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Chapter 1

Introduction

In the last 20 years cosmology has progressed from a datangiao a prospering science
branch. Today we know that the Universe was in a very dense ataearly times and since
then has expanded to its current size. The lamentary sireadf galaxies and clusters we ob-
serve today originates from small perturbations in the prafal density eld, which grow due
to self-gravitation. The increasing number of cosmololgggeriments and the huge amount
of high-quality data oer great possibilities to study the structure and evolubioour Universe.
Cosmologists developed the so-calle@DM or “concordance” model, based on the assump-
tions of large-scale homogeneity and isotropy, which piesia robust explanation for cosmo-
logical observations and has predicted several of themhikMihis picture the energy density of
the Universe consists of 4 components, i.e. baryons ( 5%), photons (,  0:005%), cold
dark matter ( .gqm 20%), and dark energy ( 75%), where the physical nature of the latter
two is still an open question.

Various cosmological experiments address the issues &frdatter and dark energy; one of
the most promising is weak gravitational lensing by thedasgale structure, also called cosmic
shear. Light bundles emitted from distant galaxies trakiebugh the Universe and are con-
tinuously de ected by the gravitational eld of the inhomegeous matter distribution. As a
consequence the shapes of galaxy images are distortedeastatistical properties of these dis-
tortions re ect those of the matter density eld.

In 2000, four di erent groups independently measured the rst cosmic shgaal{Bacon et al.
2000; Kaiser et al. 2000; van Waerbeke et al. 2000; Wittmah €000). Since then it has proven
to be a very powerful method to constrain cosmological patars, in particular the normaliza-
tion of the power spectrumg in combination with , (e.g. Fu et al. 2008). The remarkable
results cosmic shear has achieved so far will improve inudhaé with large upcoming surveys
like Pan-STARRS, KIDS, DES, JDEM, Euclid or LSST. Soon thst two surveys, starting in
2009, will provide data which enables us to estimate therstigaal with less than 1% statistical
error. These small statistical errors make cosmic sheatest ool for future dark energy studies
(see Peacock et al. 2006; Albrecht et al. 2006).

Still, there are unsolved systematics and uncertaintieshwimit parameter estimation with cos-
mic shear. On the observational side an insient PSF-correction is the most important source
of contamination. The (still ongoing) Shear TEsting Prog{&TEP) has signi cantly improved
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2 Chapter 1. Introduction

on this issue (for latest results see Heymans et al. 2006sé&fast al. 2007a). Solutions to this
problem are further discussed in Bridle et al. (2008). Fentiore, astrophysical contaminations
must be removed, such as intrinsic alignment of source geawhich can be excluded in the
signal if redshift information is available (King & Schneid2003). Shape-shear correlation
was predicted by Hirata & Seljak (2004) and detected by MHozden et al. (2006). Recently,
Joachimi & Schneider (2008) showed how to exclude the skapar contribution, again if ac-
curate photometric redshifts are available. Besides dkafastrophysical contaminations, red-
shift information signi cantly increases constraints amsmological parameters (Massey et al.
2007b); accurate redshifts will be of major importance fatufe cosmic shear surveys. For
precision cosmology with cosmic shear not only the qualftthe data and the removal of as-
trophysical contaminations is important. In addition, vavé to improve on theoretical issues
in lensing (e.g. reduced shear approximation, inaccur&dyrober's equation or the at-sky
approximation) and cosmology (models for the non-lineargrospectrum, non-Gaussian co-
variances, models for higher-order moments of the detstigar eld). These improvements are
important to obtain accurate predictions to which we corajlae high-precision data.
Theoretial predictions and observational results meeh e#leer in the likelihood analysis. If
there remain signi cant problems on either side, the likebd analysis will give biased results.
In addition, the likelihood analysis itself is of great inrpance; even with precise data and ac-
curate theoretical predictions the constraints on cosgicéd parameters can be biased by an
improper likelihood analysis. Developing statistical lowhich especially t the needs of the
considered cosmological probe(s) is therefore of greabimapce for the inference of cosmo-
logical interpretations.

The subject of my PhD thesis is to improve on theoretical epte related to the estimation
of cosmological parameters with cosmic shear. This inwthe optimization of cosmic shear
data vectors and accurate descriptions of the correspgedvariances as well as the statistical
methods used in the likelihood analysis. Furthermore, liagpny theoretical work on the most
recently developed cosmic shear measure, namely the m@tigtsts, to cosmic shear data. In
my thesis | optimize the ring statistics' signal strengtll @mploy it to constrain cosmological
parameters using data from the Canada-France-Hawaiicbgled egacy Survey (CFHTLS).
The thesis is structured as follows: In chapter 2 | start witfeneral introduction to cosmology
and structure formation. Chapter 3 reviews the basic cdeadpyravitational lensing with the
focus on cosmic shear, its achievements, problems ancefptospects. My research results are
presented in the following chapters starting with an inticitbn to cosmic shear parameter esti-
mation (chapter 4), in particular, | examine binningeets on cosmic shear covariances and how
these eects in uence the parameter constraints. The issue of @vees is further examined
in the chapters 7 and 8. In chapter 7 | investigate the cogygedependence of cosmic shear
covariances and develop improved methods for a likelihaadysis, which take the cosmology-
dependence into account. A second problem in the derivatiaovariances is the inclusion
of the shear eld's non-Gaussianity. In chapter 8 | examine impact of non-Gaussianity on
covariances and parameter constraints, in particulardegadark energy parameters. In this
chapter | also verify the calibration factor formalism oduced by Semboloni et al. (2007) to
account for non-Gaussianity. Results of my research on icosimear data vectors are presented
in chapter 5, where | compare and optimize cosmic shear aetmns with respect to their in-



formation content and robustness against contaminatarsjn chapter 6. The latter chapter
contains my personal highlight of this thesis, namely thest@ints on g using CFHTLS data.
| summarize all results in chapter 9 and give a brief outlooluture projects in chapter 10.
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Chapter 2

Cosmology

Cosmology aims to describe the Universe as a whole, itstaieiand evolution in time. Twenty
years ago this goal seemed hardly achievable, when cosynelag a vague and data-starving
science. Nowadays, the situation has completely changbkdreTexist many dierent cosmo-
logical experiments providing huge amounts of data andtthisd will most likely intensify in
the next years. Cosmologists developed the so-called datdi or “concordance model” of
cosmology, based on the assumptions of large-scale horaibga@md isotropy, which provides
a robust explanation for cosmological observations anghedicted several of them.

In this chapter we summarize the main aspects of cosmoldgythe focus on details which are
most relevant for this thesis. Starting from General Reélgtand the dynamics in our Universe,
we explain today's picture of structure formation and codel with a description of the main
experiments leading to the concordance model of cosmolegymore details on these topics
we refer the reader to e.g. Peacock (1999) or Schneider(@04l6).

2.1 The homogeneous and isotropic Universe

2.1.1 Einstein's Field Equation

By developing General Relativity (1907 to 1915), Albert &&in set up a theory of gravitation.
Einstein's eld equation relates a matter distribution@ivby the energy-momentum tengor
to the curvature of four-dimensional spacetime descrilyeith® Einstein-Tensdb

8 G
G + = —T ; 2.1
9 = — (2.)
with G as the gravitational constamtthe speed of light and the so-called cosmological con-
stant. Today one usually shifts this term to the other sidthefequation, interpreting as a
vacuum energy densifgee Sect. 2.1.6). The tengdr is de ned as

G =R %g R; (2.2)
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with R as the Ricci tensor and the curvature scalar. Both can be obtained as contractions o
the Riemann tensor which provides a covariant descriptidieocurvature of spacetime and can
be expressed in terms of the metgic.

2.1.2 Robertson-Walker Metric

On small scales the Universe is obviously not homogeneoalaxi&s and clusters of galaxies are
large overdensities of matter compared to the interclusetium. Large galaxy redshift surveys
like the SDSS survey (latest data release from Adelman-mbga&t al. 2008) indicate that the
matter distribution is nearly homogeneous if we average swales larger than 300 Mpc. The
strongest evidence that the Universe is isotropic comes fn@ Cosmic Microwave Background
(Smoot et al. 1991), which show only deviations of order°kOfrom a mean temperature of
2:73K. Both observations strongly support the assumptionttieaUniverse can be considered
homogeneous and isotropic. This assumption, named cogioal@rinciple, implies that any
observer without peculiar velocity (so-calledmoving observgémakes the same observations
independent from his position. A metric describing such &ense is given by the Robertson-
Walker metric

ds?

g dx dx i
c’dt?>  a’(t) dw?+ fi(w) d 2+sir? d ? ; (2.3)

wherew is the comoving radial distance ahdhe time measured by a comoving observer.
and are angular coordinates. The expansion fae{ty describes the past and future of our
Universe, whether it expands forever, contracts at som pothe future, or is static. The scale
factor at present tima(ty) is normalized to be 1. The functiofy (w) describing the comoving
angular diameter distance (see Sect. 2.1.4) depends oorlaureK of the metric

% # sin(pRW) K>0
f(w) = § w K=0 (2.4)
T eiosinh( Kw) K <O0;

whereK > 0 stands for a closedS < O for an open, an& = O for a spatially at universe.

2.1.3 Friedmann equations

Inserting the Robertson-Walker metric into Einstein'sdedquation one derives the Friedmann
equations which describe the dynamics in our Universe. Tieegy-momentum tensor takes the
form of a perfect uidT = diag c? p;p;p ,where (the density) ang (the pressure) depend
only on time

a2 8 Kc?

— = _ 4+ — .

a 3 a2 3 (2.5)
and 3 4 G 3!

a p

- = —  + = 4+ —: )

a 3 c? 3 (2.6)
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The L.h.s. of equation (2.5) is the square of the so-caHalible parameter Kt) and its value
today is calledHubble constant bi(see also Sect. 2.3). The Hubble constdgts often param-
eterized a#ly = h 100(km s*Mpc 1), whereh expresses the uncertainty in the measurement of
Ho. Other measurements, depending-ty(e.g. distances), are similarly parameterized in terms
of h. As mentioned in Sect. 2.1.1 the cosmological constanthich was originally introduced
by Einstein to allow for static universes, is nowadays imteted as vacuum energy density. In the
above two equations only accounts for the energy densities of “normal” (presksgs) matter
and radiation. From now on we adapt the concept of a conséauinm energy density, therefore
drop the -term and extendtheto = ,,+ + . This concept is mathematically equiva-
lent to a cosmological constant, but has a reasonable @tysierpretation. Note, that there are
alternative theories stating that the vacuum energy densist not necessarily be constant; we
give more details on this topic in Sect. 2.1.6.

In order to determine the scale factor via the Friedmanntesawe need information on(t).

Di erentiating (2.5) and inserting it into (2.6) we derive tbecalledadiabatic equation

d da®(t) _
dt dt

It relates the change of energy density in a comoving volwrtée pressure multiplied by the
spatial change in proper volurhand can be interpreted as a conservation law of energy in the
Universe. The three matter components, pressurelessrnmatietion, and vacuum energy den-
sity, evolve di erently in time and are dominant through drent epochs. Pressureless matter,
characterized as particles with velocities much smallenty has anequation of state (EOS)
which readsp = 0. From (2.7) we derive

a’c® + p(t) 0: (2.7)

ml a?s: (2.8)

For particles with velocities close or equaldthe pressure term reagls= ¢>=3. Inserting this
into (2.7) leads to
oat: (2.9)

The corresponding equation for the constant vacuum enengsity reads
= const: (2.10)

The density for which our Universe is at is namedtical density Assumingthat = ,+ +
, hence dropping the-term in (2.5), it can be calculated by insertikg= 0. We obtain
3H2
cr = ﬁ .

Density values are scaled with the critical density, for ttmee di erent “sorts of matter” we
de ne

(2.11)

— _m, r . . —
m = ’ r- 1

. = 02 .
cr cr cr 3H0

(2.12)

IProper coordinategt) are related to comoving coordinateby the scale factoa(t), r(t) = a(t)x.
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The main contribution to , is given by photons of the Cosmic Microwave Background (CMB)
(see Sect. 2.3) and the energy density of these photonsvfal®lanck distribution. By measur-
ing the temperature ¢lys = 2:73 K),  can be obtained from the Stefan-Boltzmann law; one
nds that ., is fairly small comparedto ,and and can be neglected today. However, at ear-
lier times, radiation must have been dominant because iisityescales witta(t) * whereas |,

is only proportional taa(t) 3. The time when  equals  is denotedie, Using the parameters
de ned above and the de nition of the Hubble constant we casmrite (2.5)

" @ 7
H%(t) = Hf — + — + 2.13
®="Ho aty* a(t)® a(t)2H2 (2.13)
To describe the curvature of our current epoch we irggyt= 1 and derive
H 2
Ke = (o D; (2.14)
with = + n+ . From this expression of the curvature in terms of densitap&ters

we see that

the spatial hypersurfaces of constaate atfor =1 (K =0)
hyperbolic for ;< 1 (K < 0)
andK > 0for > 1.

Latest observations indicate that the total curvature efuhiverse is smallj  1j. 0:017
(Komatsu et al. 2008), therefore it is generally assumetttteUniverse has zero curvature.
Nevertheless, if this assumption is relaxed constraintstber (curvature dependent) parameters
weaken signi cantly.

The Hubble parameter and therefore the evolution of our &seris completely determined by
the density parameters, in terms of which we rewrite (2.13)

! " #
HY 2 n 1

Ho  a()f  a@®)? a?

At very early times we expect the Universe to be hot and def&®ng back in time, density
and temperature further increase until we nally reat) = 0. Since this so-called Big Bang
until today,a(t) was a monotonically increasing function. In order to deiiee its evolution in
the future we neglect, in (2.15) and consider only ,,, and . Felten & Isaacman (1986)
have shown that the Universe will recollapse in case< 0. If the vacuum energy is positive,
expansion will continue to in nity if ,, < 1. In case ., > 1 the collapse is still avoided if .,
does not exceed a certain threshold, which is determinethdydlue of . These facts are
nicely illustrated in Fig. 2.1, which shows the @rent states of the Universe (open, closed, at,
expanding, recollapsing) in dependence of the cosmolbgazameters ,, and . In addition,
we see the most likely parameter regions, constrained Breint cosmological experiments (see
Sect 2.3 for further details). The area where the resultseftiree experiments overlap suggests
that the Universe is (almost) at, with positive , and ., much smaller than 1.

(2.15)
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3\Il\l\ll\l\l\\l\l\\‘\\ll‘l\l\

I No Big Bang Spergel et al. (2003) |

Figure 2.1: From this gure one can deduce the
Supernovae | expansion history and the curvature in our Uni-
verse for given , and . The shaded area
corresponds to parameter combinations which
Q, exclude a Big Bang, instead these regions rep-
CMB | resent bouncing or loitering universes. The di-
agonal solid line distinguishes parameter sets
ol— N oty which lead to an open, closed, or at Uni-

recollapses & verse, respectively. The almost horizontal line
| Clusters o, . divides expanding and potentially recollapsing
%o 1 cosmologies. In addition, we see the constraints
1k o \ 1 on the parameter space obtained from 3t

“, 1 ent cosmological probes which favor a close to

e b becnc Landiesed gt Universe, with positive , and , much
0 1 2 3 smaller thanl. (Figure taken from Knop et al.

Qy 2003)

2.1.4 Redshift and distances

Due to the expansion of the Universe, photons are redstoftetieir way from the source to a
comoving observer. The redshift is de ned as

z=-2 ¢ (2.16)

where . is the emitted and, the observed wavelength. For low redshifts 1, we can
relate the redshift of a galaxy to its recession velocitythistandard Doppler formuiaw v=.
Nevertheless, this description fails when going out todangdshifts. The reason for this is
that cosmological redshift is a relativistic ect due time dilation which can be seen from the
following derivation. Photons propagate along null geockefds = 0), hence we see from the
comoving metric (2.3) that dt = a dw. Assume that two signals are emitted from a source a
timet. andt. + t which we observe at timg andt; + to. The comoving separation between
source and observer is constant; we can set up the followiagon

Z Z Z
rlcdt® Ttcdt® ¢ty C te

cdt® .
tot+ 1o a(tO) to a(to) 1 a(tE) ,

v at)

where the time intervalst are small enough to neglect variationg(t). Comparing the left- and
the right-hand side of the equation we see thats time dilated, more preciselyte = a(te) to.

(2.17)
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The frequenciese and o of the signal are the inverse of the corresponding timewatsr hence

=—=—=1+2z: (2.18)

In Euclidian space the de nition of distance is unique, niegnhat di erent methods to measure
a distance give the same result. In contrast, there is naardggtance measure in a curved and
expanding Universe, where the de nition of distance mustagis be seen in context with the
method it was obtained.

2.1.4.1 Comoving distance

The comoving distance is characterized as the coordinstaeraie on a spatial hypersurface be-
tween a comoving sourcej and a comoving observer;§. Similar to the above derivation of
cosmological redshift we write

C C
dw = a dt = a2_H da; (219)

where we usetd= da=aandH(t) = (a=a). Inserting (2.15) we can express the comoving distance
in terms of density parameters as

¢ Zaan i1
W(z1;20) = o am a m+at(l )+ a da: (2.20)
alze

2.1.4.2 Angular diameter distance

Of special importance for gravitational lensing is the dagdiameter distance which can be
derived by easy geometrical consideration. Itis given leydiameter of the source.dt redshift
Z and the observed angular diameteradi redshiftz;. Using d. = a(t) fx(w)d , we de ne

Dang(z1; 22) = % = a(z) fk(W(z1; 2)) ; (2.21)

as the angular diameter distance.

2.1.4.3 Luminosity distance

The luminosity distance is de ned as
r

L
Dum(z1; ) ==  —=:

= (2.22)

Sisthe observed ux (at;) andL the luminosity of the source (at). A general relation between
luminosity distance and angular diameter distance wasdfoyrEtherington (1933) and reads

Dlum(zl; 22) = (1 + 2)2 Dang(zl; 22) . (2-23)
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2.1.4.4 Horizon

Causal contact between patrticles in the past is only pas#ihe comoving distance between
them is smaller than the comoving distance light has tradedince the Big Bang and the con-
sidered cosmic time. This maximum distance is catlechoving horizomt timet. Using (2.19),

it can be expressed as ~ ~
tcdto ¢ dal
rq(a) = — = —

o at) o a®H(@)

We mention two special cases, namely the comoving horizanglmatter and radiation-dominated
phase of the Universe

(2.24)

@ = 2—p— a  for a e, (2.25)
HO m

ra(@a = H—g:a for a  aeq; (2.26)
0 r

whereagq de nes the scale factor at matter-radiation equality
Beq= = m= (32000 ,h?) *: (2.27)

In the above calculation we assume that the dominant comivibto , comes from the CMB
photons and neutrinos (which at this epoch were still ngkstic and therefor contribute to the
radiation density), hence, = 1:68 cyg = 3:2 10 5h 2,

2.1.5 Big Bang Nucleosynthesis and Cosmic Microwave Backaund

At very early times the Universe is in an extremely hot andsdestate where all constituents
are in thermal equilibrium. Then the radiation eld is dabed by a Planck distribution, and
therefore solely depends on the temperature of the Univéste that temperature and energy
uniquely de ne a cosmic time and are used as synonyms in ¢eisos,.

At high temperatures, the formation of atomic nuclei is plodkd, as they are immediately de-
stroyed by high energy photons. When the Universe expartis@ois, light elements can form.
This process starts with deuterium, which has a bindingggnef 224 MeV. Still, deuterium
does not form at this energy, due to the much higher numbesityenf photons compared to
baryons. More precisely, for temperature€:07 MeV there are suciently many photons in
the high energy tail of the Planck distribution to destroyteéeium via photodissociation. In prin-
ciple, helium could have formed earlier; it is able to sustagh energy photons at temperatures
of T  0:28 MeV. However, helium is only formed through an interméslistep of deuterium
(deuterium bottlenegk As soon as the deuterium number density is high enoughéhigts in

an immediate burst of helium production, binding nearlyrautrons T  0:1 MeV). Due to
this almost instant process, the baryon fraction of heli@mpeshds solely on the ratio of protons
toneutronsal 0:1 MeV

_Ane=2) . 2(nep)

Kapge = : 2.28
‘He N+ N, 1+n,=n, (2.28)
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Protons and neutrons have formed earlier during the phasargbngenesis and are held in
equilibrium only through weak interactions, e.g.

p+e ! n+ and pt+ ! n+e: (2.29)

From the cross section the above particle interactions,amesstimate the temperature at which
the corresponding reaction rate becomes too low to holddhtecfe in thermal equilibrium. Via
the above interactions, protons and neutrons are in equiibuntil T 0:7 MeV. The ratio of
neutrons to protons at this time is6l For 3 minutes, betweet  0:7 MeV andT 0:1
MeV (when helium forms), the neutrons decay accordingto p+ e+ (the decaying time

of the neutron is well known to be, = 886s). This process changes the ratio of neutrons to
protons ton,=, = 1=7. We can now calculate the baryon fraction of helium toXag = 14,
which is in perfect agreement with today's observations Sect 2.3). In addition ttHe, small
amounts of deuteriun¥He, ’Li, and 'Be are created during Big Bang nucleosynthesis, but no
heavier elements.

When the Universe cools even morie ( 1 eV), the nuclei (mainly protons) and free electrons
form neutral atoms, mainly hydrogen. This processeabmbinatiortakes place at w 1100,
well after matter-radiation equality. The binding enerdyhgdrogen is 13 eV, still it can-

not form at the corresponding time due to the same argumemh&eioned in the context of
deuterium formation. From w 1100 on, the photons and baryons decouple and stream freely
throughout the Universe.The energy density of the photsrescribed through a Planck dis-
tribution, today we observe this Planck spectrum, hightishefted, as th&€osmic Microwave
Background (CMB)Since its rst detection (Penzias & Wilson 1965), many expents have
analyzed its properties. As an example we mentWéMAP (Wilkinson Microwave Anisotropy
Probe, which is a satellite mission launched in 2001 to measueeattisotropies of the CMB.
After subtracting the temperature @rences due to our peculiar velocity and microwave emis-
sion from the galactic plane, we see small uctuations ofeordT=T = 10 ° around an average
temperature of  2:73 K (see Fig. 2.2). These small temperature perturbatian®mthe
uctuations of density, potential and peculiar velocity miatter at the time of recombination.
WMAP con rmed the foregoing results of the COBE mission (fehich John C. Mather and
George F. Smoot were awarded a Nobel prize) with a much higisadution and had a large
impact on the current picture of our Universe (see Sect2p.3.

