oming out of the

PMT than it is in reality. The result would be that the 
harges are spread over a wider range.

Even without this step the resulting values representing the measured data very well.

In fa
t I used here a generi
 way to simulate the pulses. In 
ontrast the other simulations uses

distributions for the 
harge and time of arrival and simulate 
harge smearing from the observed

distribution in data.



34 7. Appli
ation in SeaTray

Figure 7.2: Charge distribution of pulses of di�erent simulation methods by run 52965

Figure 7.3: Charge distribution of pulses of di�erent simulation methods by run 49995

In Figure 7.3 one sees another example of a simulation. That is not only an other simulation

with the same OM 
ondition map, but I use the di�erent run 49995. The main fa
ts of the

distributions are the same. The shown examples are no arbitrary results, but reprodu
ible for

di�erent runs.

The 
harge distribution of a simulation with TriggerE�
ien
y is shown in �gure 7.4 with the

distribution of Minimum Bias hits. We see the distribution �ts quite well.

Finally one sees the Waveform Simulation leads to a similar to the real distribution.

Charge distribution of after-pulses Further I 
ompare the 
harge distributions of after-

pulses, whi
h 
an be distinguished by being a se
ond hit after a prior photon dete
tion on the

same OM.
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Figure 7.4: Charge distribution of pulses of di�erent simulation methods by run 49995

Figure 7.5: Charge distribution of after-pulse of di�erent simulation methods

Figure 7.5 shows the 
harge distribution of after-pulses. One sees a distribution around 1 p.e.

as expe
ted. There is a peak at 0.3 p.e. due to the integration in the ARS module. This is

no e�e
t of this single simulation, this e�e
t is seen in other simulations with the Waveform

Simulator, too. Adapting the waveform simulation to less ideal PMT 
onditions might result

in smearing out this peak at 0.3 p.e. and thus 
ontribute to the observed 
harge distribution.

Con
luding there is a higher agglomeration around the mean value in the new simulation than

in the Minimum Bias data.

Figure 7.6 shows the distribution resulting from TriggerE�
ien
y. Here one 
an see the biggest

agreement to the Minimum Bias data. Also here a tenden
y of a to narrow distribution is

re
ognizable.

The �nal two plots show the 
harge distribution of the se
ond pulse over the �rst pulse. The

problems in both groups of pulses are re
ognizable. The distribution is to wide due to the

assumption of too ideal pulses leaving the PMT.
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Figure 7.6: Charge distribution of after-pulses of di�erent simulation methods

Figure 7.7: Charge distribution of pulses of

Minimum Bias events

Figure 7.8: Charge distribution of pulses

simulated with Waveform-Simulation

Arrival time di�eren
e for 
onse
utive hits The next 
omparison will 
on
ern the time

of arrival. Figures 7.9 to 7.12 show the distribution of arrival time of hits with respe
t to the

Figure 7.9: Arrival time di�eren
e for 
on-

se
utive hits in Minimum Bias Events

Figure 7.10: Arrival time di�eren
e for 
on-

se
utive hits simulated with waveforms
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previous one. One 
an re
ognize that there is an empty region up to around 40 ns due to the

dead time of the ARS. In the time dire
tly following there are to be more pulses than in the

rest of the time axis as shown in the plot with Minimum Bias events. This ex
ess is 
aused

by afterpulses, whi
h o

ure in the �rst 80 ns se
onds as mentioned in the 
hapter about the

Opti
al Module. TriggerE�
en
y and the Waveform Simulation both show this e�e
t.

Figure 7.11: Arrival time di�eren
e for


onse
utive hits simulated with TriggerEf-

�
en
y

Figure 7.12: Arrival time di�eren
e for 
on-

se
utive hits simulated with TTSSim

I show here the ratio between the rate in the �rst ex
ess region up to 80 ns to the baseline

region to re
eive a qualitative feedba
k how good the simulations are. The ratio is 
alled R in

the following. For the ratio I 
ounted all hits up to 80 ns and 
al
ulate a value for the rate by

dividing by the time from the �rst 
ounted hits to 80 ns. In analogue I 
ount the hits in the

rest of time. The results are shown in the table 7.1.