2.1.6 Dark Energy

There are two main observations which indicate that theeetfsrd source contributing to the
energy density in our Universe, besides pressureless maattieradiation. First, we now from
CMB measurements that the curvature of the Universe is Mesedo zero, hence the overall
energy density of the Universe is close to the critical dgnsihe contribution of matter and
radiation to can be inferred by observations and is approximately ong/qurarter of .; the
rest must be contributed from a third component, namely dagegy. Second, we know from
supernovae experiments (Riess et al. 1998; Perimutter. 498P), that the expansion of the
Universe accelerates (¢ 0). Using (2.6),a"> 0 can only occur if dark energy has negative
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Figure 2.2: The temperature uctuations of the CMB measured by WMAP avange of 400

K around the average of 2.73 K. Blue imprints refer to coldtspoed to warmer regions.
Foreground contaminations (e.g. galaxy dipole) are rendowethis picture. (Figure 11 from
Bennett et al. 2003)

pressure, i.e. (+ % < 0). The relation of energy density to pressure is quantiretheequation
of state parameter

W= p—cz; (2.30)
with which we can rewrite the adiabatic equation (2.7) fakdanergy as
d a
—+3- (1+w)=0: 2.31
" 3a Q+w)=0 (2.31)
For time dependemnt, (2.31) can be integrated to obtain
zZ, da !
/| exp 3 = 1+w@) ; (2.32)
1
which speci es for constanw to
@= oa™™; (2.33)

where ( is the energy density measured today. Note that the abosrstats and derivations
apply similarly to pressureless matter and radiation, iobstg w = 0 for the rst case andv =
1=3 for the latter. The favored interpretation of dark enemyaly is constant vacuum energy
density.

Constant vacuum energy density, corresponds tev = 1. This model has nice properties,
e.g. from the argument that the energy-stress tensor ofahewn is Lorentz invariant, we
can directly deduce = p=c?, which is exactly the behavior of a cosmological constart an
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explains the accelerated expansion. Furthermore, quamichanics predicts that in a vacuum,
particles and anti-particles are created and annihilaterat a “zero point” energy and that the
lifetime of these particles, although short, gives the wac@ non-zero ground-state energy. On
rst sight, this all seems to be a convincing theory, neveles there is a large drawback, when
attempting to estimate the value of vacuum energy densatgwantum eld theory. Carroll et al.
(1992) show that the theoretical estimate for the vacuunmggngensity is 10°%erggem?®,
Normalized with ;; this corresponds to 10'%°, deviating by 120 magnitudes from the
observed 0:75. In the aforementioned paper, is calculated as an integral over the energy
density of quantum elds (leptons, quarks, gauge elds),iefthis cut o at an energy scale
where quantum eld theory breaks down and a new theory of igByguantum gravity) would
be required. This is the so-called Planck energy{GxV). The cut-o can be shifted towards
lower energy scales which reduces the predicted value oNevertheless one must cut the
integral at 10?2 eV to obtain 0:7. This is out of question, as physics at this energy level is
perfectly described by quantum mechanics.

Assuming that supersymmetry holds solves part of the pnebléhen, fermions and bosons have
SUSY partners with equal energy density butetient signs. However, to avoid a perfectly zero
vacuum energy density, SUSY must be broken at a certain roakshd, such that the remnant
particles withm < M form today's vacuum energy density. Still, no supersymiog@@rticle has
been observed, indicating that they are quite massive batdBUSY is broken at high energies
(M > 1 TeV). Assuming that particles with higher rest mass carme® arrives at a vacuum
energy density of 10°°, which still is an enormous discrepancy to the observedevalie
see that vacuum energy density is far from being understoedyill brie y mention alternative
models.

Quintessence or scalar eld models subsume dynamical dark energy models, i.e. the equa-
tion of state parametev can vary in time. The dynamic is described by a scalar eldith
Langrangian density

L =12@ @ V(): (2.34)

Therefrom we can calculate the pressure and the densitgaicilar eld to be
= 2=D+4 V( ) p= 2= V( ) (235)

where is supposed to be spatially homogeneous, but time dependefitdenotes the kinetic
energy of the eld and/( ) is the potential energy. Applying the de nition @f (2.30) we derive
for scalar elds

222 V() . 1+ 2=22V().
222+ V( ) 1+ 22V()

From the above equation we see thvat 1 if the scalar eld acts as a slowly changing vacuum
energy density 3(=2V( ) 1) andw 1 for a rapidly changing energy density. In both cases
w changes in time; Linder (2003) introduced the followinggraeterization

(2.36)

w(@) =wo+Wwy(1 a): (2.37)
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The above parameterization can be used to distinguish batife two classes of scalar eld
models, so-called “thawing” and “freezing” models. To eiplthese models we introduce the
equation of motion for a scalar eld, which is obtained fronm&tein's eld equation. It reads

"+3H +VY)=0; (2.38)

where the prime denotes the derivative with respect.td-reezing models are characterized
by a potentialV( ) which drops more rapidly than the friction terniH3 as time progresses.
Hence, the friction term in the above equation starts to daieiat late epochs. Thawing models
have opposite behavior; here the friction term dominatesadly times and the eld changes
rapidly for late times. The dierent behavior of both models is re ected w(a). With the
future precision of cosmological data, we can use the abaranpeterization (2.37) to distinguish
between thawing or freezing models. There exist also moneptioated scalar eld models,
obtained by changing the kinetic term in the Lagrangian. (&-gssence), nevertheless there is
no compelling physical explanation for either of them.

Modi ed gravity is another suggested explanation. The basic idea is thajabmetrical
part of Einstein' equation (2.1) must be modi ed (i.e. then&ein tensor) rather than adding
something to the energy-momentum tensor. For more detailis topic the reader is referred
to Bekenstein (2004). Note that this theory faces sevefg@nos when explaining the third peak
of the CMB power spectrum (Spergel et al. 2007) or the bulletter (Clowe et al. 2006).

Other models basically question the cosmological principle, in pafacithe assumption of
the Universe being homogeneous. Although this assumiongood agreement with observa-
tions (Sect 2.1.2), it is not a direct consequence of therackSbn et al. (2008) suggest a purely
geometrical method, which is based on the relation of Huphlameter to a modi ed angular
diameter distance, to test for the cosmological princiglet even if we can prove that on large
scales the universe is homogeneous, on small scales itysrthomogeneous. When describing
the dynamics in the Universe, should not we rst estimatedyr@amics of local inhomogeneities
and then average over these, instead of rst averaging teeinhomogeneities and then calcu-
late the dynamics of this homogeneous average? This qoeastiatensively discussed in the
review of Buchert (2008); it is true that averaging Einstegguation on small scales leads to a
repulsive, so-callebdackreactiorterm. Such a term mimics the behavior of dark energy, however
the strength of this eect is very much under debate. In very recent work, Wilts(R2@07a,b)
presents a solution for the dynamics in an inhomogeneouwstsa, which replace the Friedmann
equations. In this work inhomogeneities are incorporateddmsidering two scales, i.e. voids,
which expand rapidly, and bubble walls containing cluséers galaxies, which surround theses
voids. Wiltshire (2007b) performs several observatioaatd with this new theory claiming that
it is viable, so far.

Final comment We do not know what drives the expansion of the Universe, kdrdt is any
of the dark energy models or some General Relativitgat, which has been neglected so far.
Investigating dark energy is one major task of future workl anrveys. For more details on
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upcoming dark energy surveys and possibilities how to camstlark energy models best, the
reader is referred to Albrecht et al. (2006) and Peacock €2@06). In this thesis we consider
dark energy parameter estimation with cosmic shear, wiidone in chapter 8.

2.2 Structure formation

On large scales the Universe is homogeneous and isotropisn@ller scales this is obviously
and fortunately not the case. The structure we observe tbklayglusters and galaxies, has most
likely evolved from small primordial overdensities, whiftiither increase through gravitational
processes. Due to gravitational instability, an initiabmlense region expands slower compared
to the expansion rate of the surrounding Universe, causingl@er increase of its density con-
trast. If the initial overdensity was large enough, at somi@tat decouples from the expansion
of the Universe, collapses and forms a cluster. This sceimagupported by the fact that we ob-
serve imprints of these primordial perturbations in the CMBe density contrast at comoving
spatial coordinates and cosmic time is de ned as

x;t) ().
O

where (x;t) denotes the density at;t) and is the mean density of the Universe.

(x;t) := (2.39)

2.2.1 Linear structure formation

We start with a qualitative description of the @rent physical processes, whichezt a density

perturbation. This can be done bestin Fourier space, weftirerintroduce the Fourier transform

of (x)as 7 7 i
- — 3 ix k —

(k) = de X (x) € ! (xX) = NTRE
with k as the comoving wave vector. These Fourier modes of the tgelesi evolve inde-
pendently as long as the perturbation is in the linear regiraej (x;t)j 1, furthermore the
evolution of a mode depends only on the magnitudk.dFhis magnitude is related to a charac-
teristic length scale in real space, i.e= 2 =k. If this length scale is larger than the comoving
horizon (Sect. 2.1.4.4), the perturbation is noteted by any physical processes. Once this scale
becomes smaller than the comoving horizon (“the mode etiter8orizon”), physical processes
start to in uence the perturbation. Knowing that the phgsiconditions during the radiation-
dominated phase of the universe are substantiallgmint compared to the matter-dominated
phase, we deduce that the evolution of a mode which entetsotfison before matter-radiation
equality (see Sect. 2.1.4.4), @irs from a mode witldgnier  8eq, Where we de neaener as the
expansion factor at the time when the mode enters the horizon
Qualitatively the evolution of a density uctuation in tinledescribed as

D.(a) .
D. (&)’

“(k) e XK (2.40)

(ka)= ()T

(2.41)
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where "(k) denotes the density perturbation at an initial epach aeq T(K) the so-called
transfer functionandD. is thegrowth factor(the subscript is explained in Sect 2.2.1.1). The
transfer function accounts for the evolution ofk) during the radiation-dominated phase and
through matter-radiation transition (see Sect. 2.2. T B¢ growth factor describes the late-time
evolution in the matter-dominated and dark energy-dorethaniverse.

2.2.1.1 Growth factor

The evolution of sub-horizon modes can be described by Neatogravity. In contrast, we
must refer to General Relativity to describe the superdooriuctuations. The dominant particle
species is collisionless dark matter which implies thattrsiteams can occur; hence, there is no
well de ned velocity eld. The proper way of describing sualsystem employs the collisionless
Boltzmann equations; a thorough treatment can be found ieBon (2003). However, we
approximate matter as a pressureless uid, which is a vasdimnption on large scales or at early
times when multi-streams are negligible. The complete setaution equations reads

@gt) +r, u(r;t) =0 Continuity equation, (2.42)
% +U rpu=r , Euler equation, (2.43)

r2 =4 G Poisson equation, (2.44)

with u as the velocity of the uid, the gravitational potential andthe proper coordinates.
The Poisson equation was modi ed by theterm to allow for a cosmological constant. The
homogeneous solution of the above set of equations repesdbe Friedmann equation (2.5).
We transform equations (2 42) (2.44) to comoving coorgisaisingx = a(t), de ning the
comoving density (r;t) = 0 —=:t) = "(x;t) and decomposing the velocity into homogeneous
expansion and peculiar veIocMr t) = ax + v(x;t). In addition, we insert the de nition of the
density contrast (2.39) for the comoving densitynto the Continuity equation which yields the
following evolution equations in comoving coordinates

1 - :
%+ Er « [(A+ V] =0 Continuity equation (2.45)
1 .
% gv (v ryv= Al x Euler equation (2.46)
5 3HZ m . ,
r2= > Poisson equation, (2.47)

with (x;t) := (ax; t)+ 4Qxj? as the comoving gravitational potential. A unperturbecdsexing
Universe corresponds to the solution O,v 0, 0. Recall that we are in the linear regime,
hencej | 1 and similarly the peculiar velocity is small compared to the homogeneous
expansion of the Universe. We therefore linearize the aleonmtions in andv. Taking the
time derivative of the linearized continuity equation ahd tivergence of the linearized Euler
eqguation, we combine both with the Poisson equation. Tlyakeleliminate the peculiar velocity
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and deriving
@ + 2a@ SHS m
@ a@ 2a3
This homogeneous derential equation describes the evolution of density pedtions in the
linear regime. As the partial derivatives in (2.48) are otalgen with respect to time and the

coe cients are independent of time we can factorize the equatidrobtain the solution
(1) = Ds(t) 0:(¥)+D (1) 0 (X); (2.49)

with o denoting the density perturbation at a speci c time (e.glatg. The function® are
linearly independent solutions of

@D L 2@ 3HZ

@ a@ 2a3
The functionD decreases in timalécaying modg even if it was present at early times it does
not contribute to today's perturbations. We only consiBer(growing modg as relevant for
structure formation. Equation (2.49) reduces to

(1) = D+(t) or(x); (2.51)

which indicates that the initial shape of the density udtaas in comoving coordinates does
not change with time. A general solution for (2.51) is givgn b

Z
Ht) ~ @ da® .
Ho o n=0+  a® (ot 1)%’
with the additional constraint to normalize the functioro(t) = D.(a = 1) = 1. With this
normalization o(x) in (2.51) is today's density contrast according to lineartprbation theory.

The normalized growing mode is called growth factor (see FAg). Note that for an EdS-
universe ( , = 1:0, = 0), the growth factor scales as the scale factor.

(2.48)

D=0: (2.50)

D.(a)/

(2.52)

2.2.1.2 Transfer function

The growth factor only describes the evolution of a perttidoe inside the horizon and in a
matter-dominated universe. In addition we need a desongbtr superhorizon perturbations,
both in the matter and radiation-dominated phase, and falesiavhich enter the horizon before
aeq For such superhorizon perturbations we must refer to geation theory of General Relativ-
ity and can no longer use Newtonian gravity. For a detailetvaion the reader is again referred
to Dodelson (2003). Furthermore, if a mode enters the hotisdorea.,, radiation pressure pre-
vents the perturbation to grow. This meansf this mode is constant until the Universe becomes
matter-dominated. In summary, one has to distinguish thinases for a mode of a given length
scale and correspondiragner

@ if a  Benter< Beq; (2.53)
"/ const if Benter < < Beq; (2.54)
"l a if a> agq: (2.55)
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Figure 2.3: lllustration of the growth factor D depending on scale factor (left panel) and red-
shift (right panel) for di erent density parameters. In case of an Einstein-de Sittevéyse (
=1, =0) D, evolves similarly to the scale factor. (Figure from Scheeiet al. 2006)

We de ne the transfer function as

‘ka=1) T

— A(k; early) .
(ksmall; a= 1) .

= ; 2.56
(ksmall; aearly) ( )

where the |.h.s. expresses today's ratio of two densityupleations, and the r.h.s. shows the
same ratio at early times. The transfer function relatek bpbchs and accounts for a possible
suppression of growth. Note that in the above de nitlois variable, whereaks is xed to

the scale of a perturbation which enters the horizon at lates The scale fact@g,ny is xed
such that all scales of interest are outside the horizonigttithe. Two limits of the transfer
functions are easy to derive. First, for snialit approaches unity. Second, larggerturbations
are suppressed, which is illustrated in Fig. 2.4. We sedhlegierturbation is reduced by a factor
of T(K) = (qentefK)=0eq)®. FOra  agqwe can relaté to agneeras follows

P—
H0 r

C aenter

k  1=rn(Gentedk)) = (2.57)
where in the last step we use (2.25). We seektatl=ace, henceTl / k 2 for largek.

Last, the transfer function depends on the type of dark mattech is dominant in the Universe.
If the Universe was dominated by particles with relatidstelocities, so-calletiot Dark Matter
(for example massive neutrinos), small potential well vdoubt attract enough particles to form



20 Chapter 2. Cosmology

Figure 2.4: A schematic sketch
of the transfer function. Modes <a?
which enter the horizon before
aeq are suppressed by the factor
(Qente@eq)®.  (Figure taken from

Schneider 2006) Oarter Oeq a

a perturbation due to the high velocity of the particles. sTimplies that large perturbations
such as clusters and superclusters of galaxies should baved rst. However, when going to
higher redshift, we do not observe the clusters and supserk) but many isolated galaxies. For
this reason we conclude that Hot Dark Matter only contrib@asmall fraction to ,, and prefer
the model ofCold Dark Matter(CDM) where particles move with velocities which are highly
non-relativistic.

In this thesis we use the transfer function tting formulaufa by Efstathiou et al. (1992) which
reads

h i 1=
T(K) = 1+ 6:4q+ (3:00)%2 + (1:7)? “ with = 1:13: (2.58)
The de nitions of g reads
= M\r:l—m ; (2.59)
and for the shape parametewe use the expression given in Sugiyama (1995)
h p__ [
= phexp 1+ 2h= ) : (2.60)

2.2.2 Statistical properties of the density eld

Structure formation is not able to describe the speci ¢ @gnsld in our Universe, we can only
achieve a description of its statistical properties as atfan of time. We consider the density
eld of our Universe as one realization of a random eld, wiecstatistical properties we want
to determine. In principle, this determination requiresg@raging process over many indepen-
dent realizations, however we have only one observableddsgy hence thensemble average
must be replaced byalume averageWe average over derent regions of the Universe with
a separation that is large enough to consider these regsimsl@pendent. Then, the statistical
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properties of this random eld are described throughnitsmentgmean, two-point correlation
function, three-point correlation function, etc.).

For the special case of a Gaussian density eld the stagigtioperties are fully described by the
mean and two-point correlation function (or its Fourieasp equivalent, the power spectrum).
The WMAP 5-years analysis of CMB uctuations by Komatsu et(@008) show no measure-
able deviations from Gaussianity (note that this is questioby the result of Yadav & Wandelt
2008). If structure growth was linear, today's density ééda Gaussian random eld. However,
structure growth is driven by gravitational instability iwh is a non-linear process and the ap-
proximation of linear perturbation theory only holds in edlke density contrast (2.39) is small.
On small scales, whengrows larger than 1, non-linear structure growth becomesnegligible
and causes a coupling of Fourier modes, which implies a nauns&an density eld today even
if the initial eld was Gaussian. Here, structure growth bews non-linear. We have to consider
non-linear models and higher-order moments of the densiy.

2.2.2.1 Power spectrum

The mean of the density eld vanishés(x)i = 0); we de ne its two-point correlation function
as

h(x) (y)i:=C (jx v): (2.61)

The homogeneity and isotropy of the density eld imply thia¢ two-point correlation function
only depends on the separatipn yj. De ning the Fourier transform of(x) as in (2.40) and
using expression (2.61), we can calculate

h (k) (K9 = (2 )% ok KIP (ikj) ; (2.62)
where we de ned the power spectrutn as the Fourier transform of the correlation function
Z
P(kj)=  dy&’*C (yj): (2.63)
R3

The relation (2.41) together with (2.61) and (2.63) enabke® relate a power spectrum at time
t to today's power spectrurfy(k)

(@

P(ka)= 2(k)D2( ) Pi;

(2.64)

with P; being the initial power spectrum. Due to the fact that in tleeyvearly universe no
characteristic length scale is preferred and that a poweiddhe only scale invariant function,
one choose®;, = AK* (see Sect. 2.2.2.2), whereis a normalization constant amg is the
spectral index, which is assumed to bel. The normalization must be determined through
observations. The dispersion of the density eld smoothedaaleRis de ned as

E Z

3
R= 20 = SK

OB Wi(K) P (K); (2.65)
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with

~ _ .sinkR) kRcoskR)
Wr(K) = 3 KR? :

The above function is the Fourier transform of a spherigadiat Iter function with radiusR. If
the dark matter distribution follows the galaxy distrilmrtione can measurgR) simply through
counting galaxies inside spheres of comoving rai@asd calculating the dispersion as

(2.66)

D(N(R) h N(R)')2E
|
(R = N7 ; (2.67)

Commonly the power spectrum is normalized bywhich is de ned as

Y
g = 2(R= 8h Mpc): (2.68)

This parameter describes the dispersion of density uatnatin a sphere with radiust8! Mpc.

2.2.2.2 Ination and initial power spectrum

In the framework of the standard model two main problems Qdtie atness problemand
the horizon problem The rst questions the extreme ne tuning of the curvatupet = 0 in
the early Universe, which is required to explain CMB constsaon ; 2 [0:97; 1:04]. The
second problem addresses the uniform temperature of the. @Miugh di erent patches of
the sky have never been in causal contact (the horizon sizesmaller than 2at the time of
recombination), there exist only small uctuations. An &mation for both questionsis provided
by in ation (Guth 1981), which predicts that the Universalrevery rapid phase of expansion, at
a very early time. This implies a much larger horizon sizeobefn ation which then decreases
due to the rapid expansion. If all scales of the observed CMBevin causal contact before
in ation (which solves the horizon problem) the Universeshbave expanded exponentially by
64 e-folds during this epoch. Note, that this also solvesribguning of the atness at the
beginning of the radiation-dominated phase, because awatcwe is smoothed out during the
rapid expansion. Very similar to the quintessence darkggnerodels (see Sect. 2.1.6), one
assumes that in ation is driven by a scalar eldwith negative pressure and a potential. This
potential must be suciently at for the energy density of to be approximately constant, as the
eld rolls downthe potential to its energy ground state (e.g. Linde 1982)teNthat in ation
predicts a scale-free power spectrum with a spectral intigitly smaller than 1. This small
deviation fromng = 1 quanti es the atness of the potentig( ), with the limit of ng = 1 for
V( ) being at. The WMAP-5years results indicate a slight dédaa from a Harrison Zel'dovich
power spectrum, i.ens  0:96°391%

2.2.2.3 The non-linear power spectrum - HKLM method

As mentioned above, the assumption of a Gaussian densdybreaks down on small scales. In
this section, we describe a method to obtain a non-Gaussiaarspectrum using a t-formula
which is calibrated from numerical simulations, the sdethHLKM-method (Hamilton et al.
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1991).

Considering a virialized cluster of galaxies, the intemhasity structure of such an object stays
constant in timelfypothesis of stable clusteripgt is not a ected by the expansion of the uni-
verse, therefore in comoving coordinates we can considaradized object to collapse. Hamil-
ton etal. (1991) introduced two derent scalings, the linear one Y which refers to the evolution
of the cluster before its decoupling from the expansion &ednonlinear onerf, ) referring to
the time after the collapse. The collapse of a cluster isrdest as a transition from linear to
non-linear scale. The matter content of the cluster is emrsthis matter conservation yields a
relation between the two scales

=1+ a)ra e (2.69)

An important step in the ansatz of Hamllton et al. (1991) ietate the densityy, to the volume
averaged correlation functiorfr) = r 3 dx3 (X). In order to collapse, the cluster has to exceed
a certain density threshold. Correspondlngly this thriesexists in terms of (r); more precisely,

if the averaged correlation function exceeds a criticaleahe cluster collapses. We can rewrite
(2.69) as

o=+ (]S (2.70)

Hamilton et al. (1991) conjectured the existence of a geémelation between linear and non-
linear correlation functions.