Table 7.1: Rate ratio R of ex
ess to basline

Minimum Bias WaveformSimulation TriggerE�
en
y TTSSim

R49995 2.36 2.26 2.56 1.06

R52965 2.40 1.76 2.02 0.81

R53003 1.79 1.31 1.52 0.82

The numbers of ea
h line refer to a simulation based on one spe
i�
 run.

The results say that in the �rst 40 ns of measured hits there are R-times more hits than in

the baseline. TriggerE�
en
y is in this example very 
lose to the Minimum Bias data. The

Waveform Simulation leads also to an good value in term of a maximal deviation of only

maximal 10% in this examples. The look to all simulations leads to the 
on
lusion that the

Waveform Simulation to the Minimum Bias values. than the other values.

If one has a 
loser look to the diagrams, one 
an re
ognize di�eren
es in time of start. That

means the Minimum Bias events start at a time of 36 ns, the TriggerE�
en
y, too. The new

method, WaveformSimulation is starting at 40 ns. That 
an be 
orre
ted by the right 
hoi
e

of some parameters in the SeaTray module. The TTS-Simulation starts even earlier, indeed in

this simulation is more o�set than in the other ones.
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Con
lusion and outlook

This ba
helor thesis is about the simulation of the response of the Opti
al Modules in the

ANTARES neutrino teles
ope. The simulation is based on data taken from a setup similar

to that used in ANTARES. These pulses are analyzed and redu
ed to 
hara
teristi
 numbers.

Finally I had to think about the 
orrelations of the parameters and the possible e�e
t on a

simulation.

In the used data only small e�e
ts of 
orrelations are observed. The attempt to �ght it with

a Prin
ipal Component Analyze failed or did not bring a big advantage so I took the method

to draw new parameters out of a high-dimensional histogram or 
ombined with additional

one-dimensional histograms. In this way all 
orrelations of the parameters are ful�lled.

The analyses were 
ompleted with some 
omparisons between original distributions and simu-

lated distributions.

The analyses led to di�erent simulation methods for single and double pulses. Single pulses

are to be simulated by a three dimensional histogram. All 
orrelations of the original data

are preserved and one re
eives a very pre
ise re
onstru
tion. Double pulses are simulated by a


ombination of methods. First I looked for the most 
orrelated parameters. They are simulated

by a three-dimensional histogram. The remaining parameters are simulated by one-dimensional

distributions out of the original data.

The �nal test for agreement were the 
harge distributions. Here I 
ould see the simulated


harges �t very well to the measured data.

One remark 
on
erns the number of pulses used for the analyses. As one sees in the �gures

about double pulses, there are very spare data. It is desirable to get data 
overing the whole

parameter spa
e.

In the last 
hapter one 
an see the appli
ation of the simulation in the SeaTray-Framework.

The simulation delivers very good results, one re
eives a distributed 
harge similar to the

distribution re
eived from Minimum Bias events. The Minimum Bias data are spread over a

bigger range. This dis
repan
y is 
aused in 
alibration pro
ess, where pulses are smeared. This


alls for more exa
t modeling of PMT parameters, like the gain.

After-pulses type 2 were not treated here, be
ause of the la
k of data. That would be a next

step to improve simulations.

Finally it would be ne
essary to simulate not only pulses around the 
harge of one photo

ele
tron, but also other 
harges. Therefore one needs data out of su
h experiments. The

simulation steps after is the same as des
ribed in this ba
helor thesis.

Afterwards are there is a new generi
 way to simulate the response of the Opti
al Modules, in


ontrast to the old simulations with some distributions in it, whi
h 
an be used to enhan
e the

understanding of PMT behaviour within the ANTARES dete
tor.
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