_NL(rNL) = fNL[_L(rL)] (2.71)

This assumption was veri ed by numerical simulations (fafzand CDM) and turns out to be
very e ective. From the correlation function one can calculatetreesponding (dimensionless)
power spectrum (Peacock & Dodds 1994) and rewrite (2.70) as

=1+ 2 (k)] 3K (2.72)

with 2, = k342 )P denoting the dimensionless power spectrum lapds the wavenumber.
When transforming into Fourier space, one interpretes the volume averageelaton function
as a measure for the power at areetive scalek, . The corresponding relation to (2.71) in
Fourier space reads

MCHER IR E (2.73)

The functionfy, is tted from numerical simulations by Peacock & Dodds (1996
Furthermore, Smith et al. (2003) develop a t function foe thon-linear power spectrum which
is based on the halo model (see Cooray & Sheth 2002, for avgvidere, one assumes that all
mass of the universe is contained in separated sphericas @n improvement, triaxial objects,
the so-called haloes. These originate from early overtieasn the Universe, which decouple
from the overall expansion, nally collapse and form a haBy assuming that the typical dis-
tance of two haloes is large compared to their extent, thidehallows for the distinction of
two extreme cases, the highly non-linear and the quasairegime. Both are associated with
a power spectrum, i.ePy for the rst andPq for the second. The power spectritp, which
accounts for larg& (non-linear scales), is determined solely through therassumass pro les
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Figure 2.5: The power spectrum of density uctuations Hhin lines correspond to the linear,
thick lines represent the non-linear PSmith et al. 2003). Solid and dotted lines correspond to
a at CDM model, more precisely, to the cosmology favored by theA®/8Byears analysis
(table 2.1 last column) for the solid and to the cosmologyefillennium simulation (Springel
et al. 2005) for the dotted line. The dashed line correspdndsn EdS-universe, the dotted-
dashed line to an open cold-dark-matter (OCDM) universg € 0:3; = 0). For the EdS and
the OCDM universe, all other parameters are similar to the AR results.

of the haloes. In contrast, linear scales (srkpltescribed byq, are given by the spatial distri-
bution of the haloes. Smith et al. (2003) combine the two p@pectra into the nal non-linear
power spectrum

Pn(k) = Pr(k) + Po(k) (2.74)

Although based on the halo model the two individual terms tiee to numerical simulations.
Examples of the power spectrum for various cosmologicalsamvn in Fig. 2.5. Note that
the spatial mass distribution of the haloes needed to dBgwiepends on the number density of
haloes which again depends on cosmology; Press & ScheBfét) give an analytic expression
which quanti es the change in number density of haloesvith respect to their madgl and the
considered cosmic tinte This expression is based on tgherical collapse modélor a detailed
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description see Schneider 2008) and reads

pP_- 2
2.« m crit cO(t) d (R) oo )
P=m 2R am ¢ (2.75)

dn, .
W(Mrt)_

Here, (R)isde nedin (2.65), and(t) denotes the critical density contrast today (extrapdlate
using linear structure growth) which is needed for a pes#tidm to collapse before cosmic time
t. The quantity o(t) depends on cosmology, for an EdS-univergt) = 1:68=a(t) holds. The
original Press-Schechter theory underwent several ingmnewts, e.g. by replacing the spherical
with the ellipsoidal collapse, Sheth & Tormen (1999) prevadmass function with much better
agreement to numerical simulations. However, their masstion becomes somewhat inaccu-
rate in case of CDM models. This de cit is removed in the t-formula of Jenig et al. (2001a)
which shows excellent agreement to numerical simulatidasbvoad range of cosmologies and
redshifts.

There are other attempts to derive a non-linear power spacte.g. from perturbation theory
(Bernardeau et al. 2002). Note, that this approach faileerhighly non-linear regime, also the
t-formula of Smith et al. (2003) is not suciently accurate for precision cosmology. We return
to this issue in chapter 8.

2.2.2.4 Higher order moments - the bispectrum

Although the non-linear power spectrum partly describas-@aussian features in the density
eld, a precise treatment requires knowledge of highereonchoments. The lowest-order di-
agnostic after the power spectrum is the Fourier space algui/to the three-point correlation
function, the so-called bispectrum. Its de nition reads

D. R R E
(kl,t) (k3,t) (k3,t) = (2 )3 D(k]_ + k2 + k3) (B (kl, kg,t) +B (kg, k3,t) +B (k3, kl,t)) .
(2.76)
Assuming an initial Gaussian density eld the bispectruelooriginates from non-linear grav-
itational clustering; it can be approximated through seleorder perturbation theory (for a de-
tailed derivation see Bernardeau et al. 2002), explicitly

B (Ky; ko;t) = Fo(ke; ko;cos' )P (kg ) P (ko 1) (2.77)

whereP denotes the linear power spectrum and'ces(kik,)=k;k,). In contrast to the power
spectrum, which only depends on the modulus of a wave vabwhispectrum depends on three
Fourier vectors. For the case of a EdS-universe the ké¥p@h; ky; cos' ) can be calculated

analytically I

10 ki ka4
Fo(k; ko cos' )= — +cos' — + — + —cos"': 2.78
2(Ka; ko ) 7 Kk T 7 (2.78)

The cosmology dependencelef(k;; ko; cos' ) is extremely weak and the bispectrum is propor-
tional toP?, hence the reduced bispectrum

B (ki; ko;t) + B (ko; ks; t) + B (Ks; Ka; 1)

QeiC08: D= B0 P (e + P (i) P (e + P (i) P (D)

(2.79)
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is almost independent of time and cosmology. It solely resébe dependence on the con gura-
tion of the three Fourier vectolkg, k,, k3. Note that the bispectrum is invariant under rotations
or translations of this Fourier space triangle as a resudtaifstical homogeneity and isotropy of
the density eld.

Similar to the HKLM method there exist methods to calculateoa-linear model for the bis-
pectrum of density uctuations. This so-called hyper-exted perturbation theory (HEPT) was
rst developed for an EdS Universe (Scoccimarro & Friema®9)9and later extended to vari-
ous CDM models (Scoccimarro & Couchman 2001). In this thebeycoe cients of the kernel
(2.78) are modi ed by amended tting functions. These tjfiunctions are calibrated from nu-
merical simulations, accounting for the non-linear evioluof the bispectrum with an average
accuracy of 15%. Note that recently a new ansatz was propgms@an et al. (2007), who cal-
culate the non-linear bispectrum as a function of the noedr power spectrum, similar to the
corresponding linear relation in (2.77).

2.3 Measurements of cosmological parameters

In the last 20 years the results on cosmological parametegsgssed from vague estimates with
large error bars to an impressive accuracy today, whichbeilimproved even more with future
high-precision data. In this section we outline the mostantgmt results and give references for
further reading.

2.3.1 The Hubble constant

The rst measurement of a cosmological parameter was peddrby Edwin Hubble (Hub-
ble 1929), who recognized that the recession velocity ofneabjects is proportional to their
distance and quanti ed this relation via the Hubble constdf(see Sect. 2.1.3). Hubble un-
derestimated the in uence of peculiar velocities of theeaslied objects and overestimated the
Hubble constant, giving a value of 500 knmt $/pc . More recently, thédST Key Projectmea-
sured the period and brightness of cepheids in other galaid determined their luminosity
distance using the fact that we can calculate the maximunmhsity from the period. Plotting
the recession velocity of the observed galaxies againstdisance we can determine the Hub-
ble constant (Freedman et al. 2001). In addition to ceph&idedman et al. (2001) use various
distance measures to determine the Hubble constant, epg I&ysupernovae, the Tully-Fisher
relation, surface brightness uctuations, Type Il supea® and the fundamental plane. They
combine and weight the individual results and nd good agreet with

km

Ho= (72 8) Mpe

(2.80)

This value is con rmed by other experiments. For examplesRiet al. (2005) claim that earlier
disagreement of SN la estimatestyf was only due to bad data, with their new data sample and
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analysis they give
km
Ho = 73 4(statistical) 5(systematic ; 2.81
0 (statistical) 5(sy ' 2M—pc ( )
This agrees well with the result from WMAP. In their analysig is not measured directly,

however under the assumption of zero curvature and theeexistof a cosmological constant
term, one can put the tightest constraintdHy(see Komatsu et al. 2008), i.e

km
s Mpc’

Ho= (701 1:3) (2.82)
Last but not least, the Hubble constant can be obtained fiemretative time delays between mul-
tiple images of a lensed quasar. From 10 of such multiplegasystems Kochanek & Schechter
(2004) derive a Hubble constant of

km

Ho= (71 3oy (2.83)

For more information on the use of time delays to estinkhtthe reader is referred to the projects
COSMOGRAIE andHOLIGRAILS.

2.3.2 Density parameters from CMB

Due to small inhomogeneities at the time of recombinati@® (Sect. 2.1.5) one expects small
anisotropies in the CMB. These temperature uctuationsdaieto many eects, we distinguish
primary and secondaryanisotropies. The primary anisotropies result from phalgitocesses
before recombination, secondary anisotropies occur, latgie photons propagate through the
Universe (e.g. the Sunyaev-Zel'dovichect). The temperature uctuations are expanded in
spherical harmonic€-, where’ is the frequency mode which is inverse proportional to the an
gular scale. On scales larger than the horizon, the temperatctuations can be approximated
analytically (Sachs & Wolfe 1967). The authors calculag tf + 1)C. is constant for small

in an EdS-universeSachs-Wolfe eecf). This is the reason why CMB scientists pld¢t + 1)C-
against, instead ofC- only (see Fig. 2.6). The most prominent features in the CMBegyspec-
trum of temperature uctuations are tlaeoustic peaksBefore recombination, the baryons and
photons can be described as a perfect uid. On scales sntladlarthe horizon, the baryon uid
is attracted towards the potential wells, formed by the dagkter perturbations. The radiation
pressure counteracts this attraction, as a result the baolgoton uid starts to oscillate. When
the photons decouple this oscillation is frozen into the CWiBh a characteristic wavelength,
the so-calledsound horizorat the time of recombinationna ' tecCs. Due tothe domination of
the photons in the baryon-photon uid, the sound speed isrghycs ' c= §p_hence we can
relate the angular scales of the sound horizon to the actueddm via ' 1= 3. The size of
the horizon is directly related to cosmological parametiensa at universe the sound horizon
corresponds to an angular scale f 1 , which correspondsto 200 in spherical harmonics.

2http//www.cosmograil.org
Shttp//www.astro.uni-bonn.déholigrail
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Figure 2.6: The power spectrum of temperature uctuation as obtainethfiWMAP. One nicely
sees the acoustic peaksat 200 and integer multiples thereof. The shaded area to the left
illustrates the uncertainty due to cosmic variance. (Fegtrom Hinshaw et al. 2003)

Here, and on integer multiples of 200, we expect maxima in the CMB power spectrum. For a
positive curvature,s decreases, shifting the peaks in the power spectrum to higfae negative
curvature vice versa. This behavior and the dependence @®MB temperature uctuations on
other parameters (, ,, m) areillustrated in Fig. 2.7. A change in hardly has any impact
which indicates that dark energy was not dominant at the éfrrecombination. Variations in

pand o, basically changes the amplitude of the acoustic peaks lodlyre ect their positions.
Note that the strongest constraints coming from the CMB arthe curvature; the assumption
of a at Universe is mainly justi ed by the CMB.

2.3.3 Galaxy surveys and Baryonic Acoustic Oscillations

In Sect. 2.2.1 we describe how the power spectrum of densityuationsP depends on cos-
mological parameters; models for the power spectrum canbkened e.g. via the methods
described in Sect. 2.2.2.3. By comparing these models tm#asured power spectrum one can
estimate cosmological parameters. Galaxy redshift ssraggp the galaxy distribution and as-
sume that this is, up to a constahigs) factor, a good tracer for the dark matter distribution. The
bias factor relates the power spectum of the number derfsgglaxies toP , i.e. P = b?Pg,.
Strictly speaking, this bias factor cannot be derived frbwoty, nevertheless it seems reason-
able in the linear regime but de nitely breaks down on nareéir scales. With the de nition
of 5 (2.68), we see thatg = ggu=0. The bias factor can be determined through numerical
simulations by measuring the simulated dark matter digtioin to the simulated galaxy distri-



2.3. Measurements of cosmological parameters 29

Figure 2.7: Variation of the acoustic peaks in the anisotropy power spec of the CMB with
respect to several parameters. (Figure from &uodelson 2002)

bution. Hence, by measuringy, from data, one can directly constraig. Simon et al. (2007)
use weak lensing data to constrain the bias factor arrivirig a0:8  0:11. In addition to g,
one can determine the shape parametésee equation 2.60) from a measuied and thereby
constrain ,, and . The matter power spectrum is one of the most important dfiesin cos-
mology, the level to which we can constrd quanti es our ability to constrain cosmological
parameters. Note that there are several experiments whittrainP (see Fig. 2.8), all with
di erent sensitivities at derent scales.

Very recently a new probe for cosmology has emerged fromxgakedshift surveys, the so-
called Baryonic Acoustic Oscillations (BAQsRecall that the characteristic acoustic peaks in
the CMB power spectrum occur because the baryons are drivtesf the dark matter potential
wells by the photon pressure. After recombination the sejmar of baryon overdensities remain
separated from the dark matter overdensities by a chaistat&romoving scale. As the Universe
evolves both overdensities attract further matter, ragyin overdense regions. Hence, these
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Figure 2.8: The power

spectrum of density uctua-
tions. This gure especially
illustrates the variety of cos-
mological experiments which
can constrain the power
spectrum. Note that every
experiment has a preferred
scale at which its sensitivity
is high. Only by combining
several experiments we are
able to probe all scales in the
power spectrum. Figure from
Max Tegmark's homepage.

characteristic scales are also imprinted in today's mgtiegalaxy) density power spectrum,
resulting in the so-called baryonic acoustic peaks. Meaaguhe characteristic scales in the
CMB temperature uctuations power spectrum and in today&ter power spectrum provides
a relation between angular diameter distance and redsh#ib{called “standard ruler”), which
allows us to constrain the geometry and therefore the deparameters in the Universe. The
rst of these acoustic peaks has been detected in the mattegrpspectrum by Eisenstein et al.
(2005); Cole et al. (2005); Huetsi (2005). Recently Gazganet al. (2008a) claim to observe
this peak also in the three-point correlation function ad alaxies. Gaztanaga et al. (2008b)
measure the Hubble constant using BAOs with a resutigof 717 116%; and also combine
BAOs with other cosmological probes to constrain the dade@yequation of state parameter
w=0:96 0:05. Note that this method strongly depends on the bias fadtah again depends
on the wave number (Sanchez & Cole 2008) and varies withhiftdé proper treatment of this
issue is needed for precision cosmology constraints witdBA

2.3.4 Clusters

Based on the model of spherical collapse, the Press-Sdrenhts function predicts the number
density of dark matter haloes depending on their mass arsthiftdAs mentioned earlier this
model has been improved by numerical simulations (Jenkiak 2001b; Evrard et al. 2002); it
depends strongly on cosmology, e.g. in a at EdS-universe,growth function has a smaller
amplitude (see Fig. 2.3) compared to £DM model. Going back in redshift one therefore
expects much less structure for an EdS-universe comparad €©€DM model. By comparing



2.3. Measurements of cosmological parameters 31

the observations of cluster number density to the predistaf various models we can constrain
cosmological parameters (Henry 2004; Kravtsov et al. 200éntz et al. 2008). Allen et al.
(2008) use the gas-to-mass fractidg. inside clusters to probe the accelerated expansion of
the Universe. This method assumes thatis constant in redshift, which has been checked for
by numerical simulations. In addition, one can dggto estimate ., (Allen et al. 2008, and
references therein). Based on the fact that the intra ¢lgs®contains the dominant fraction of
baryonic matter, and assuming that this fraction is repitesee for the Universe, one can cal-
culate ' p=fgas The second assumption is justi ed by the facts that clsséee the largest
bound structures in the Universe and tligt is almost constant for derent clusters. Cluster
samples can also be used to constrain the matter powersmesimilar to galaxy surveys. This
method is especially useful to constrain the large scal@iseopower spectrum (see Fig. 2.8).

2.3.5 Supernova Type la

We already mentioned in Sect. 2.1.6 that SN la experimemtgged the rst evidence for an
accelerated expansion of the Universe and hence for darigye(Riess et al. 1998; Perimutter
etal. 1999). A SN la is an explosion of a white dwarf which ates mass and exceeds a critical
mass limit, which is the same for all SN la. Therefore, onehhassume that the luminosity
of all SN la explosions is the same, meaning SN la are soec&@k@andard candles”. In a strict
sense this is not true, since the maximum luminosity of a Skhtees, however, there is a relation
between shape of the lightcurve and the luminosity, whickbéss us to standardize the SN la.
Hence, we can measure the luminosity distance of thesersayae, which evolves derently

in redshift for di erent cosmological models (see Fig. 2.9). As a referenceshveel consider
the evolution of the luminosity distance in an empty unieefSsor cosmological models without
cosmological constant (e.g. an EdS universe) the luminasstance will be lower. The fact
that forz. 1 we observe a higher apparent magnitude compared to an emipgrse can only
be explained through an accelerated expansion and therieipties a dark energy component.
Since the rst results in 1998, the search for SN la has be#enebed to a much larger sample
(Astier et al. 2006) and to higher redshift, i.e.= 1:7 (Kuznetsova et al. 2008). When going
to these high redshifts, the apparent magnitude of SN laned@ompared to what one expects
in an empty universe. This can be explained by the fact tretthiverse at these redshifts was
matter-dominated in this epoch. The main problem of SN laesiodutionary e ects, such as a
redshift-dependent critical mass limit for the explosiwhjch could results in a lower luminosity
for high-redshift SNe la.

2.3.6 The concordance model

Table 2.1 shows the most recent highlight in cosmologicedip@ter estimation, i.e. the 5 years
data analysis from WMAP (Komatsu et al. 2008, and referetfo@®in). The table is divided
into two parts, the upper describing parameter which aexty observable through WMAP, the
lower contains parameters which are derived includingrpni@rmation. The third column sum-
marizes the constraints from a joint parameter estimateMfR, a combined SN type la sample
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Figure 2.9: This gure shows the dierence between the distance modulus of SN la measure-
ments and that expected in an empty universe as a functioedshift. This function can be
predicted depending on the cosmological models, e.g. Eolil (;ne) and a CDM model
(dashed line). The data points clearly favor the latter mMo@fdom Riess et al. 2004)

Table 2.1: Cosmological parameters for aCDM model from the WMAP 5 years analysis (Ko-
matsu et al. 2008)

Parameter WMAP 5-year ML WMAP 5-year Mean WMABAO+SN Mean

100 ,h? 2.268 2273 0:062 2265 0:059
oo 0.1081 01099 0:0062 01143 0:0034
0.751 0742 0:.030 Q721 0:015
ne 0.961 0963294 0:9601 2014
8 0.787 0796 0:.036 0817 0:026
Ho 724 kmes=Mpc 71928 km/s/Mpc 701 1:3 knmVs/Mpc
b 0.0432 00441 0:0030 00462 0:0015
c 0.206 0214 0:027 0233 0:013
mh? 0.1308 01326 0:0063 01369 0:0037

1 denotes the cold dark matter component gf

(Riess et al. 2004, 2007; Astier et al. 2006; Wood-Vasey.&t@7), and Baryonic Acoustic Os-
cillations from the SDSS and 2dFGRS (Percival et al. 20QYhlapter 7 we will refer to these
estimates and the corresponding con dence intervals. Quintdpseveral cosmological probes
improves the constraints signi cantly because elient probes have derent parameter degen-
eracies, which can be broken in a combined analysis. Iniaddib the cosmological probes
described in this chapter, there exist several others, 8unyaev-Zel'dovich eect or the Ly-
man alpha forest, which we do not explain in detail. Also ci@gsshear is not discussed in this
chapter; we postpone this to chapter 3.3. However, all thesmological probes agree on the
cosmological model summarized in table 2.1, and this ageeém truly remarkable. Especially,
if we take into account that all the aforementioned expenitsiéest very dierent physical pro-
cesses, at very derent cosmic time, it is astonishing how well th€ DM model combined with
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our picture of structure formation is able to explain theaslzations. We therefore consider this
concordance model as a robust theory on which future cogiwalloprojects should be based.
Today's open questions mainly address the nature of darkemand dark energy. Especially
dark energy poses one of the most interesting mysteriesHmh many future experiments are
proposed. For a detailed analysis which of thesdlent methods is most suitable to constrain the
dark energy parameters, we refer the reader to Albrecht €@06) and Peacock et al. (2006).
Note, that cosmic shear is considered to be one of the mostigirgg methods.
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Chapter 3

Gravitational Lensing and Cosmic Shear

Based on Einstein's theory of General Relativity, grawitaal lensing describes the behavior
of light rays in a gravitational eld. It can be used as a direwasure for matter distributions
on all scales, starting from small masses like stars andigslaip to large mass distributions
like clusters of galaxies or the Large Scale Structure (L8%he Universe. Compared to other
methods, gravitational lensing has the advantage to pribbgas of matter directly, regardless
whether it is dark or luminous. Depending on the mass of thesidered lens, gravitational
lensing is divided into two regimes. Btrong lensinghigh mass distributions (galaxies or clus-
ters of galaxies) create multiple distorted and magni eag®es. In contrastyeak lensingleals
with numerous background sources which are also distortédreagni ed but the eect is much
smaller compared to strong lensing. For this reason weakrigmmust be studied statistically
by averaging over a large number of images. This chaptdsstéh the basic theory of gravita-
tional lensing. We brie y explain strong lensing, but fodasnuch more detail on weak lensing,
in particular on weak gravitational lensing by the LSS, @dtlosmic shear

3.1 De ection of light

Consider a light ray which is bend in the gravitational patdrof a point mas#; the de ection
angle of this ray can be calculated as

(=G =T (3.)

where is the impact parameter afiy the Schwarzschild radius of the mags This equation
only holds for a small de ection angle = 1 which is always true in case of a weak Newtonian
gravitational potential €2  1). The de ection angle caused by a mass distribution can be
calculated by the vectorial sum of the de ections causedheyihdividual mass elements. As-
suming a small de ection angleveak eld assumption and a mass distribution with an extent
much smaller than the distances between source, lens aad/ebghin lens approximatioythe
mass distribution of the lens is charactezrized bydhdace mass density

():= drzs (1 2r3): (3.2)

35
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Here, we choose coordinates such thaghoints towards the line of sight and= ( 1; ) being
a vector in the plane perpendicularrp(see Fig. 3. 1) ( 1; 2;r3) is the volume density. In-
tegration over the individual mass elements®t ( 2; 9;r3) and inserting the de nition of the
surface mass density gives

~ 4G X 0
O ==z dm ( 3; Srg)jo—qz
4G z z 0
z 0
— E 2 0 ( 0) . (3 3)
T i io o2 g2 :

This equation can be applied to galaxies and clusters okigalavhich ful [l the condition of
the thin lens approximation, but it becomes inaccurate dsntc shear.

3.1.1 Lensequation

Source plane
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|

| .

: Dds

I :
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| b:

: D

Observer

Figure 3.1: This gure illustrates a typical lensing situation as det&d in the text. Note that
.., aretwo-component quantities. (Figure from Schneider e2@06)
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Figure 3.1 shows a light source at distarizgfrom the observer and a gravitational lens
lying on the line of sight at distand®y from the observer. Looking for a relation between the
true position of the light source in theource planend the observed positionof the image in
thelens planeve nd

— DS ~ .
- D_d Dds ( ) : (3-4)
Using
= Dg and =Dyg ; (3.5)
we are able to express the lens equation in terms of the argps#ions
Das ~
= 5. (0a) () (3.6)
S

where () is the so-calledscaled de ection angle From the observer's point of view, is
the angular position of the unlensed source amslthe angular image position. The de ection
angle only depends on surface mass density and impact p@ramhés possible to have multiple
images for a source, corresponding to multiple solutiof xed in the lens equation. The
decisive quantity for the occurrencemultiple images isdfitccal surface mass density

— CZ DS .
cr — 4 G DdDdS H (37)
which is used to de ne theonvergence
D
():= (Ba). (3.8)

cr

Multiple images become possible, if the surface mass deasieeds the critical surface mass
density, which is obviously the case for 1. Lenses with > 1 are called strong lenses whereas
for 1 we are in the weak lensing regime and multiple images aressiple. We write the
scaled de ection angle in terms of

lZ 20 0
()== d°(9; 5 (3.9)
i
and by introducing the de ection potential
(=2 ®°(9mj 9 (3.10)
we express in terms of the de ection potential

=r : (3.11)

The two-dimensional Poisson equation gives the conversgeras second derivative of the de-
ection potential

2 (3.12)
().

-1
2
and can be derived from (3.10) usingInj j= 2
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3.1.2 Distortion and magni cation

Liouville's theorem guarantees conservation of the s@rtacghtness in the absence of absorp-
tion or emission of photons. Hence, we deduicd = 1] ()] with 1( ) and1®)( ) denoting
the radiation intensity of image and source. Assuming thegingular diameter of the source is
small compared to the scale on which the density of the leaagds, we can locally linearize
the lens mapping and describe the surface brightness ofageisround a xed pointg by

1()=190 (o) +A(0) ( )] : (3.13)

Distortion and magni cation are then given by the Jacobiathe lens equation (3.6)

@0 . @

@
A=—= i
@ . @; ' @@,

(3.14)

We de ne theshearas a complex number:= +i , =] j&", and the shear components are
related to the de ection potential as

=;@@ @@) ad ,=@@; (3.15)

Using (3.15) and (3.12) the Jacobian matixcan be parameterized through convergence and
shear |

A = , 1+, : (3.16)

To illustrate the meaning ofand we decompos@ into a diagonal and a trace-free part
! !

0 cos(2) sin(2)

1

sin2)  cos(2) (3.17)

A=A ) ¢

The convergence magni es the image isotropically, whereasnaps a circular source onto an
elliptical image (Fig. 3.3). The ratio of the semi-axes o #ilipse is determined by the eigen-
values ofA . As mentioned at the beginning of this section the surfaigghbress is conserved,
however the image's shape and size is distorted. This sesult (de-)magni cation, which we
de ne as the ratio of image wS [given by the integral ovel( )] to source uxS, [given by
the integral ovet®)( )]. This ratio is calculated to be the inverse of the deteamtrof A

1 1 _
detA (1 )]

S
=5 " (3.18)

The magni cation is given by j but in general can have either sign; the sign expresses the
parity of the image with respect to the unlensed source.
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3.1.3 Caustics and critical curves

Curves in the lens plane where the determinant of the Jatabé&irix detA ( ) vanishes are
calledcritical curves Mapping a critical curve to the source plane using the lepusgon gives

a so-calleccaustic Whenever a source crosses a caustic two images in the kems ate either
created or destroyed. Every source close to and ihsidmustic causes two highly magni ed
images, one on each side of the critical curve. As proved bikd3(1981) the absolute number of
images created by a lens must be odd, although observafiomssb lens systems show an even
number. This is due to one highly de-magni ed image in mosslsystems which is dicult to
observe. In contrast to critical curves which are alwaysaimocaustics have cusps. A source
just inside and very close to such a cusp produces threeyhig@adini ed images. In case of an
extended source lying exactly on a caustic its images wilgaeThe resulting image is highly
magni ed; this e ect leads to the giant luminous arcs which we observe for pl@am the inner
region of the galaxy cluster Abell 1689 (Fig. 3.2).

3.2 Weak lensing

The weak lensing regime is characterized by 1 andj j 1. Here, the Jacobian matrx

is close to the unit matrix, distortions and magni catiome aauch harder to identify. To detect
the weak lensing eect we need a statistical approach, i.e. we have to consideg@asample of
galaxy images, from which we determine the shapes. Firsinir@duce theeduced shear

i
1 —=—¢"; 3.19
1 1 (3.19)
which is a complex quantity and describes the degree ofrtlisto The phasé gives the orien-
tation of the distorted image. The Jacob#arcan be expressed in termsbf
|
1 1L P

A=) Ty, 1+ 1,

(3.20)
If the sources were circular their images would be ellipsitis avratio of axes given by (see Fig.
3.3) o
a_1]1,
b 1+j1°
Unfortunately, the source galaxies are not intrinsicadlynd. The image that we observe must
be decomposed into intrinsic ellipticity® and the distortion as a result from lensing. In order to
measure the ellipticity of an image and to relate it to thersewllipticity, we de ne the center
of an object with brightness distributid( ) on the sky as

R
- Rd2 1) all()]
R0 all()]

inside” means the side of a caustic where the number of gredimages is larger

(3.21)

(3.22)
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Figure 3.2: This image of the inner region of Abell 1689 was taken withHBJ/ACS camera.
One can see the luminous arcs which are highly magni ed astbdied images of background
galaxies on a caustic. (Figure credits to the Space TelesS&xpence Institute)

whereq(l) is a weight function in order to suppress the noise comiagfthe brightness of the
surrounding area. Furthermore, we de ne the tensor of stboightness moments

R _ —
@ QaltOrG oG )

ij = i;j 2 f1;29: 3.23
N @ 10 all()] e 923
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convergence and

: . N
L L

o convergence only

Figure 3.3: This illustration shows the mapping in case of a circularseu Considering only
the e ect of the convergence the source is simply magni ed to aelaaiycle. The shear addi-
tionally distorts the image to an ellipse depending on thagghof the shear. (Figure from
Marusa Bradac)

We can now quantify the complex ellipticity of a galaxy inrtes of theQ;; as

Qu Q22+ 2iQ

= 14i,:= = (3.24)
Qu+Qe+2 QuQx2 Q iz
and
= L= Q“Q?lf;i@”; (3.25)
which are related to each other by
Teag ol s 22

Using the second-order brightness tensor for the unlerm@de and the angular coordinates

R J—
go= € 19 aloOC )G )
ij -\dg |(s)( )CI|[|(S)( )]

; ;) 2 f1;29 (3.27)

we de ne a complex ellipticity for the sourcé® and ©), similar to (3.24, 3.25). The relation
between source and image tensor then reads

Q9=A()QA(): (3.28)
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Inserting the above relation into the de nition of the eligities Seitz & Schneider (1995, 1997)
derive the following relation between source and obserligttieities

for j1j 1
11

© _ 21+ 12
11

) = = ;
1+j12 2Re )

(3.29)

* 0000/ AN/ CO

for j1j>1
1 14
We assume that there is no preferred intrinsic orientatfayataxy ellipticities in the Universe.
Therefore, the expectation value of the source ellipgsishould be zero
D E D E

( (s) -

S =0= (3.30)

With the above relation the expectation value of the obgkelpticity can be calculated as
(Schramm & Kayser 1995; Seitz & Schneider 1997)

%1 for jj 1
hi= (3.32)
.§ % for j1j>1

In the weak lensing regime (1 andj j 1) the expression for the reduced shear (3.19)
reducestd . Similarly, Seitz & Schneider (1995) have shown that in tlealvlensing regime
1=2h i = hi holds, which implies that any measured galaxy ellipticitgpi(very noisy) measure
of the local shear. The noise is given by the dispersion oirttrsic ellipticity dispersioni.e.

q
= 06: (3.32)

By averaging oveN galaxy images, which, were all distorted by the same locatushe is
reduced by a factor of N. The value, = N denotes the 1- deviation of observed mean
ellipticity from true shear.

3.3 Cosmic Shear

In contrast to the last sections, where we describe thergresiect of local mass distributions
like galaxies or clusters, cosmic shear is subject to lighéction of the large-scale structure
(LSS) in the Universe itself. In particular, the concept dhim lens fails for cosmic shear and
must be replaced by an extended three-dimensional ma#iibdition. Light bundles emitted
from distant galaxies travel through this inhomogeneousendistribution and are continuously
distorted. These distortions in shape and size of the gataages can be measured statistically
and provide information on the LSS and on cosmological patars.

In the following we brie y describe the theory of cosmic shdacussing on its various measures,
their interrelations and covariances. Cosmic shear hag@seed into a very important tool in
observational cosmology during the recent years. We tbexebnclude this section with a short
review of its main achievements, future prospects and otioteallenges.
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Figure 3.4: This gure illustrates the principle of cosmic shear. Ligllys from source galax-
ies are continuously de ected by the inhomogeneous maiserilmition in the Universe. The
observed images are therefore distorted. (Image creditSCERT project at IAP, France)

3.3.1 Propagation of light in a 3-D matter distribution

This section reviews the technical details of lensing@&s in an inhomogeneous matter distri-
bution; for a more thorough treatment on the derivation werrthe reader to Bartelmann &
Schneider (2001) or Schneider et al. (2006).
In order to investigate the propagation of light we consmlsituation as illustrated in Fig. 3.5
and examine, how a comoving separation vegfor ) of two light rays evolves. We only con-
sider weak gravitational perturbations; for this case tlopagation equation fo( ; ) reads
2 h [

k= 2, i) r e O0) (3:33)
whereK is the spatial curvature of the Universe as de ned in (2.14),is the transverse co-
moving gradient operator and®( ) denotes the Newtonian potential along the ducial ray. An
exact derivation of (3.33) is given in Bartelmann & Schnei@901). This di erential equation

can be solved using the Green's function which leads to

Z
2

h [
X( 5 )="f() P odOfK( V1o x(; 9 9 r - OCY (3.34)

Inserting the comoving separation vector between two liglgs x into (2.21) we obtain the
angular separation of the unlensed source and the dugyal ra x=fc( ). In order to describe
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Figure 3.5: For a given comoving radial coordinate a light ray is separated from the ducial
light ray (lower one) byk( ). This distance corresponds to an angular separation dfthere
are no further lensing escts on the way of the light ray from w to the observer. Bothtligys
are constantly in uenced by a small Newtonian potential aincerences in the de ection refer
to di erent transverse gradients of the potential . (Figure from Tim Schrabback)

the lensing eects we de ne the Jacobian (similar, to the de nition in stard lens theory (3.14))

as @ 1 @
A(; )=—== —
G @ we
Inserting (3.34) into (3.35), expandirg in powers of and considering only up to linear terms
in  (Born approximatiol, we derive

(3.35)

Z
2 f f @ j(x=f ;
Aij( : )= i = d 0 K( O) K( (9 |J( K( O) (9 : (336)
c° o f( ) @@
With the de nition of the de ection potential
Z
2 fic( 9
)==  d T ——L (f -9 3.37
(=5 4% Sy (950 (337)
we nd the same expression for the distortion matrix as in43.
@
Aij= i —: 3.38

We see that, when using the weak- eld metric, lensing by a 3&ten distribution can be de-
scribed through the de ection potentia) similar to standard lens theory. The expressions for
and also correspond to the standard lensing de nitions (3.12) (@.15).

3.3.2 Power spectrum of convergence

In Sect. 2.2 we show that the eld of density uctuations degde strongly on cosmological
parameters. To constrain the latter with cosmic shear, we tarelate shear quantities (in
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this case ) to the matter density eld. Starting from the de nition of(3.12) we calculate the
2D-Laplacian of (3.37)

fic( %) fi( O)

2 . — 0'K K 2

== f .

White & Hu (2000) show that the two-dimensional Laplacian ba extended to a three-dimensional

one, without inducing a signi cant error. Adopting this jgexlure we apply the Poisson equation
in comoving coordinates (2.47) and derive

(o3BT of( M) (D59

’ 22 fi( ) a( 9 .
As the source galaxies are not located at one redshift Hotfa redshift distributiorp,(2)dz =
p ( )d ,we haveto integrateo%er to obtain the eective convergence,

(3.40)

() = dp()(;)
Z
_ 3HE m (fe() ;)
= — "d 1( )f()T, (3.41)
with 7 (0 )
1) = "d p(O)Kf(O): (3.42)

The factorl( ) describes the redshift-weighted eiency of the density uctuations just like
Dygs=Ds in “normal” lens theory (Sect. 3.1.1). The upper limit of timegral is the comoving
horizon de ned in (2.24). We have seen in Sect. 2.2.2.1 thatgower spectrum of density
uctuations P contains all second-order information about the mattesieneld. In (3.41)
we related the convergence to the matter density; next weasenilar relation for the power
spectrum.

If is an isotropic and homogenous %—D random eld, the propei

()= da() (f() ;) (3.43)

are also isotropic and homogenous random elds in 2gDafe weight functions). Limber's
equation originally relates the correlation function BD) to a line-of-sight projected correla-
tion function (2D). Correspondingly there exists a Foudpace version of Limber's equation;
Kaiser (1992, 1998) use it to relaie to P

by AT PO,

4t o aX( ) fic()"
with 1( ) explained in (3.42). The above expression is essentidééfming, as it explicitly relates
a lensing quantity to cosmological parameters and the pepectrum of density uctuations
(which again depends on the cosmological model). FiguresBdavs the power spectrum of
convergencé® for the same cosmologies as ferin Fig. 2.5. We see th&® depends strongly
on the underlying cosmological parameters, enabling usrtstcain them, once is determined
through observations. In the next section we present dexeabspace measures which are
related toP .

(3.44)
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Figure 3.6: The left plot _
shows linear (thin lines) and «
nonlinear (thick lines) power
spectra P as a function of
the wave vector. The right
side shows the corresponding
power spectra in dimension-
less form. The cosmologies
used in the calculation are
similar to those of Fig. 2.5.

Furthermore, we assume all o ‘ ‘ |
sources to be at a constant 1e+00 le+02 le+04 le+06
redshift =1 Fourier mode |

1e-06

(o2}

olf
(]
—

— WMAP5+BAO+SN
- - Millenium Run
EDS

le-12

3.3.3 Second-order cosmic shear measures

Considering the Fourier transform of shear and convergesecad the relation
()= "(); (3.45)

which implies

)~ (9
22 9C 9P(); (3.46)

with ([f)(‘) as the two-dimensional Dirac delta distribution. Hendes power spectra of the
convergence and shear are identical and we can detefnitieough the measured shear. The
shear is a polar quantity, which implies that a rotation ef 180 is an identity transformation.
By looking at the shear components in a rotated coordinatedrit is useful to decompose the
shear into dangential ; and across component .

()" 9

. = Re e? = ,cos2 ,sin2; (3.47)
= Im e? = ;sin2 ,cos2: (3.48)

Here, 1 and , refer to cartesian coordinates andpeci es a direction relative to which the
shear is measured.
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3.3.3.1 Correlation function

In real space the power spectrum corresponds to the twad-gairelation function (2PCF). Con-
sider a pair of galaxies at positighand# + respectively. Using the above de nition of
tangential and cross component of the shear we de ne the 2BEF

() = hedoh i(); (3.49)
() = he i(): (3.50)
() vanishes because ! under parity transformation and the LSS is parity-symmetri

Note that the 2PCF only depends on the magnitude of the sapavactor but not on the orien-
tation. Practically we can calculate by measuring the ellipticities of many background galaxy
pairs with the same separation. The shear is obtained aslBbi Sect. 3.2. Furthermore,
there is a relation of the 2PCF and the convergence powetrapel

Zld”

O = GRCPO): (351)
VASTINN

O = Su0P0O); (352)

0

with Jo as the 8-order Bessel function and} the 4"-order Bessel function. Recall that there is a
similar relation for the matter power spectrum, with onlyeah erence: the matter distribution
is three-dimensional, whereas the shear only has two dioens

3.3.3.2 Aperture mass dispersion

The so-calledperture massvas introduced by Kaiser (1994) and Schneider (1996) as aunea
of the local surface mass density around a xed posi#toRor an aperture of radiughe aperture
mass is de ned as Z

Map(; #) = d#° #)U (# #9); (3.53)
with U being a Iter function satisfying the criterion
z 1
d#U (#)#=0: (3.54)

0

Furthermore, Kaiser (1994) and Schneider (1996) showlhgtcan be expressed in terms of
the tangential shear. For each point inside the apertyt@d are measured relative to the
connecting vector of aperture center to the considered.poin

z

Ma(; #) = d#°Q (# #9) «(#); (3.55)

with Q as a weight function related td by
z #

32 d#o#U #) U #): (3.56)
0

JOES
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The importance of this measure for cosmic shear was disedvater (Schneider et al. 1998)
with the dispersion oM., which is related td® via
: 141
MZi ()= d P OOWa( ) (3.57)
with |2
. 243,C )
Wap( ): (\452 ) .

(3.58)

3.3.3.3 Shear dispersion

Another second-order measure is tieear dispersionThis is obtained by calculating the mean
shear inside a circular aperture of radiuBy averaging over many apertures we nd the shear
dispersiorhj j?i. The relation to the power spectrum is given by
Z L
. 1 - w 2J
hTi()=5- d P() ) (3.59)

When taking a closer look (Fig. 3.8) at the Iter functionstbk three cosmic shear measures,
we just reviewed one sees thatand the shear dispersitinj?i have very broad Iter functions.
These imply that for a xed the corresponding measure integrates the over a wide rdrtge o
power spectrum. The lIter function of is more localized, but still broad compared with the
Iter function of H\/Iazpi. The aperture mass dispersion probes the power spectrymmaeowly
giving by far the most localized information but it has a logrgl. We will discuss advantages
and disadvantages of the individual second-order measur@stail in chapter 5. Figure 3.7
shows all second-order cosmic shear measures in comparison

3.3.3.4 Interrelations

All mentioned two-point statistics depend linearly on thever spectrum. Crittenden et al.
(2002) show that they can be related to each other. Using rtivermrmality of the Bessel
functions we can invert the relation (3.51) and (3.52) argtess the power spectrum in terms of
the two-point correlation function
z 1 z 1
2 ) d ()W )=P()=2 . d ()& ): (3.60)

Inserting the I.h.s. into (3.52) and the r.h.s. into (3.%dg,derive an expression of either corre-
lation function in terms of the other

Z, !

O= 0+ ¥ wa 1z 3.61)
Z !
a# # #2

() L)+ L) 4 125 (3.62)

0
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Figure 3.7: The di erent 2-point statistics of cosmic shear, calculated vi&13, (3.52), (3.57),
(3.59) for the WMAP5 cosmology (see Tab. 2.1, WMBRO+SN parameters)

Note that in the rst equation the integral does not divengease# ! 0. The reason for this
isthat goes faster to zero tha#f to in nity, which can be seen from the Iter function,J

Inserting (3.60) into (3.57) we can expretmgpi in terms of the correlation function as
Z 4 !
2 du# # 2 du# #

T T = = T = (3.63)

Zi() =

From the above formula one sees that in order to calchmgg' on an aperture of radius the
2PCF must be measured over a range [{; Both correlation functions can be used for this
calculation. The lter functions are derived in Schneider et al. (2002a).

( 6(2 15Q) | .

T.(X) = —arcsinl(
5 2
xp4 X2 g
+W(120+ 2320¢ 754+ 132° EzH(R2 x) ;  (3.64)
|
272
T () = ;_22)(3 1 XZ HC %) (3.65)

Similarly, we can express the shear dispersion in termseo€threlation function but with dif-

ferent Iter functions 5 L 7 I
. 2 d## # T L d## #
hj j2|( ) — : +(#)S+ - = —_ (#)S - (366)

2
0 0
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whereS is given as

P
Si(x) = }4arccos)§( X 4 xHZ2 X ;
P
X 4 x2(6 x?) 8(3 x?arcsin k=2
S (x) = ( ) x‘E ) s )H(2 X)
4(x° 3)
+TH(X 2)

In either case of the lter functiom andS , H denotes the Heaviside step function. The Iter
functionsT andS are plotted in Fig. 3.8. It is quite important to mention th#itsecond-
order measures can be evaluated from the correlation dngcis is easiest to measure. It is
independent of gaps on real data elds, coming from sagditdces, bright stars or CCD-defects.
All this a ects the aperture mass dispersion as well as the sheargispérthey are directly
obtained from the data and not calculated fromFurthermore, it is worth to mention thia¥1
can be calculated from both, and , on a nite interval, which means to calculahb’lgpi( ),
the 2PCF must be measured on an angular scai J[0In case of the shear dispersion, this is
only possible for .. The reason for this are again the Iter functions, the onijpi is very
narrow, hence all information needed can be obtained fromnd , which have much wider
lter functions. However, this is dierent in case ofij j?i which also has a broad Iter function
and therefore also probes the very power specrum on sr{lalige ). Due to its narrower lter
function cannot provide this information; it probes the power specnoore locally, therefore
one has to “measure” it to in nity to calculate the shear éigon. The broad lIter function of

+ can still provide this large-scale information.

3.3.3.5 E-modes and B-modes

The shear can be calculated from the de ection potentih (3.15). Noting that is a complex
guantity whereas is a scalar eld, the two components of the shear cannot bepeddent of
each other. This can be shown by calculating the gradient of

|
grg:

Taking again the derivative, we expect u to vanish, providing a relation between the two shear
components in terms of their second derivatives. HowevVer,i$ measured from a data eld,
most cosmic shear surveys measure a non-gradient componeir signal, the so-called B-
modes (Fig. 3.9). B-modes are considered to be a contammaitithe pure lensing signal, their
origin is not fully explained. The limited validity of the Bo approximation (Jain et al. 2000)
or redshift source clustering (Schneider et al. 2002b) ¢sm @eate B-modes, although these
e ects are small. Intrinsic alignment of source galaxies ®tfar possible source of B-modes.
Predictions coming from numerical simulations @r on the impact of these ects (e.g. Heavens
et al. 2000; Crittenden et al. 2001; Jing 2002). However,dbserved B-mode amplitude is
higher than one would expect from these explanations. M| B-modes indicate remaining
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Figure 3.8: The lter functions T., T , S, and S . x gives the ratio of €#). All Iter functions
except S become zero for ¥ 2. (Figure from Schneider et al. 2006)

systematics in the observation and data analysis (e.g. itisat PSF-correction). We further
outline possible contaminations to the shear signal in. bt

To distinguish between the curl and the gradient parts (@-modes), we consider the complex
surface mass density= E+i Band de ne

r2f = r u (3.68)
r’B = r uz@u, @u: (3.69)
Similarly we de ne two components of the de ection potehtréa the Poisson equation
r? B8 =2F": (3.70)
In general, both and are expressed as complex quantities.
= E+jB; (3.71)
= E4jB: (3.72)

Considering second-order statistics, the decomposititmi-and B-modes can also be applied
to the power spectrum. From (3.46) together with (3.72) $ater et al. (2002b) calculate

HeC) e = )Y 20 “YPeC); (3.73)
He() (O = ()2 2C “9Ps(); (3.74)
HeC)e(h = 2 )220 YPes(): (3.75)
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Figure 3.9: The upper part of this gure shows a typical E-mode pattermcivitan be expressed
as the gradient part of . The left panel shows the mapping of galaxies due to a masr o
density and the right images are produced by an underdensityhe lower part we see the
corresponding curl component of the shear signal (B-modésigure from van Waerbeké&
Mellier 2003)

The cross power spectruRgg is expected to vanish for a statistically parity-invarighéar eld.
Similar to (3.51) and (3.52), we can now express the corogldtinction in terms of the decom-
posed power spectrum

Z

g

(O = Sk PC) PO (3.76)
Z°, .

() = S-a0)PL) Pol)] 3.77)

0

Again, similar to the case of E-modes only, the above refatzan be inverted
YA 1
Pes(’) = . d () ) ()W) : (3.78)

In order to constrain parameters we want to distinguish bebtwthe power spectrum resulting
from E-modes and the one resulting from B-modes. Pragjitiais cannot be done using (3.78),
because this requires a measured correlation functionasgiliments from 0 to in nity. Instead,

one uses the aperture mass dispersion to separate E-matiBsraodes. More precisely, one
can show thahMZi is sensitive only to E-modes ami¥15i provides a measure of the B-mode
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only and vanishes in its absence
Z 1
d " Pe()Wap( " ); (3.79)
ZO
1
d " Pe(")Wa( ) : (3.80)
0

VZi ()

Nl N

v3i( )

Again, we can calculatéMzj andhM3i directly from the much easier obtainable correlation
functions

Z " ! I#
. 17 2 du# # #
hVZ;i( ) 3., 7 BT, =+ BT = (3.81)
" ! I#
) 142 gp# # #
MEi() = 3 Tz LT, — #HT = (3.82)

In the absence of B-modes (3.82) vanishes, hepn@an be expressed through implying that
for the case of a pure lensing signal (only E-modes) we careexhvlgpi in (3.81) only either
via , or

3.4 Cosmological parameters from cosmic shear

In recent years cosmic shear has become a valuable tool straomcosmological parameters.
In this section we brie y outline the most important reswdtsd also explain the main dculties
which cosmic shear parameter estimation faces today. Weadswith a short outlook to future
surveys.

Cosmic shear is an extremely powerful method to determieentirmalization of the power
spectrum gin case , can be obtained from a dérent cosmological probe. Table 3.1 summa-
rizes the most important surveys and their results fpsince the detection of cosmic shear in
the year 2000 (Bacon et al. 2000; Kaiser et al. 2000; van Vé&erbt al. 2000; Wittman et al.
2000). Although the obtained values fog deviate slightly, they are in good agreement with
each other and results coming from other cosmological @xgerts (see Sect 2.3.6). The latest
cosmic shear analysis of Fu et al. (2008) is suited bestustithite the high quality of parameter
estimation, which can be done with cosmic shear. In thisyaimthe raw data of the CFHTLS
3-years data release was reduced using two independetinpgpeThe estimated shear signals
were in good agreement. The 2PCF was detected out to a se#€fafhich by far exceeds the
scales on which former analyses were able to measure a skpoah the 2PCF several 2-point
cosmic shear statistics were calculated, such as the apentass dispersiong, and the top-hat
shear dispersion. Figure 3.10 illustrates the resultsherthree aforementioned measures; we
see that the E-mode signal is signi cantly larger compacepdssible contaminations indicated
by the amplitude of the B-mode signal. Furthermore, thesitatt consistent with zero on all
scales except around 60 arcmin. In chapter 6 we calculaterestatistics from the same set
of 2PCF as used in Fu et al. (2008) to check their ndings. Témarkable results cosmic shear
has achieved so far will improve in the future with large updaag surveys like Pan-STARRS,
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Figure 3.10: This gure shows three second-order measures I(ngpi andhj j?i) of the latest
CFHTLS analysis. The red dots correspond to the E-mode kigmablack circles to the B-
mode signal. Note that the latter is almost everywhere sbeisi with zero. (Figure from Fu
et al. 2008)

KIDS, DES, Euclid or LSST. Already the rst two surveys, dtag in 2009, provide data which
enables us to estimate the shear signal with less than 1tistdterror. These small statistical
errors make cosmic shear an ideal tool for future dark enstggies (see Peacock et al. 2006;
Albrecht et al. 2006), we examine this more closely in chatéstill, for precision cosmology
cosmic shear has to solve several problems, which we ountlititee next section.

3.5 Future challenges - precision cosmology with cosmic séue
Despite past successes and positive future prospectg, dnerunsolved systematics and un-

certainties which aect parameter estimation with cosmic shear. These isdumsgl of minor
importance for the current generation of weak lensing sigv@ust be solved for the next survey
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Table 3.1: Summary of weak lensing surveys with constraints §r assuming a at universe

with ng = 1. This table is an extension of a similar table in Peacock e(2006)

Survey Sky coverage nga|:arcmin2 g( m=0:3) | Ref.

VLT-Descart 0.65 deg 21 1.05 0:05 Maoli et al. (2001)

Groth Strip 0.05 deg 23 0.90'3:2> Rhodes et al. (2001)
MDS 0.36 deg 23 0.94 0:17 Refregier et al. (2002)
RCS 16.4+ 7.6 deg 9 0.81313 Hoekstra et al. (2002b)
Virmos-Descart 8.5 ded 15 0.98 0:06 Van Waerbeke et al. (2002
RCS 45.4+ 7.6 ded 9 0.87°099 Hoekstra et al. (2002a)
COMBO-17 1.25 deg 32 0.72 0:09 Brown et al. (2003)
Keck+ WHT 0.6+ 1.0ded 27.515 0.93 0:13 Bacon et al. (2003)
CTIO 75 deg 7.5 0.71°5:%¢ Jarvis et al. (2003)
SUBARU 2.1 degd 32 0.7895 Hamana et al. (2003)
COMBO-17 1.25 deg R 0.67 0:10 Heymans et al. (2004)
FIRST 10000 ded 0.01 1.0 02 Chang et al. (2004)
GEMS 0.22 deg 60 0.68 0:13 Heymans et al. (2005)
WHT + COMBO-| 4.0+ 1.25ded 15/ 32 1.02 0:15 Massey et al. (2005)

17

Virmos-Descart 8.5 ded 12.5 0.83 0:07 van Waerbeke et al. (2005
CTIO 75 ded 7.5 0.713:%% Jarvis et al. (2006)
CFHTLS Deep 2.1 deg + 22 0.89 0:06 Semboloni et al. (2006)
CFHTLS Wide 22 ded 13 0.86 0:05 Hoekstra et al. (2006)
GaBoDS 15 ded 12.5 0.80 0:10 Hetterscheidt et al. (2007
ACS parallel + | 0.018+ 0.027 de§ 63/96 0.52'013 Schrabback et al. (2007)
GEMS+ GOODS

COSMOS 1.64 deg 40 0.866 305> Massey et al. (2007b)
CFHTLS  Wide 34.2 ded 13.3 0.785 0:043 Fu et al. (2008)

(3years) (for m=0:25)

CFHTLS  Wide 34.2 ded 13.3 0.698 0:.038 rescaled Fu et al. (2008)
(3years) (for »=0:3)

~—
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generation in order to extract the full information fromith@gh-quality data. In the following
we summarize the main issues, with a focus on brevity in tipdagation; each of the points can
easily be subject of a complete thesis.

PSF correction and shape measurementsAn insu cient PSF correction causes a bias in the
amplitude of the lensing signal. The strength of this comtation changes with size, surface
brightness, and intrinsic ellipticity of the consideredegg and is therefore redshift dependent.
The Shear TEsting Program (STEP) has signi cantly imprawethis issue (for latest results see
Heymans et al. 2006; Massey et al. 2007a); still the accuvboy the ellipticity measurements
does not satisfy the requirements for precision cosmoldgne STEP program is ongoing; the
problem is even discussed outside the lensing communitgléBet al. 2008).

Astrophysical contaminations In Sect. 3.2 we show that each measured ellipticity is a very
noisy measure of the local shear= © + ( ;). When calculating the correlator of two ellip-

|
ticities the following terms arise (assume that z)

D(S) (s) E D(S) E D (s) E ( )
1, = O+ + + 3.83
| 2 ) | &3 | 17 ) |23
intrinsic alignment  shape shear correlation 0 cosmic shear signal

Intrinsic alignment If galaxies are physically close their ellipticities aret mecessarily
oriented randomly but can align according to the lamentstryicture which is present at their
location. This eect mimics a shear and thereby contaminates the signal. cohtamination
mainly a ects shallow surveys (e.g. SDSS) and becomes less imptn@ahigher the mean
redshift of the source galaxies. However, King & Schnei@80@) show how to separate the
cosmic shear signal from intrinsic alignments contamoreiif redshift information is available.

Shape-shear correlation Besides intrinsic alignment, Hirata & Seljak (2004) outlitihat
a the cosmic shear signal can beeated by an additional contamination, namely that the shear
of a background galaxy and the ellipticity of a foregrountébgg can have a non-zero correla-
tion. More precisely, in case the foreground galaxy is hebgtea large-scale structure lament,
which is also responsible for the shear of the backgroundxgalthe corresponding term in
(3.83) can give a non-zero contribution. Theeet was detected by Mandelbaum et al. (2006).
Recently Joachimi & Schneider (2008) developed a methoénmve the shape-shear contri-
bution, by introducing a redshift-dependent lter functiovhich excludes the contaminated part
of the measured 2PCF. Similar to the intrinsic alignmentaeath this method requires accurate
redshift information.

Sourcd lens clustering As outlined in Schneider et al. (2002b) clustering of sowakax-
ies induces a B-mode signal as well as an additional cortimibtio the E-mode. However, the
contamination is only present on scales smaller than omaiaute, which can be discarded in
order to exclude the eect. In addition, the clustering of sourédsnses aects the amplitude
of higher-order cosmic shear measures (Bernardeau 19@8)of sources are lensed by high
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density regions, creating a high shear signal. These haegisity regions serve as lenses, but
in addition they host many galaxies which are not shearechtsyhigh-density region. This
preferred accumulation of galaxies results in aaent shear signal, than if the galaxies were
distributed uniformely. Note that once again thiseet can be removed employing redshift in-
formation, more precisely the ect is negligible in case the redshift distribution is sently
narrow.

Redshift information As mentioned before precise redshift information is nemgstor pre-
cision cosmology in order to account properly for astrojptsiscontaminations. In addition,
one can enormously improve the constraints on cosmologer@meters if the shear signal is
examined as a function of the sources' redshift (shear toapbty) instead of considering 2D-
lensing only. For the large sample of galaxies which are eskin future survey, spectroscopic
redshifts are hardly obtainable. Instead, one has to refehotometric redshifts (e.g. Heymans
et al. 2005), which improve in accuracy the more lter bandsavailable.

Theoretical tasks Theoretical issues of future cosmic shear surveys canbegted into three
main groups.

precise lensing predictions (Born approximation, thirsl@pproximation, inaccuracy of
Limber's equation or the at-sky approximation),

precise cosmological predictions (accurate models fomthrelinear power spectrum or
non-Gaussian covariances, models for higher order moroéthe densityshear eld)

accurate methods for inference of cosmological paramétebsist estimators of cosmic
shear measures, precise model for the likelihood functienyation of the covariance)

In this thesis we focus on the latter two theoretical taskalrticular, we want to improve on the
issues of cosmic shear estimators and covariances. Inattapte analyze the quality of second-
order cosmic shear estimators with respect to their infionacontent and robustness against
B-mode contamination. We develop a new data vector whichbooes the advantages of the
most commonly used second-order cosmic shear measuressritiis new data vector using
ray-tracing simulations. As a second contribution to thgidamf estimators, we examine the
so-called ring statistics (chapter 6), which is the mosengly developed second-order cosmic
shear measure (Schneider & Kilbinger 2007). Finally, we lemthe ring statistics to measure
the shear signal from the CFHTLS 3 years data, which marksrshepplication of the ring
statistics to real data.

As a second topic we examine the impact of covariances on dhameter constraints from
cosmic shear. In particular, we show that cosmic shear @wes are cosmology dependent,
guantify the impact on parameter constraints when negigttiis e ect and provide a method to
incorporate cosmology dependent covariances into alti&etl analysis (chapter 7). In the last
chapter we analyze the impact on parameter constraints wgieg non-Gaussian covariances.
Here, we focus on the estimation of dark energy parameterssawill play an important role in
future cosmic shear surveys.
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Chapter 4

Parameter estimation

At the end of the last chapter we summarized the recent astmients of cosmic shear in con-
straining cosmology and its future perspectives. In theptér we introduce the main concepts
of parameter estimation, which we extensively use in the okapters. It is a very common
situation in science to measure data from an experimentiartde framework of an underly-
ing theory, to infer information on the parameters whiched®iine this theory. For the case of
cosmic shear this means: we measure the galaxy ellipsciferefrom calculate the 2PCF (or
other cosmic shear measures), and nally constrain cosgmdb parameters. The underlying
theory was outlined in the last two chapters; it is given l®/¢bsmological model (if not stated
otherwise, we assume theCDM model) and the concepts of gravitational lensing.

We illustrate the concepts of parameter estimation usiadp#tsic two-point cosmic shear statis-
tics, i.e. the 2PCF, as a familiar example. Therefore weergtlain how estimators and covari-
ances of the 2PCF are obtained, either from the measurexygalgpticities or from simulations
andor analytic expressions. The estimators and similarly twvagdances are binned (linearly or
logarithmically); we conclude this chapter with an anaysi binning e ects and their impact
on parameter inference.

4.1 Estimators and covariances for the 2PCF

In this section we de ne the estimators and covariances@f®CF. Similar quantities for other
second-order statistics are introduced when needed.

Consider a sample of galaxies with angular positiong-or each pair of galaxies we de ne the
connecting vector = ;  j and determine tangential and cross-components of theieiliigs
(¢ and ) with respect to this connecting vector. From these etlipés we estimate the 2PCF
in linear or logarithmic bins if# with bin width # (Schneider et al. 2002a). If the bin width is
small enough an unbiased estimator fof#) is given by

1 X

(#):mij(itjt i) #00 ) (4.1)
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with Np(#) = Pij #( i ;) as the number of galaxy pairs inside a bin, an€f i  jj) is 1 if

ji jiliesinside bin#, O otherwise.
Obtaining appropriate covariances is an important isstlearcontext of a precision cosmology
likelihood analysis. For the 2PCF its general de nitiondsa

D . R E
C #:# = (*) #)  #) #) - (4.2)

As one already sees from (4.2) the 2PCF has foueint covariances, denoted as. CC., ,

C 4+, C . Only three of them are independent since @;; #;) = C .(#;;#). We neglect the
index in (4.2) from now on, as we only consider 2PCF covariancekigahapter.

Several methods to derive a covariance are suggested iitaéregure and have been applied
to cosmic shear data. An analytic expression assuming asaaushear eld is derived in
Schneider et al. (2002a) and con rmed in Joachimi et al. 800ho use a power spectrum
approach which signi cantly reduces the computationabr in the calculation. This analytic
expression has been used for parameter estimation in mavgysule.g. van Waerbeke et al.
2005; Semboloni et al. 2006; Hoekstra et al. 2006) and itss aked extensively in this thesis.
Schneider et al. (2002a) and Joachimi et al. (2008) decoenjh@scovariance into three terms,
namely the cosmic variance term (V), the pure shot noise (8)yand the mixed term (M)

C++ (#i;#j) = V++ + M++ + S; (43)
C #i;#) = V +M +S; (4.4)

The pure shot noise term vanishes in case.of&d only contributes to the diagonal of,Gand
C . Itcan be calculated as .

T 2#,; #AR
whereA denotes the area the data eld, is the intrinsic ellipticity dispersion, andthe number
density of source galaxies. The cosmic variance term (V)thadnixed term (M) can be either
calculated via the power spectrum or via the 2PCF. Accorttidgachimi et al. (2008) the power
spectrum expression reads

S (4.6)

YA 1

Vo= T de A ) PO); (@.7)
2 2 1

Moo= e EaCR)ka(# ) Pe(): @8)

However, on small scales the assumption of a Gaussian sk&hbreaks down; according to
Kilbinger & Schneider (2005) and Semboloni et al. (2007)+@aussian eects already become
important at angular scales10 arcmin. To account for this non-Gaussianity, Sembolbai.e
(2007) introduce a calibration factor which is derived frantomparison of Gaussian to ray-
tracing covariances. An application of this method to redhdctan be found in Fu et al. (2008).
An alternative approach is to derive the covariance matamfthe data (e.g. Hetterscheidt et al.
2007; Massey et al. 2007b). There, the covariance is caémilaa eld-to- eld variation which
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involves a separation of the data set into many independdrgasnples. This may lead to a
loss of information on large scales if the survey is not siently large. A third approach is to
estimate the covariance matrix from ray-tracing simulaica method which circumvents the
aforementioned loss in information. Although in this metibe covariance is again derived via
eld-to- eld variation, we can choose a suciently large numerical simulation to create many
independent subsamples of adequate size.

Note that the last two methods involve an estimation progeske determination of the co-
variance matrix, which means that the inverse is biased aedhas to correct for this ect
(Anderson 2003; Hartlap et al. 2007). We return to this isaube next chapter. Nevertheless,
deriving covariance matrices from ray-tracing simulasigeems to be a promising method as it
preserves all the information in the data and additionalkes the non-Gaussianity of the shear
eld into account. However, the analytic expression and ridwgtracing covariance assume a
speci ¢ cosmological model in their derivation. So far, oos shear likelihood analyses treat
the covariance matrix as constant with respect to cosmplogyce its underlying cosmologi-
cal model is assumed not to in uence the parameter consstainis the intention of chapter
7 to check for this assumption and in case it does not holdreegmt an improved likelihood
formalism for future surveys.

4.2 Basic theory of statistical inference

In the last section we described how to derive estimatorsawariances for the 2PCF, which are
the basic ingredients needed in a cosmic shear likelihoatysis. We now turn to the question
of how to infer cosmological parameters from these ingmadieThere are two dierent schools
for parameter inference, tHeequentistand theBayesian In many cases the derences hardly
a ect the mathematical treatment, but rather the interpoetaf the results. Often both theories
can be used complementary. In the following we brie y owtlithe main dierences and the
implications for cosmic shear.

Frequentists de ne probability ake frequency of occurrence of an observed random variable
(the data) during repeated experimentrior information is not considered in their ansatz. In
contrast, Bayesians start from prior knowledge on the uyiey parameters, assume a proba-
bility distribution for the observed data and calculate atpdor probability via Bayes theorem
(see 4.10). This posterior probability expressestibgree of belief that a speci ¢ parameter set
is true, given the prior information and the observed da@bviously, the Bayesian probability
de nition (“degree of belief”) is somewhat subjective, edjy unpleasant is the fact that the ana-
lytic form of the likelihood must be assumed. In case thdilkeod of the data is not known, this
assumption depends on the data analyst. In order to deevarthlytic form of a likelihood ob-
jectively, Bayesians introduced theaximum entropy principl@or details see Loredo 1990, and
references therein). There is also a connection to freegigheory, namely for the case that an
experiment can be repeated many times, we can infer the Bayiselihood from the frequen-
tist probability de nition. In particular this applies tthé cosmic shear case, where we measure
the ellipticities of many galaxies, which, in the absencmtifnsic alignment or shape-shear cor-
relation, can be treated as independent experiments. &mégts try to avoid the aforementioned
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de cits, but face other di culties. These can be illustrated best, when looking at timeepts
of con dence intervalgfrequentist) compared toredible regiongBayesian). The frequentist
probability de nition only allows for statements about theng term behavior of an repeated
experiment. Consider an experiment with true underlyingume which is repeated times,
obtaining the means;. Then, the frequentist e.g. 68% con dence interval denttesregion
around which in 68% of the repetitions overlaps with the possiblecomes of the experiment
X.. In case the experiment can be performed only once, whictuégsfor many astronomical
observations, the above interpretation of con dence wraksris meaningless. In contrast, the
corresponding Bayesian probability de nition is based oitycmone data set obtained from one
experiment. The corresponding 68% credible region de nesnge in parameter space which
contains the underlying mean with a probability of 68%; g#sond interpretation is also what
one intuitively is interested in.
However, in case the data follows a Gaussian likelihood wileing an unbiased estimator of
, one can show (e.g. Loredo 1990) that both methods are matlwahly equivalent, hence
the intervals constrain the same parameter space. As waiexplow, there is good reason
to approximate the 2PCF likelihood to be a multivariate ralrdistribution, therefore one can,
in principle, base a cosmic shear data analysis on frecgigh@ory and use the?-statistics to
constrain parameters. Nevertheless, this makes the iaolo$ prior information more di cult
(strictly speaking: prior information is not considerediiaquentist theory); in addition the?-
statistics cannot be used in the extended likelihood arsalyhich we outline in chapter 7. We
therefore follow Bayesian concepts and interpretatidmsughout this thesis.
Consider a cosmic shear data vector consisting of the 2Riir, band

! +(#1) (#1)

= 7 with .= § ;= §

+(#a=) (#a=)

hence the data vector has dimenstbnFrom these data we want to infer information on the

cosmological parameters, subsumed in the parameter veckarcording to Bayes theorem the
posterior likelihoodp( j ) is de ned as

; (4.9)

.y _ P(i) .

p( ) e p( ); (4.10)
wherep( ) denotes the prior probability density( j ) is the likelihood andp( ) the so-called
evidence. The prior usually contains knowledge on the patanvector coming from former
experiments. If not stated otherwise, we assume at pridth wuto s, which meang( ) is
constant for all parameters inside a xed interval gi{d) = 0 else. The exact functional form
of the likelihood function is subject to ongoing researdhis Istate of the art in a cosmic shear
likelihood analysis to assume a multivariate normal likebd function. This assumption is partly
justi ed if the 2PCF is measured from many independent pegaf the sky and if the estimator of
a bin is calculated from a swcient number of galaxies. Then, thentral limit theorensuggests
that = (#) is normally distributed (Kendall & Stuart 1979). If in adidn the individual (#;)
were independent, it follows thatis distributed as a multivariate normal distribution. Ndtet
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the latter assumption does not hold; the fact that we obsendiagonal terms in the covariance
matrix implies that the individual 2PCFs estimators arealated (and therefore not independent
of each other). Théndependent Component Analy§i€A) is a method to check whether the
assumption of a multivariate normal distribution for theCHdata vector holds, and if not it will
improve on this issue. Our (multivariate normal) likeliltop( j ) reads

h 1 "\t 1 8
exp 3 ( ) C - (

(2 )2 Cj?

p(j )= ; (4.11)

where = denotes the mean data vector andthe model data vector. As these vectors have
dimensiond, jCj is the determinant of d d 2PCF covariance matrix (see Sect. 4.1) with the

structure
C.|C
c=p """ %: (4.12)

ct |c

If the jCj in (4.11) is independent of the parameters (which we examiobapter 7) all cosmo-
logical information is contained in the-function, which is de ned as

(5= et ) (4.13)
The evidence is a normalization obtained by integratingitetihood over the considered pa-
rameter space .
Z e i yer( O
p()= d 2 : (4.14)

(2 )*2Cj?

We express the result of a likelihood analysis through twoeshsional contour plots. We choose
likelihood contours representing the aforementionedibtedegions which contain the true pa-
rameter set with 68%, 95%, 99,9% probability. In additioe,quantify the size of these credible
regions through the determinant of the second-order moaféhé posterior likelihood (see Kil-
binger & Schneider 2004)

Z
Q; e pCid)Ci Dey (4.15)

with jand jas the varied parameter$,as the parameter of the ducial model. The determinant
is given by
a— ¢
q= jQjj= QuQ» Q2 (4.16)

Smaller credible regions in parameter space correspongnuader value ofy. Note, that they
can only be applied to two-dimensional parameter spacesnwhbnsidering more free parame-
ters one rst has to marginalize over all but two parametersrder to apply 4.16.
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4.3 The Fisher information matrix

There are several methods to sample the posterior likdliltoa parameter space. In this thesis
we calculate the likelihood on a xed grid of parameters. &dhat there are more sophisticated
methods, e.g. Monte Carlo methods, importance samplin@itdss sampling (see Gelman et al.
2004, for an introduction and references). The Fisher mat@an approximation to these meth-
ods which is valuable because of its low computational costs

The Cramér-Rao inequality states that the Fisher matkigggiower bounds on the error bars
in parameter space; we use it in chapter 7 in order to quathtéyaccuracy with which we in-
fer parameters from a data set. The de nition reads (Ker&l&fuart 1979; Tegmark et al. 1997)

* + |
@L @L
F. = = ; 4.17
'@ @@ ., (+.17)
whereL = Inp( j), = ( 1;:::; ) describes the underlying (cosmological) parameters, and

vL denotes the maximum likelihood parameter vector. If we dagkpand the log-likelihood
function in parameter space aroung we derive

LO=L)+04 20 W) T W)+ 00 Y; (@18)
with |
oo @
(T ) = @@ _ (4.19)

ML

with T being the parameter covariance matrix. The rst-order t@mng4.18) vanishes since
(@=@); ,, is zero, hence (4.18) is dominated by the second-order t&Comparing (4.19)
and (4.17) it turns out that the Fisher matrix is the expematalue of the inverse parameter
covariance matrix. More illustratively, it measures thedlocurvature of the likelihood function
around the maximum likelihood parameter set. To obtairihk@d contours we rewrite (4.18)
replacingT 1) by the Fisher matrix. Hence, for a given sher matrix we abdeao calculate
lower bounds on the likelihood contours. For the case gt ) is Gaussian, which is a good
approximation at least close to the maximum likelihood peeter vector p( j ) / exp( L)),
one can directly express the Fisher matrix in terms of tha dattors and the data covariance
matrix (e.g. Tegmark et al. 1997)

h [

Fij==tr C'C;C 'C;+C My ; (4.20)

NI =

whereC; @=@ denotes the derivative of the covariance matrix with resqueihei’™ compo-
nent of the parameter vector aktl;  ; |+ ; |. The rstterm of (4.20) vanishes in case the
covariance matrix is constant in parameter space, the ddeam vanishes in case of a constant

mean data vector.
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4.4 Impact of binning e ects

As we describe in Sect. 4.1 the 2PCF data vectors are binnstres of a continuous quan-
tity. In this context several questions arise: how much dbesinning in uence the parameter
constraints? Is there an optimal binning? Does it make angrdince if one uses linear or loga-
rithmic bins? It is sensible to assume that there is a minirttueshold of bins, below which the
information contained in the data is not fully transferredtie data vector. When going above
this threshold, there must be a saturation limit in inforimratat some bin number; including
more bins cannot contribute further information.

We consider the angular ranggf, = 1% #max = 180 and change the number of bins inside this
interval. Note that whenever we refer to “number of binsistis equivalent to the number of
data points in only .. The full data vector consisting of and contains twice as many bins,
similarly any statement about e.g. 20 bins implies that wesier a 40 40 covariance matrix.
We rst examine the impact on the trace of the covariance amdhverse and second on the
likelihood contours and values of Finally, we study the stability of the covariance during
the inversion process as a function of bin width and give sstigns how to avoidorrect for
possible numerical artifacts.

4.4.1 Binning e ects on the trace of the covariance

The most obvious impact of binning on the covariances careée & (4.6), where the bin width
enters explicitly in the shot noise term. In addition to thetsnoise, the full covariance matrix
consists of cosmic variance and mixed term (4.6) - (4.8). Bihewidth does not enter in the
latter two terms, but the arguments in their Bessel funstiare di erent when changing the
bin size. From the analytic expression©@fwe expect its trace to increase when increasing the
number of bins. This is clearly seen in Fig. 4.1, similar foebr (left panel) and logarithmic
(right panel) binning. The eect is much stronger in the latter case for the reason that#he
for small# are extremely small (such that the shot noise term domipatesse of logarithmic
binning. More of interest is the trace of the inverse covareamatrix. It is di cult to infer
the behavior of tIC * from the analytic expressions, because theedint covariance terms mix
during the inversion process. For the case of a pure shat nwagrix one can show that the trace
of the inverse is independent of the bin width. Assume thatitita vector is binned linearly with

# = (#max #min)=N and thel th bin can be expressed &s= #y,n + % #. Then we can
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Figure 4.1: The trace of the covarianc€ . We compare linear (left panel) and logarithmic

right panel) binning for the following survey parameters:= eq, = 0:3, andn =
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which shows that the trace of the inverse shot noise covaidepends only on minimum and
maximum angular separation of the 2PCF.

In general, the covariance matrix is non-diagonal, theeefbe structure o€ * cannot be pre-
dicted, and we have to refer to numerical methods. Figurslb@ss the trace & ! as a function

of bin number for linear (left panels) and logarithmic bingi(right panels). Furthermore, we
consider two dierent sets of survey parameters in order to quantify the etngianoise. The
survey parameters in the upper row read= 512 deg, = 0:3, andn = 15=arcmirf and
correspond to the values we use for the analysis in chaptartBe lower row we choosa = 1
deg, = 0:45, andn = 10=arcmir?, which results in a much higher noise contribution to the
covariance, in particular the shot noise term increasegemeral, all plots show a strong increase
of tr C 1 at small bin numbers, which slows down signi cantly whenmgpto narrower binning.
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Figure 4.2: The trace of the inverse covarian€!. We compare linear (left panel) and loga-
rithmic (right panel) binning for two dierent survey parameters: A 512deg, = 0:3, and

n = 15=arcmirt in the upper panels and A 1de¢, = 0:45, andn = 10=arcmir? in the lower
panels. The inverse traces are normalized b@ tt for 300 bins

We can explain this behavior by the fact that a smallimplies a relatively larger shot noise
term compared to the mixed and cosmic variance term. Thexefbe full covariance matrix
tends to behave as a pure shot noise matrix when arbitraghgasing the number of bins. For
the latter we have proven in (4.21), that its trace is inddpahof the binning. This explanation
is supported by the fact that@ * reaches its saturation limit earlier when assuming a high sh
noise contribution (lower row of Fig. 4.2) compared to a l[dvetsnoise term (upper row of Fig.
4.2).
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4.4.2 Binning e ects on the likelihood contours

In order to quantify the impact of binning on the likelihocohtours we consider the-function
(4.13). There is good reason to assume that for thzinction there exists a saturation limit,
similar to that of trC %, where a further increase in the binning cannot result inghéri value
of 2. We can prove this analytically for a simple case, namelymding from one bin to two,
hence #; = 2 #, (linear binning). We denote the shot noise tern$asd the sum of the mixed
and the cosmic variance termids= M + V. The 2-value for one bin reads

2= AK+S) Y (4.22)
with = ". For the case of two bins the correspondiftgvalue can be calculated via
1 !
2,=0 15 ) iK“ *Su ‘ K2 % 1 (4.23)
Ko | Koot Sz 2

The inverse of the covariance matrix can be calculated using

E}Kn +Sn; ‘ K12 é E}An ‘ A %Z E}l ‘ 0 é: (4.24)

K21 ‘ K2z + S22 Az ‘ Az 0 ‘ 1

For the reason that the covariance is symmetric we defgtes A,; = A; solving the corre-
sponding system of equations (using tkat = K,; = K) we calculate

K

A = 4.25
(Ka2 + S20) (K1 + S11) K2 (4.25)

(Koo + Sp)
H (Koz + S22) (K1 + S11) K2 (4.26)

(K11 + Si11)
A = X 4.27
2 (K2 + S22) (K11 + S11) K2 (4.27)

Using the above expressions, thevalue can be calculated as
, A (Ka+Sp)+ 2 (Kt Si) 2 , K (4.28)
" | (Koz2 + S22) (éll + S11) Kz} szz + Sy)) (Ell + S11) K}z '
diagonal terms o diagonal terms

We explicitly choose the above notation to stress that thealue is a trade-obetween diagonal
and o -diagonal terms. If we assume that the bi#i; is already very narrow, increasing the
binning further, hardly aects the bin estimators. In this limit we can approximate ; .
Intuitively, this is equivalent to the case where no addildinformation can be gained from the
estimators. Further implications of this approximatioa ar

Ki1 = Ky =K and S511=5,b=2S; (429)
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Table 4.1: The values of g in units df0 4 depending on the number of bins for thg vs ¢
likelihood contours.

#bins | 4 8 12 16 20 25 35 50 65 80 100 120 150
q(linbins) | 5.69 1.77 1.28 1.17 1.15 1.13 1.08 1.01 0.97 0.95 0.94 0.93(0.9
q(log bins)| 1.28 0.97 0.93 0.93 0.92 0.92 0.92 0.92 0.92 0.91 0.91 0.911 /0.9

where the last equation results from the fact thét = 2 #, and the shot noise term scales with
the inverse bin width. Using these approximations we amive

2 2(K+2S) 2 %K
f2. 7 (K+2S)2 K2
2(K+S) !; (4.31)

(4.30)

which is equivalent to (4.22). Although one might argue tha calculation is somewhat arti-
cial for the reason that we consider the limit# ! 0, it nicely illustrates how o-diagonal
terms compensate for the diagonal terms, in case the bit@iogmes very narrow. For arbitrary
number of bins we again refer to numerical methods and parédikelihood analysis employing
the above examined covariances and their corresponding 2@ vectors. Figure 4.3 shows
a sample of contour plots; we see a smallatience for the linear case when going from 8 bins
to 12 and further to 50. Going from 50 to 150 bins does not givetaghter constraints. For
the case of logarithmic binning there is a small deviatioiwieen 4 and 8 bins but further dér-
ences cannot be seen by eye. We illustrate all results usengaiues ofj (see table 4.1 and Fig.
4.4). For both cases we nd that tlgg(and therefore the size of the likelihood contours) hardly
changes when going beyond 35 bins. Note, that the relat@egging for the case of logarith-
mic binning is much smaller compared to linear bins, heneerit samples the information of
the underlying cosmological parameters much better thatatter binning. For this reason we
use logarithmic binning throughout the whole thesis.

4.4.3 Binning e ects on the stability of C under inversion

There is another important aspect in the context of binningces. If one uses too many bins
one might run into numerical diculties during the inversion process of the covariance imatr
The reason for this is that a high number of bins, implying alshin width, results in high cor-
relation terms in the covariance. At some point the covagamatrix becomes unstable under
numerical transformations, so-called ill-conditionedot&l this does not necessarily imply that
the covariance matrix is not invertible; an ill-conditi@heovariance matrix can have a unique
inverse, which can be calculated through various methods (€U decomposition, Gaussian
elimination, etc). Nevertheless, this inverse is domiddig numerical artifacts. As a result,
the likelihood analysis no longer ts the parameters accaydo the information provided by the
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Figure 4.3: The likelihood contours when increasing the number of bisgle the xed interval
[#min = 1% #max = 180]. The upper four panels show the result for linear binnings tbwer

correspond to logarithmic binning. The survey parametees /A = 512 ded,

n = 15=arcmirf.

= 0:3, and
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Figure 4.4: This gure shows the values of g in unitsif 4 depending on the number of bins for
linear (left panel) and logarithmic (right panel) binninghe q quantify the size of the likelihood
contours in the considered,, vs g parameter space (see Fig. 4.3)

data, but rather ts the numerical artifacts which occutia tnversion process. In order to check
for this, we perform aingular value decomposition (SVDInd examine theondition number
which is de ned as the ratio of maximum to minimum singulalueac = o= min. NOte that
the condition number has the same value for the covariantexnaad its inverse. In case the
condition number exceeds the inverse of the numerical giget(in our case double precision)
the matrix is certainly ill-conditioned. We requice< 10, which means that roundcerrors in
the last digit of axwould only a ect ., at the 0.0001 percent level.

Figure 4.5 shows dependending on the number of bins; we see that the conditiarber is
much larger for logarithmic binning. However, in all caske tondition number is below the
required threshold, hence we are con dent that our inveosaigance matrix is not acted by
noise artifacts.

As an additional cross check we consider the eigenvaluekeotdovariance matrix. For the
case of a positive de nite and symmetric matrix an eigensalecomposition is equivalent to
an SVD. If a deviation between eigenvalues and singularegtccurs, the eigenvalue decom-
position is most likely aected by numerical artifacts (according to Press et al. 1882SVD

is stabler). This comparison of eigenvalues and singulregashould be performed for the in-

1An SVD decomposesi@ n matrix A (m,n are arbitrary) intéA = U V!, whereUm m)andv(n n) are
orthogonal matricesd! = U ). (m n) has zero entries everywhere except on the diagonal whictairs the
singular values in descending order. Note that “diagonal” for the casenof n refers to the diagonal of the
[min(m;n)  min(m; n)] submatrix. For more information see Trefethen & Bau (199his relation also holds for
complexA, where the orthogondl; V are replaced by unitary matrices.
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Figure 4.5: This gure shows the condition numberc o= min @s a function of bin number.
The left panel illustrates the results for linear and thehtiganel for logarithmic binning.

verse covariance matrix. If one nds a deviation betweerhbthis is a good indication that
the inversion process causes numerical artifacts, whiggests that the original covariance was
ill-conditioned.

In this thesis, this problem occurs in chapter 8, when we @mpovariances with and without
shot noise. Noise free covariances become ill-conditi@ieduch lower bin number compared
to covariances with shot noise. Still, we can derive paramainstraints by excluding the sin-
gular values which are dominated by numerical artifactsoriter to determine the latter, we
compare eigenvalues and singular values, and considesed #s contaminated where a devia-
tion occurs. We then calculate the inverse covariance wssiggular value decomposition and
set all contaminated inverse singular values to 0. This atstlyives the so-called pseudo-inverse
of C. Keeping the contaminated inverse singular values is moretive; in general these have a
huge impact on the likelihood analysis. The reason for ththat these formerly small singular
values dominate the inverse covariance.



Chapter 5

Improvement of cosmic shear data vectors

Currently, most cosmic shear surveys only consider secodéer shear statistics, for which all
information is contained in the power spectrum of the cogeece P ). AlthoughP is not
directly measureable, it is linearly related to seconceombsmic shear measures (e.g. the two-
point correlation function and the aperture mass dispe)siwhich can be estimated from the
distorted ellipticities of the observed galaxies. Moreqgmsely, all second-order measures are
Itered versions of P, and the corresponding lter functions determine how thiimation
content ofP is sampled (see Sect. 3.3.3).

In this chapter we compare several data vectors of cosmir sheasures and create an opti-
mal data vector with high information content, largely umetated data points and only little
sensitivity to a possible B-mode contamination. We proveaegal statement that a data vec-
tor consisting of 2PCF data points)(always gives tighter constraints on cosmological models
compared to a data vector consistingwﬁﬁpi data pointstiM §pi) and we con rm this by a like-
lihood analysis of ray-tracing simulations. The resultthas chapter are published in Ei er et al.
(2008a).

5.1 Estimators and covariances

5.1.1 The aperture mass dispersioti\/lgpi

For the case of the 2PCF we already introduced estimatore@atiances in Sect. 4.1. For
the general case of E- and B-modes and a continuous 2PCHpeheii@ mass dispersion can be
calculated via (3.81). Similarly, an unbiased estimatdﬂ\dﬁpi can be calculated from (#) via

" ! 1#
X gy # ~ #
M ()= 5 o )T — )T — (5.1)
i=1 k k k

73
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wherel must be chosen such that the upper limit of ithdin equals twice the value of. Using
(5.1) we can calculate the covariances of the aperture niggsrdion G in terms of C:

1 XXy o#
Culw 1)) = 5 — 5 i
=1Lk |
X H #
E Tm — Tn — Cmn(#i;#j)i: (5.2)
mn=+; k l

Similar to (5.1),1 (J) are chosen such that the upper limit of 1e(J") bin equals twice of
( 1)- The exact expressions for thefunctions are given in (3.64) and (3.65).

5.1.2 The new data vectoN

We rst compare the information content of the two-pointm@ation function (2PCF) and aper-
ture mass dispersiomwlgpi). For the 2PCF the data vector reads

! +(#1) (#1)
= with .= § .= i (5.3)
+(#m) (#m)

In case of the aperture mass dispersion we consider
I‘Mggi( 1)
hMZi = ; (5.4)
hMZi ( n)

The relation (5.1) can also be written in terms of data vechmid am  2m transfer matrixA
!

2 — + .
hMZ,i o A+{LA } , (5.5)
A

with A, denoting the part oA referring to + andA denotes the corresponding part referring to
. Eq. (5.5) implies that the information contentmﬂg I is less than or equal ta The amount
of information can be equal if and only if the rank Afequals the dimension of, hence rank
A = 2m. We explicitly prove these statements in the Appendix A. thercase of andhM gpi :
n mholds, which can be seen from (5.1). Therefore the relabd) (s not invertible and the
information content ohM2 i is smaller compared to . That  contains more information on
cosmological parameters can also be explained when loakitige Iter functions 4, J;, and
W, relating the corresponding second-order shear measutks tmderlying power spectrum.
The 2PCF, especially,, probes the power spectrum over a broad range of Fourier srea
also collects information on scales larger than the suriag. sin contrast, the aperture mass
dispersion provides a highly localized probe of the powarctium and does not contain this
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large-scale information. Hence, due to the limited eldesaf a survey, the information content
of hMgpi is smaller compared to . Neverthelesi;i\/lgpi has important advantages. First, it can
be used to separate E-modes and B-modes (Crittenden e0at. 26hneider et al. 2002b); more
preciserH\/Igpi is only sensitive to E-modes. Second, thanks to its narrder function, two

di erenthM3; data points are much less correlated compared to the 2P@H, Tk can be
easier extended to higher-order statistics (Schneiddr 20@5). These advantages are valuable
and should be maintained, but the information content gshbalimproved. Hence, we extend
the H\/Igpi data vector by one data point of( o), which provides the large-scale information of
P and call this new data vectdt

H\qui( l)
N=f P E (5.6)
hMZ5i ( n)
+( o)
The corresponding covariance matrix reads
CM 11 CM In C(M _1; +)
Cy = oo 5 (5.7)
" Cus, Cvm  |CMu )

C(+;M1) C(+;Mn)‘ C(+; +)

The upper lefn  n matrix is exactlyCy and the entry for C(; ) is taken from the corre-
sponding covariance matrix of the correlation functione Thoss terms can be calculated using
(5.1) to read

) X !
CM(: W) = 5 ST, #—k Co (o)
=L #
+T #i C.+(#; o) : (5.8)
k

Similar toCy, Cy is almost diagonal, hence data points ofa&tient angular scales are weakly
correlated. For the corss terms derived through 5.8, tkegth of this correlation varies with the
considered scalg, This property vanishes in case we add more than one datagicire 2PCF.
Due to their broad Iter functionly, two or more 2PCF data points would be strongly correlated,
resulting in large o-diagonal terms irfCy . The main intention, namely to include the informa-
tion of the power spectrum on large angular scales, is afrddled by adding one data point
of .. For small’ the sampling of the power spectrum by( ) hardly depends on, therefore
the gain in information on those scales by adding more tharP®CF data point would be rather
small. In the following we perform a likelihood analysis fdr, examine its ability to constrain
cosmological parameters, and compare it to the two aforéored data vectors. Note, that we
consider only E-modes until Sect. 5.3.
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5.2 Calculating data vectors and covariances

For the numerical comparison we calculate the data vectiid gpi N directly from the power
spectrum of density uctuation® using (3.44) to obtaiPe and then applying either (3.51),
(3.52), or (3.57) depending on the desired cosmic shearurea3o deriveP we assume an
initial Harrison-Zeldovich power spectrun®(k) / kI with ng = 1). The transition to today's
power spectrum employs the transfer function describedstathiou et al. (1992), and we use
the tting formula of Smith et al. (2003) to calculate the nbmear evolution. In contrast, the
covariances are obtained from ray-tracing simulationg Nkoody simulation used for the ray-
tracing experiment was carried out by the Virgo Consortidenkins et al. 2001a); for details
of the ray-tracing algorithm see Ménard et al. (2003). Thenis calculated by eld-to- eld
variation of 36 ray-tracing realizations, where each ehkla sidelength of 4.27 degrees. The
intrinsic ellipticity noise is = 0:3 and the number density of source galaxies is given by
n = 25=arcmirf. FromC we calculateCy, andCy according to (5.2) and (5.7). Our ducial
cosmological model is determined by the cosmology of thetraging simulations, i.e. a at

CDM model with , = 0:3, g=0:9,h=0:7,and = 0:172. Furthermore, the ray-tracing
simulations assume all source galaxies to be at the samigfteds. z, = 0:98. Using a redshift
distribution instead would not change our results marketiye data vectors are calculated from
Pe, and for a given redshift distribution, one can nd a chaegistic z, such thatPg is almost
similar independent of using the redshift distribution boasing all sources to be zt

5.2.1 Di culties with covariances
5.2.1.1 Underestimation of G,

Kilbinger et al. (2006) have shown thld\‘/lgpi( ) is biased for small when calculated from the
2PCF using (5.1). This is due to the lack of 2PCF data pointgesy small angular scales,
which causes a small-scale cutm the integral of (3.63). In our speci c case tlhh'lgpi data
vector is not aected by this bias because we calculate it directly from thegp spectrunie.
However, sinceCy andCy are calculated from the covariance of the 2PCF, they araiogst
a ected by this problem. In this subsection we determine {tege on which we can calculate
Cwm with su cient accuracy; the corresponding data vector of the afgentass dispersion will
be restricted to this range. Figure 5.1 shdswgpi calculated directly from the power spectrum
using (3.57) compared wiﬂtM§pi calculated from using (5.1). We assume that the deviation
shown here yields a measure of the bia€jp and we require an accuracy of 5 % to accept a
-value for theH\/Igpi data vector. The deviation on large angular scales in Filyissdue to the
limited range of 2PCFs®@ 2000 from whichhMZ;i (circles) is calculated. In order to assure
thatCy, (5.8) is calculated properly we restrict the data vector terange of 25 1000.

5.2.1.2 Inversion of the covariance matrix

A second di culty in the context of covariance matrices is outlined inttég et al. (2007). The
fact that an inversion of an estimated unbiased covariarateiieads to a biased result can
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be overcome by applying a correction factor. According totldp et al. (2007), the correction
factor depends on the ratio of number of biB$ {0 number of independent realizatiom$) from
which the covariance matrix is estimated. An unbiased egéraf the inverse covariance matrix
is

. N B 2.,

Cunbiased_ W N 1

ch (5.9)

Hartlap et al. (2007) prove the validity of this correctiactor for the case of Gaussian errors
and statistically independent data vectors. These twagssons are violated when estimating
the covariance matrix from ray-tracing simulations. As aahof whether the correction factor
corrects the error in our ray-tracing covariance matrieesperform the following experiment.
We add di erent Gaussian noise to the ellipticities of the galaxiesiciv are taken from the
36 independent realizations of the ray-tracing simulaiand thereby increase the number of
independent realizations. We hold the binning of the masriconstant, calculate covariances
for 36, 108, 216, 360, 720, 1080, 1440, 1800 realizationspmoidl=tr C ! depending on the
ratio B=N (Fig. 5.2). Note that this method only creates multipleiregions of Gaussian noise
on the galaxy ellipticities and does not increase the nurobeealizations that determine the
cosmic variance part of the covariance matrix. Therefdies method only partly checks for
the non-Gaussianity of the errors in a ray-tracing covaeamatrix; nevertheless, the impact of
statistically dependent data vectors is fully taken intccamt. We nd the same linear behavior
of the bias as Hartlap et al. (2007), so are con dent that threection factor is able to unbias
our covariance matrices. By using the corrected inversargvce matrix we assure that the
log-likelihood is also unbiased; nevertheless, any noadr transformation of the log-likelihood
will again introduce a bias that in uences the results andgnine examined.
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Figure 5.2: lllustration of how to correct for the bias occurring in theverted covariance
matrices. We plot firace (C 1) against the ratio BN, where B is the number of bins in the
covariance matrix and N the number of independent reabratiof the ray-tracing simulations.
We show the correction for the inverse®f (top left), Cy (top right), andC,, (bottom); each
plot shows the corrected (crosses) and uncorrected (g)alalues with the corresponding linear
ts through the data points.

5.2.2 Likelihood analysis

In this section we compare the information content of thed¢haforementioned data vectors,
using a covariance derived from ray-tracing simulations. qliantify the information content
we perform likelihood analyses for several parameter caatimns in two-, three- and four-
dimensional parameter space. In addition we calculate aheeg ofg which we introduced in
Sect. 4.2. As can be seen from (4.15) and (4.4&3,non-linear in the log-likelihood, therefore
it is also a ected from the bias described in the last section. In ordgutmtify the strength
of this bias, we carry out the same analysis as for the cawegiaatrices in Sect. 5.2.1.2. For
six di erent numbers of independent realizations we perform diHiked analysis in a two-
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Figure 5.3: Dependence of q calculated for(triangles),N (circles), hMgpi (squares) on the
numbers of independent realizations of the ray-tracingiation. The values of g are calculated
for the case of varying , vS. g in parameter space. The lines are a linear t through data
points (solid for , dashed folN , dotted forhMgpi). Note that the deviation of q belonging to
di erent numbers of realizations is much smaller than thewdince of q of dierent data vectors.

parameter space {, vS. g) and calculate for all three cosmic shear measures. The result is
plotted in Fig. 5.3. One clearly sees that theependence on the number of realizations is much
weaker compared to the dérence betweegof di erent cosmic shear measures. Therefore, the
bias is small and we can con dently ugeto compare the relative information content of the
di erent data vectors.

5.2.3 Variation of two parameters

The likelihood analysis in this section was performed in a-tlimensional parameter space; all
other cosmological parameters were xed to the ducial \eduBefore comparing the three data
vectors we optimizedl with respect to they-value of the added 2PCF data point. We added
35di erent ,( o) covering a rangeg 2 [0 22-200%] and calculated,. Figure 5.4 illustrates the
results of this optimization for 3 derent pairs of parameters ¢s. ., gVS. m, Z0VS. m).

For all parameter combinations considered, the optiga close to 18 This can be explained
from the behavior of the covariance matrix. For small angstales the covariance is dominated
by shot noise, whereas the signal plbbecomes very small for large angular scales. In both cases
the signal-to-noise ratio is lower than on medium angulates; where we nd the minimum
of g. In our later analysis we always chose the optimal 2PCF daita for the combined data
vector. The results are illustrated by contour plots (Fig5) @nd the corresponding values
of g are summarized in Table 5.1. Here, we also list the resuitéffo additional parameter
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Figure 5.4: Values of q of the combined data vectdrdepending on the angular separation
( o) of the additional . data point. We consider three dirent parameter spacesvs. , (top
left), gvs. n (topright), and 3vs. |, (bottom), and for each case we calculated q for 35
di erent#,. The solid lines indicate a polynomial t through the datagtminima of these ts
and therefore the optimal values fayare 7% ( vs. ), 129 ( gvs. ), and70(zvs. ).

combinations, gvs. andzvs. g, notshown in Fig. 5.5. One clearly sees that the 2PCF data
vector gives the tightest constraints on cosmologicalrpatars, whereas constraints from the
aperture mass dispersion are weaker. Although not quitetmat the amount of information of

, the combined data vector is a substantial improvement kwlggi . This result is consistent
for all parameter combinations we examine; neverthelessamount of the improvement varies.
We calculated the dierence in information of andN relative tohMZ i and denote these values
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Figure 5.5: Likelihood contours when varying only two parameters, w/iile others are xed
to the ducial values. The contours contain 68.3 %, 95.4 %73%b of the posterior likelihood.
We consider 3 parameter spaces, from top to bottovs. ., VS. m, 2 VS. . The
constraints of are shown on the lefty is plotted in the middle, and the resultstd¥ i are
shown on the right.
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Table 5.1: Values of q for , N, anthgpi considering various parameter spaces.
Parameter spaceq (hMgpi) giN) g() a(N) qa()

VS. m 14.7 11.7 9.1 204% 38.1%
g VS. 23.1 190 146 178% 36.8%
gVS. m 376.3 286.9 207.1 23.7% 45.0%
ZpVS. m 46.4 410 329 116% 291%
ZpVs. g 95.3 914 732 41% 232%

eVS. m(z)  416.9 313.4 230.0 25.8% 44.8%
gVs. m() 7805 720.9 527.0 7.6% 325%
vs. m( g 937 776 616 17.2% 343%
sVS. m( ,2) 983.8 850.6 6235 13.5% 36.6%

Note: Parameters over which we marginalize are mentionbdhickets, the are given in
units of 10#. The quantities and N are explained in (5.10), (5.11) respectively.

as

ahM2i) ()

= Az (5.10)
q(hMZi) a(N)
N = . (5.11)
q(hMZ i)

The results are summarized in Table 5.1. The parameter catidm g vs. |, shows a relative
improvement of N = 26:4%, whereas the improvement is much less for the eass. g
( N = 4:1%). The amount of new information contributed by o) depends on two main
issues. First, . integrates over a very broad range of the power spectrumtazahihappen
that, althoughPe is sensitive to the parameters considered, the integral®\vs much less. For
example, if one varies, the power spectrum is tilted and looks signi cantly drent, whereas
the corresponding.( o) might be very similar. Seconthgpi does not contain information
on small Fourier modes, wherebls gains information about these modes from the data point
+( o). However, in case these modes of the power spectrum arensitise to the parameters
considered, the information that is contributed by o) is mainly redundant, henceN is low.
For example, varying g or , changesPe similarly, i.e. increasing ,, or g increases the
amplitude of Pg on all Fourier modes. Therefore, the integration oRgris as sensitive to
parameter variations a2 itself. Furthermore, the deviation of power spectra withadent
values in gand , becomes much more signi cant for small Fourier modes. Imf@tion on
these scales is not included ﬁlmgpi but is contributed by .( o), resulting in a large N (26,4
%). In contrast to this, a variation iy changes the power spectum very little, especially the
dependence is weak on lowscales. Accordingly, the gain in information for the cazess.
m andzy vs. gis rather small.
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Figure 5.6: Dependence of q calculated for(triangles),N (circles), anthgpi (squares) on
the numbers of realizations for the case of a marginalizestgroor likelihood. The parameter
space is gVvs.  (marginalized over and z). The lines are a linear t through data points
(solid for , dashed foN , dotted forhMgpi). Similar to Fig. 5.3, the deviation of q belonging
to di erent numbers of realizations is much smaller compared eéad#viation of q of dierent
measures.

5.2.4 Variation of three and four parameters - marginalizaion

In this section we perform a likelihood analysis in threed &ur-dimensional parameter space.
To illustrate the results in two-dimensional contour plote de ne the marginalized posterior
likelihood Z Z

Pop( 12 )= d3  daPp( 1234 ); (5.12)

which is obtained by integrating over the posterior liketkd of the marginalized parameters.
The marginalized likelihood is also biased due to its nowedirity in the log-likelihood. To
examine whether this bias acts our results signi cantly, we performed the same expenit
as forq in two-dimensional parameter space. We calculatéar our three di erent measures
depending on the number of realizations. The results angrshoFig. 5.6; again, the bias due to
the process of marginalization is small compared to thewdince ing of our three data vectors
showing that in the marginalized case we can alsaqtsecompare the information content. We
also optimize the combined data vector, similar to Sect3m|Ad summarize the results in Table
5.2. Forthe same reasons as in the previous section, teal@ingular scale of the addeddata
point is again around £0and we choose this optimizeé for the likelihood analysis in three-
and four-dimensional parameter space. The results ofkbBHood analysis are comparable to
those obtained in two-dimensional parameter space. difsee Table 5.1) are larger and the
contours (see Fig. 5.7) broader. Again, the relative impnoent N depends on the parameter
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Figure 5.7: Likelihood contours of, N, andhMZ i in three- and four-dimensional parameter
space. From top to bottom we sees. ,, marginalized over g, gVs. , marginalized over
Z, and gVvs. , marginalized over and z. The contours contain 68.3 %, 95.4 %, 99.73 %
of the marginalized posterior likelihood. The small scatitthe contours in the last plot is due
to a lower resolution of the grid in four-dimensional paraerespace compared to the grids in
two- and three-dimensional parameter space.
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Table 5.2: The optimal angular separation of the added . data pointinN considering three-
and four-dimensional parameter space.
Parameter space  Optimal value g
vsS. m( g) o=9%1
gVS. m (Zo) 0- 13%0
gVs. m( andz) =12%0

We marginalize over the parameters mentioned in paresthesi

space considered. Fo vs. , marginalized ovegy, the improvement is very high (25.8 %)
but becomes much lower forg vs. ,, marginalized over . This can be explained by looking
how Pg changes with respect to the variation in parameter spacgh&combination gvs. n,
we already explained this in Sect. 5.2.3 and the in uence @h Pg is quite similar. Increasing
7o also increasePBg, although the eect is not very large. Therefore, the improvement givs.

m marginalized oveg, is comparable to the non-marginalized case. When varyieglhiape
parameter , P is tilted and this dependence Bf on is di erent compared to the other three
parameters. Scales BE which are most sensitive todi er from scales sensitive to;, ,, and
7, and the same argument holds for the scales of the addeg). Therefore, the optimal, for
the case gVvs. , marginalized over is a compromise and the relative improvement is much
lower (7.6 %) compared tog vs. , marginalized oveg, (25.8 %).

5.3 Simulation of a B-mode contamination on small angular
scales

In this section we simulate a B-mode contamination,dfl , andhMZ i on small angular scales.
At present there is no model available to describe B-moddsng into account that B-modes
most likely occur on small angular scales (e.g. Hoekstrd @082b; van Waerbeke et al. 2005;
Massey et al. 2007b), we use the following arbitrary modebf8-mode power spectrum

Pe() = 02Pe() e °°; (5.13)

where g de nes a scale below which the B-mode contamination deeegsaickly. In this work
we chooseg = 1000; we postpone a detailed study of how othechange the results to future
work. The B-mode contribution to can be calculated from (3.51) and (3.52) by assurfiag

0. To calculate the covarian€&s, we assume that the probability distribution of B-modes can
be described by a Gaussian random eld. This assumptionlesab to calculate the covariance
directly in terms of the power spectruRg (Joachimi et al. 2008). The covariance of the 2PCF
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Figure 5.8: The likelihood contours for the case that the shear signabistaminated with B-

modes. We only consider a two-dimensional parameter spaces( ) and the contours again
contain 68.3 %, 95.4 %, 99.73 % of the posterior likelihoolde Black dot in each plot indicates
the ducial model.

corresponding to the B-mode contribution is given by

2 !
+ 1 NN . . 2
Ceiy = 5= d I(#)d #; PE()+Pe()=
1 z 2!
CB;iJ' = A d" L (#i)Jds #; Pé(\)+ F’E»,(\)ﬁ :
1 z 2!
Cg;ij A_ d” Jo (#i) s \#J‘ Pé(\)+ F:’B(\)ﬁ :

where A de nes the area of the survey, the intrinsic ellipticity noise, and the number density
of the source galaxies. According to the correspondingesbf the ray-tracing simulations we
choose = 0:3 andn = 25=arcmirf. Note that G}, = Cf;. The pure shot noise term @,
is contained inC. , but in case ofC; this term vanishes anyway. We further assume that the
contamination is independent of the lensing signal, megthiere is no correlation between E-
and B-modes. This assumption does not hold in case the B-sigdal is caused by insicient
PSF-correction or other systematics, which we will comnmanat the end of this section. For
the case that B-modes are created independently from Egnagecan de ne a combinedB-
mode covariance matrix as

Ciot = Ce+Cp: (5.14)

Having obtainedC as described above, we therefrom calcul@te and Cy and perform a
likelihood analysis similar to Sects. 5.2.3 and 5.2.4. Wl show the results for the ., vs.
g plane, which are illustrated in Fig. 5.8 and Table 5.3. Aseze:ted,hMgpi is not a ected
by the contamination at all. According to (3.57), there iscoatribution ofPg to the individual
data points ohMgpi , and the same holds f@), . Therefore, it is no surprise thgtand contour

plots of hMZ i are similar to those in Sect. 5.2.3. In contrast to this, tRER data vector is



5.4. Conclusions and summary of the comparison of cosmigrstea vectors 87

Table 5.3: The results of the likelihood analysis in case the data yecice contaminated by
B-modes. The ducial model corresponds tg = 0:3and g = 0:9.

Data vector g (with B-modes) g (without B-modes) q Best- t parameter set

hMgpi 376.3 376.3 0.0 g =090, =030

N 314.4 286.9 96% =090, =030
275.0 207.1 32.8% =076, =039

The relative di erence of the with and without B-mode contamination.

strongly a ected by the contamination leading tqg ¢hat is 32.8 % higher compared to the case
when only E-modes are present. Furthermore, there is acagnideviation between the best-
t parameter set (g = 0:76, ,, = 0:39) and the ducial cosmological model § = 0:90 and

m = 0:30). Compared to the combined data vectdt is much less contaminated (9.6 %), and
its best- t parameter set still matches the ducial modebetty. Considering the, one might
argue that still gives tighter constraints on the parameters, but teguilt is biased in favor
of due to considering a parameter space only up to= 1:0. Both measures have dirent
best- t parameter sets and the likelihood contours are cuabthe limits of the considered
parameter space. In such a case, an extension of the parapate might change the result
of comparing theq qualitatively. Compared td)lMgpi, the information content oN is still
signi cantly higher, although the relative improvementdeases to N = 16:4%, whereas we
obtained N = 23:7% when only E-modes were present (see Sect. 5.2.3). Thisake; due to
the contaminated.( () data point inN , is another reason not to include more data points of
In the presence of B-modes, additional 2PCF data pointsdvoials the parameter constraints
and weaken the results even more, leading to similar detoithose obtained from the 2PCF
data vector itself. As already mentioned above, the assampf B-modes being independent
of the E-mode signal does not always hold. In case the conttion a ects both, E-mode
and B-mode signal, the impact on the parameter constrainiteali erent measures is hard to
guantify. When one measures a B-modes signal, it is a commproach to assume that the
E-mode signal is contaminated in a similar way, hence onegespondingly increases its error
bars. Although this assumption is sensible, there are Iplesscenarios where the amount of
contamination in E- and B-mode dérs and the E-mode contamination cannot be quanti ed
at all. Under the assumption that B-modes trace the scalds®edE-mode contamination, it is
reasonable to exclude those scales from the likelihoodyaisal This can be done usimg/lgpi
or N, but cannot avoid the contamination due to its broad lIter fuons.

5.4 Conclusions and summary of the comparison of cosmic
shear data vectors

Although the 2PCF and the aperture mass dispersion are lietbd versions of the power spec-
trum, the rst contains more information d?: than the latter. The reason for this is thagam-
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ples the power spectrum over a much broader range and alsctsahformation on scales that
are larger than the size of the survey. The data vdM)grpi lacks this large-scale information,

but yields highly localized information oRg. NeverthelesénMgpi has other advantages. First,
due to its narrow Iter function, the data points are muctslesrrelated compared to the 2PCF
data points. This leads to a mainly diagonal covarianceirjatihich is numerically stabler
during the inversion process in a likelihood analysis. &é¢cavhen considering higher-order
statistics,H\/Igpi is much easier to handle than the three-point correlatimatian (Schneider
et al. 2005), and third, the aperture mass dispersion issarigitive to E-modes. Based on these
considerations we create the combined data veédtowhich preserves the advantageﬁmgpi

and additionally provides large-scale informationRm This data vector can be optimized with
respect to the angular scale of the added data pe(ng), but this optimization very likely de-
pends on the survey geometry and must be performed for eaokysseparately. We compared
the three data vectors in a detailed likelihood analysis addhat the combined data vector is
a strong improvement ovéiM gpi in information content. However, the amount of improvement
depends on the parameter space considered, more preois¢he dependence & on varia-
tions in those parameters. The combined data véd¢t@so maintains the other advantages of
the aperture mass dispersion. Its covariance matrix isstldiagonal, and even the cross terms
CM ( 1); "+( o)) are much smaller compared with the-diagonal terms o€ . Comparing the
information content of andN, gives tighter constraints if the shear signal only cons$ts
E-modes. In the more realistic case, when B-modes are atsempt, the parameter constraints
of are signi cantly weakened and, even worse, biased. Thewtati@rN is much less aected

by the contamination and still gives tighter constraintscosmological parameters than does
hMgpi :



Chapter 6

Ring statistics

In chapter 3 we outline the concept of E- and B-modes, whegetba former are created through
gravitational lensing and the latter indicate remainingtssnatics in the shear signal. Therefore,
decomposing the shear eld into E- and B-modes is an impodiaack for systematics in cosmic
shear. The most commonly used methods for E- and B-mode gexotion require the 2PCF
to be known down to arbitrary small or up to arbitrary largg@ar separations. This is not
possible in practice, as a consequence the corresponditigpdsedo not separate E- and B-
modes properly on small angular scales. This issue is fudihitined in Kilbinger et al. (2006).
The ring statistics (Schneider & Kilbinger 2007) provideaew method to perform an B-
mode decomposition using a 2PCF measured on a nite interivathis chapter we improve
the ring statistics with respect to its signal and examisgdtential to constrain cosmological
parameters. In addition, we measure the shear signal usengrtg statistics with data from
the Canada-France-Hawaii Telescope Legacy Survey (CFHTIs marks the rst measured
shear signal obtained from the ring statistics. From thisasneement we derive constraints on
g, namely g( »=0:25)4° = 0:82"092.

6.1 Methods to decompose E-modes and B-modes

Schneider et al. (2002b) outline the following conceptsd¢oampose E- and B-modes:
E/B mode power spectra
Z 1
Pes(') = a## (#)D(H)  (#)(#H) (6.1)
0

E/B mode two-point correlation function (in the * notation below the *+” corresponds
to g, the “-” corresponds tog.)

1 Z q# , #
w0230 0 Fweng 62
)
e ()= 5 -0 O FFwa 12 63)

89
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The above quantities can be calculated from the 2PCF, hoveaa method requires that the
2PCF is either measured down to arbitrary small or large langeparation, respectively. For
the case of the aperture mass dispersion we already medftioisgoroblem in Sect. 5.2.1.1; we
will now examine it in more detail. Figure 6.1 is similar tagFb.1, but restricts the range of the
aperture mass dispersion to angular scalesf0%1; 1f0]. We comparéi\/lgpi calculated from
the power spectrum via (3.57) amﬂgpi calculated from a set of 2PCFs witty,, = 001. The
calculation oﬂM§pi from the 2PCF fails on small angular scales; this behavinreaexplained
when looking at the lIter functiorm (3.64), (3.65). We mark three dérent scales; in Fig. 6.1,
i.e. (1, 072, and @8. The argument of th&-functions is de ned ax = #=, which implies that
when calculating1\/I§pi at ;, theT-functions are cut o at Xyin = #min=i. The corresponding
Xmin @re shown in Fig. 6.2; we see that in casd othe cut-o has almost no impact on the value
of H\/Igpi as the Iter function approaches zero for smallHowever, in case of . this cut-o is
important, asl, has its maximum amplitude at= 0 and, in addition, the amplitude of in-
creases when approachifigi,. When trying to caIcuIatH\/Igpi from the 2PCF on angular scales
smaller than @5, its values will even drop below zero. For the three soakesonsider here the
relative di erence betweenMZ; calculated from the power spectrum amd i calculated from
the 2PCF is 54.6% for = 0%, 9.5% for = 0%, and less than 1% for= 0%. The considered
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value#mi, = 0901 is optimistic; note that a highét,, increases the inaccuracy when calculating
hMZi from the 2PCF on small scales.

Most cosmic shear analyses use the aperture mass dispargldhe EB-mode 2PCF to de-
compose E-and B-modes. For example, Massey et al. (200ddy@aet al. (2008) account for
the unknown 2PCF in the corresponding integrals by simge@PCFs using a theoretical model
for P . This ansatz is problematic, since one explicitly assumatsdcales larger than the size of
the survey are free from B-modes. In addition, the assumsihotmgy in the theoretical power
spectrum can bias the results. In the next sections we edtr ring statistics which provides
a method to separate E- and B-modes using a 2PCF on a niteahte

6.2 From circle to ring statistics

In this section we brie y summarize the basic de nitions afate and ring statistics. For more
details on this topic the reader is referred to Schneider kiKger (2007).

Given a circle of radius around the origin, we de ne the mean tangential and crospcomnt
of the shear on this circle as

1 %o
CO=GO)+IC () =5 ) d (c+i )0 ): (6.5)
According to Crittenden et al. (2002) and Schneider et &02b), C; is sensitive only to E-

modes, whereaS only measures B-modes. The correlator€aindC can be expressed as an
integral over . To derive an easy expression through the 2PCF, one transfibre integration
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variable' into# and obtains

. 2 gy # #
hG( )C( )i = & S ey B2 (6.6)
72 1 " 2 2, 2 2|#
. 2 gy # ' # ’
hC(1)C (2)i = g—# ) A #HY ;2 (6.7)
2 2 2 2

2 1

where the function¥, andY are given by
h [
X2 (1 X2)2 2 2X2+ 4
2 "1+ 2 2 e 1 9
(1 x)? 222 X+ “6+2¢+x") 2°Q2+x)+ ®

21+ 2 2 2 1 2

Y. (X ) (6.8)

Y (X ) (6.9)

The circle statistics already ers a method for an E-and B-mode decomposition using 2PCFs
which are measured over a nite range. Unfortunately, ther functionsy,, Y su er from two
singularities at the integration boundaries in (6.6) and)(6~hich originate from the variable
transformation of into #. This property of the¥ functions implies that 2PCFs with the inte-
gration boundaries as arguments dominate the circle titatisstimator. In particular, the noise
of these boundary 2PCFs stronglyezts the estimator, making the circle statistics inapplea
as a cosmic shear measure.
The ring statistics improves on this issue; when expregsitigough the 2PCF, its Iter func-
tions do not contain any singularities. This new cosmic shne@asure can be expressed as an
integral over the circle statistics, which means that mdtef measuring the shear on a circle we
now consider the shear inside an annulus with 2.

Z

R=R+IiR = d W()C(); (6.10)
whereW( ) is a weight function which ful lls
Z

2
d W()=1: (6.11)
1
We want to calculate the correlator of two rings with the dnny 1 , for the rst
ring and 3 2 4 for the second (see Fig. 6.3). The rings are non-overlappimge
precisely we require; < if i < j. Outer and inner ring are separatedy, = 3 which
guarantees that the ring statistics correlator can be leddzliproperly from 2PCFs covering the
range #nin; = 2+ 4]. The correlator is de ned as
Z zZ
d 1 Wi( 1) d 2 Wa( 2) hQ@ 1)C( 2)i
1 3
Z", Z", zZ ., o " 1!
—i=

hRRi

dWi( 1) d >2Wa( 2) 7 #Y ; : (6.12)

N

1 3 2 1



6.2. From circle to ring statistics 93

Figure 6.3: This g¢-
ure illustrates the prin-
ciple of the ring statis-
tics. We calculate the
2PCF for each galaxy
in the inner ring with
all galaxies in the outer
ring, which implies that
the angular separation
of the 2PCF extends
over a range of# 2
[#min; 1. The ring
statistics is then cal-
culated as an integral
over the 2PCF with the
Iter functions Z .

Changing the order of integration twice, rst betweenand#, then between,; and#, one
obtains

VA 2t 4 Z 2 Z min( 4;#+ 1) # l!

hRRi= s (#) d 1 Wi( 1) doWo(2)Y —;— : (6.13)
3 2 | max(1;# 4; 3 #) Tix(s;# 1) 2 2}
z

The last two integrals de ne thé -function, i.e. the equivalent for the function of the aperture
mass dispersion (see 3.65). Similar to Schneider & Kilbir{ge07) we consider the special case

1
1 = 5 ; (6.14)
, = 2 (6.15)
5 +3
3 = ) 615 : (6.16)
e = (6.17)
where is the ratio of minimum to maximum separation= #.,;,= . In addition one has to

specify the form for the weight function& in (6.13). We follow the choice of Schneider &
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30(: (2 1),

Wi( 1) = G ; (6.18)
2 2
Wy 5) = 30(2(43) (3)‘; 2)" | (6.19)

We examine the ring statistics as a function gfwith the above speci cations (and for a given
) theZ -function only depend o# and

Z

hRRi( )= i—# #®z#H ); (6.20)
#min
and correspondingly 2
: H#
hRRi () = % #HZH# ) (6.21)
Hmin

where the lter functionZ, is de ned similar toZ (6.13) but replaciny by Y.. The functions
are illustrated in Fig. 6.4. For we examine two dierent cases, it can be either xed or kept
variable. The rst case means thét,, in the integral in (6.20) and (6.21) changes with
whereas a variable allows for #,,, to remain xed. The latter approach includes more and
smaller#-bins intohRRiL We outline advantages and disadvantages of these methoadsre
detail in Sect. 6.3.
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Using (6.10) we see th&RRiandhRRi read

hRRi = HR+iR )(Ri+iR )i =hRR, R R i (6.22)
hRRi = HR.+iR )R iR)i =hRR+RR i (6.23)
(6.24)

where we used the fact that the imaginary terms vanish forigypavariant shear eld. Recall
thatR; is due to E-modes arld due to B-modes only. Then the E and B-mode decomposition
for the ring statistics reads

hRRi () = =(hRRi+hRR) (6.25)
L

= 5 . F B Z#H )+ BHZH ) (6.26)

hRRi( ) = =(hRRi hRRi) (6.27)
L

= 5 . LW ZH ) BHZ#H ) (6.28)

Similar to the case of the aperture mass disper$iBfii andhRRsi can be related to the power
spectra in case it only consists of E-modes. We therefoertitise relation of to P (3.51),
(3.52) respectively, into (6.26) and obtain

Z g
hRR:i () = . Z—PEWE(‘ v ) (6.29)
with 7
We(C ;)= . S—Z J(#H)Z# )+ A(H)Z (#; ) - (6.30)

6.3 Optimization of the ring statistics' signal

The signal strength of the ring statistics increases wighathgular range covered by the 2PCFs
which enter in (6.26). From Fig. 6.3 it becomes clear thatihg statistics' signal for given

will be large if the area between the rings is small, hehggis small. In Schneider & Kilbinger
(2007) the authors hold= #,,,= xed; in order to obtain a high signal this implies thatmust

be chosen as small as possible.

The minimum value of,,;, is restricted to the smallest possible separation in theF2RRich
we denote ag . A xed therefore limits a data vector of the ring statisticsto # = .
Choosing a small (in order to increase the signal strength) implies that thg statistics is
restricted to larger scales compared to the case of a larfleis tradeo between signal strength
and small-scale sensitivity can be overcome when relaxiagondition of a xed . Instead we
suggest a variableand x #mi, = # , forall . We assume that this choice increases the signal
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Figure 6.5: This gure shows the signal of the ring statistics calcuthfeom a set of theoretical
2PCFs with# 2 [0:05;470]arcmin. The individual lines correspond to 4 drent cases of;
from top to bottom we see= 005= , =0:1, =04, =009.

strength of the ring statistics; in addition, it does notniesthe range of . The only de cit of
this method is that the Iter functiod has to be recalculated every time the argument of the ring
statistics () changes. Figure 6.5 compares the signal of the ring statifir several choices
of to the case of a variable which from now on we denote as,.. Here, the ring statistics
is calculated from a set of theoretical 2PCFs with the sangeilan range as the 2PCFs from
the CFHTLS which we use in Sect. 6.6, i#.2 [0%5; 47(0]. We clearly see the anticipated
behavior, namely that the ring statistics witly, gives a stronger signal, which becomes most
obvious on large scales. In addition, it can be measured dovambitrary small values of
(above# ), which is not possible when choosing a xed

When comparing the ring statistics to other 2-point stiagstf cosmic shear (Fig. 6.6), such as
the shear dispersion, and the aperture mass dispersion, we nd that the ring stisignal

is lower. Even the improved version of the ring statistiosnsaverage by a factor of 2 smaller
than the aperture mass dispersion. This low signal can blaieged when comparing the lIter
functions ofhRRei andH\/Igpi ,Z (Fig. 6.4) andl' (Fig. 6.2), respectively. Th&-functions have
two roots at their boundaries whereas thefunction becomes particularly large for small
However, more important than the signal strength is theadigprnoise ratio; the latter quanti es
the ability of a measure to constrain cosmological pararsete the next section we derive an
expression for the covariance of the ring statistics andleynihis expression to compare the
information content of ring statistics and aperture maspefision.
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Figure 6.6: This gure shows the ring statistics compared to other selcorder cosmic shear

measures, namely the shear dispersiorand the aperture mass dispersion. We see that even in

the case of the improved ring statistics the signal is lowgamd to the other measures.

6.4 Covariance of the ring statistics

In order to comparbRR andH\/Igpi in a likelihood analysis we have to derive the corresponding
covariances. Both are calculated from the 2PCF covariaaamrresponding expression for
H\/Igpi is given in (5.2). The covariance of the ring statistics isxdd as

D. . E
Cr( ki 1= R WRE( ) hRRei( WhRRi ( ); (6.31)

whereR2 denotes the estimator of the ring statistics. To calculsigedstimator from a binned
2PCF data vector with bin width#; we replace the integrals (6.26) by a sum over the bins.
. 1 X #, h. R i
R()=35 5 «B)Z@ )+ @)Z (i) (6.32)
=1
with ~ (#) denoting the estimator of thieth 2PCF bin. The upper limitin (6.32) denotes the
bin up to which#; < . Inserting (6.32) into (6.31) we derive

(i 0 =
R ks | -
1 A
X
Zn(#i, ©) Zn #j, 1 Conl#i #))E (6.33)

mn=+;
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wherel andJ denote the bins up to which <  (#; < ) holds and G is the 2PCF covari-
ance.

In order to illustrate the correlation between the indidtdata points we calculate the correla-
tion matrixR for H\/Igpi andhRR:i from the corresponding covariance matrix. Ebbeing the
covariance of eithehi\/lazpi or hRR:i the correlation coecient is de ned as

T GG

which implies thaR is one on the diagonal.

The upper row in Fig. 6.7 shows the correlation matrix of rstagistics (left panel) and aperture
mass dispersion (right panel). Here, we calculate the vee ofhRR:i and H\/Igpi from a
Gaussian 2PCF covariance matrix and then calculate thelabon matrix via (6.34). Starting
from the diagonal, which contains the maximum values, threetation drops quickly in both
cases. The-th contour line corresponds to values ol ® (hence, “red” 0.11, “orange”
0.0121, etc.). We clearly see that the data points of thegiatistics are much less correlated
than those of the aperture mass dispersion. The contodrdepends mainly on the ratiq= ,
and = ,, respectively. We compare the correlation ceents for =, = ;= , = 0:5and
nd that R;;(hM3i) = 0:35, whereas RhRRi) = 0:20.

A qualitatively similar result is obtained when performitige same analysis with the 2PCF
covariance matrix used in the latest CFHTLS analysis (FU.€2088). There, the covariance
was calculated from a theoretical model{= 0:27, =0:73,h=0:73, ,=0:044, 3=038
andng = 1:0) using the formula given in Schneider et al. (2002a). T@aotfor non-Gaussianity
Fu et al. (2008) applied the calibration factor introducgdSemboloni et al. (2007). From this
2PCF covariance we calculate covariances of the ring statsnd aperture mass dispersion and
derive the corresponding correlation matrices. The resullustrated in the lower row of Fig.
6.7. Here, then-th contour line corresponds to values 050(hence, “red” 0.5, “orange”
0.25, etc.). Compared to the Gaussian case the contouiddroahich is not directly seen in the
gure due to the di erent contour levels. Comparing the correlation betweerritig statistics
and the aperture mass dispersion we obtain a similar resuft the Gaussian case. The data
points of the ring statistics are signi cantly less cortelh compared to those of the aperture
mass dispersion. However, in the non-Gaussian case thelation coe cients ofhiMZj and
hRR:i do not only depend on the ratig= , and 1= », respectively; they also depend on the
absolute values;; ,and i; », respectively. A quantitative comparison similar to thei€aan
case is more dicult here; we will analyze this in more detail in a future pape

Note that the angular range bRR:i andH\/Igpi is di erent. The rst extends from= 0:1°to
470, whereas the second is limited to an angular scale®{1; 230] arcmin. The lower limit

is a consequence of thB=mode mixing ofH\/Igpi on small scales (Sect. 6.1). In addition, it
should be mentioned that the scales of the ring statistidsagerture mass dispersion cannot
be compared easily. For examphRR:i ( ) contains information from the 2PCF with ,
WhereasH\/Igpi( ) contains information from the 2PCF up t8.2
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Figure 6.7: This gure shows the correlation matrices bRR:i (left panels) andi\/IaZpi (right
panels) under the assumption of a Gaussian shear eld (uppef) and when taking non-
Gaussianity into account (lower row). The n-th contour Imarks values of0:11)" in the upper
panels and(0:5)" in the lower ones. More precisely, for the Gaussian cased™reontours
corresponds to 0.11, “orange” to 0.0121, etc. For the nonuGsian case: “red” corresponds to
0.5, “orange” to 0.25, etc.
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Figure 6.8: This gure shows the result of the likelihood analysis foRR:i (left panel) and
H\/Igpi (right panel) with simulated data but employing the oridicavariance matrix of the
latest CFHTLS analysis (Fu et al. 2008).

6.5 Comparison of the information content offRRgi and H\/I§p|

We now compare the information content of ring statisticd aperture mass dispersion. We
simulate a set of 2PCFs on an angular range which is simildwatoof the CFHTLS 2PCFs, i.e.
# 2 [0:05; 470] arcmin. The 2PCFs are calculated friegmas described in Sect. 5.2, but with the
transfer function from Efstathiou et al. (1992). From the$ sf theoretical 2PCFs we calculate
the data vectors dfRR: (with o) andhMizi

hRRi ( 1) hMZ,i (1)
R= i and hMZj = i : (6.35)
hRRi (1) ()

with 2 [0:1;460] and 2 [1;230] in 20 logarithmic bins each. Our ducial model is d&m
to be similar to that of the Millennium simulation, i.e. , = 0:25, g = 0:9, Hy, = 0:73
and , = 0:04; the source galaxies are assumed to be at a constantfredshil. In the
following likelihood analyses we consider a two-dimensiparameter space, namely, and

g. The corresponding covarianceshiR R andH\/Iazpi are calculated from the CFHTLS 2PCF
covariance via (6.33) and (5.2), respectively. Figure B@s the result of the likelihood analysis
for NRR: (left panel) andi\/lgpi (right panel). We see that the ring statistics data vectaicigar
improvement over the aperture mass dispersion. This carglaireed by the fact that the ring
statistics can probe much smaller scales ﬂfmﬁbi and, more important, these scales are much
less correlated.
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6.6 Ring statistics with the CFHTLS

In this section we measure the ring statistics signal withlTES data. We perform this analysis
for the optimized ring statistics (with,,) as well as for seven xed, namely 01, 0:2, 0.3, 0.4,
0:5, 06, and 07. The results are illustrated in Fig. 6.9, the black datatsotorrespond to the
E-mode signal calculated via (6.26), the red data pointsespond to the B-mode signal calcu-
lated via (6.28). The error bars are calculated from theahagielements of the ring statistics
covariance matrix which was calculated from the CFHTLS cevee (see, Sect. 6.4 and Fu
et al. 2008). FronCg we calculate the error for theth E-mode data point asC;. This method
accounts for statistical noise and non-Gaussian cosmiange. The error bars on the B-modes
contain only statistical noise. As pointed out by Fu et a0@) this error analysis does not
include systematic errors, which might lead to an underegton in the error bars .
There are several things to mention regarding Fig. 6.91,Fre improved ring statistics gives a
signi cantly stronger signal compared to the ring statistivith xed . When choosing> 0:2
hardly any signal is noticeable. Second, we see that thepaatés for o, and = 0:1 are al-
most identical on scales belowW. Ihis can be explained when looking at Fig. 6.5, which shows
that the di erence between both expected signals vanishes on smaésddlird, below Swe
measure an E- and a B-mode signal which have approximatelyaime amplitude. This feature
will be subject of future research; in particular, we wilhgale these small scales with more data
points in order to verify our preliminary nding.
In Fig. 6.10 (left column) we compare the signal of the ringtistics above Sfor two cases,
namely o, and = 0:1. We see that the shear signal improves signi cantly whenguthe
var, this becomes evident in particular on large scales. THisaer is expected from Fig. 6.5
which shows that the dierence between both signals increases at largeomparing the signal
obtained from the ring statistics to the aperture mass bwstained in the analysis of Fu et al.
(2008) (right column of Fig. 6.10) we see a good qualitatiggesament between both results.
Similar to theH\/Igpi signal, the ring statistics measures a signi cant B-moddaoger scales,
more precisely at 12¢. In the H\/IaZpi signal this B-mode occurs at 6C°. This is not a
contradiction; it can be explained by the fact thRR:i ( ) contains information from the 2PCF
with # , Whereaéi\/lgpi( ) contains information from the 2PCF up tg.2

6.6.1 Parameter constraints with the ring statistics

In this section we employ the ring statistics to constragneological parameters; more precisely,
we constrain g depending on ., under the assumption of a at universe wih= 0:73, , =
0:044, andng = 1:0. The model data vectors for the ring statistics are caledlcom the 2PCF
as described in Sect. 6.5, however we choose a redshifibdistm of source galaxies similar to
that of Benjamin et al. (2007)

! !
z z
n(z) = —  exX é — g; 6.36
A= @ =) o ™ 3 (6.36)
with = 0:836, = 3:425,7z,= 1:171.
In the likelihood analysis we choose a at prior probabiltyth cuto s, which meang( ) is
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Figure 6.9: This gure shows the ring statistics signal measured froen@¥FHTLS for various
cases of . The red data points correspond to the E-mode signal, thekbdata points to the
B-mode signal.
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Figure 6.10: The ring statistics for the case of a variablgtop left panel) and = 0:1 (bottom
left panel) compared to the aperture mass dispersion sifyoal the latest CFHTLS analysis (Fu
et al. 2008).

constant for all parameters inside a xed interval (i.ey, 2 [0:01;10], g 2 [0:4;1:4]) and

p( ) = 0 else. The ring statistics' covariance is derived from tREE covariance of the Fu et al.
(2008) analysis as described in Sect. 6.4. The result ofitigestatistics likelihood analysis is
shown in Fig. 6.11. For given,, we indicate the best- t value of g by the dotted red curve.
This curve can be parameterized ag =0:25)"%° = 0:82°302. The error bars, illustrated by
the horizontal dashed lines in Fig. 6.11, correspond to théirtits of g when assuming the
prior = 0:25 (vertical dashed line). A comparison of our results usitegring statistics with
the aperture mass dispersion analysis of Fu et al. (2008B3angmin et al. (2007) can be found
in Table 6.1. In both cases the results agree well within ther &ars. In addition, our estimates
agree with those of the WMAPS5 analysis (see Tab. 2.1). Asarddrom our analysis in Sect.
6.5 the likelihood contours of the ring statistics are teghtompared to those of the aperture
mass dispersion (compare Fig. 6.11 and Fig. 6.12). This lsanb@ seen when comparing the
error bars of Table 6.1. However, the error analysis is amguiork and must be improved in the
future, e.g. systematic errors should be taken into accdwrthermore, it will be important to
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Table 6.1: Comparison of the , vs.
H\/Igpi analysis of Fu et al. (2008) and Benjamin et al. (2007).

g parameter constraints from the ring statistics to the

Prior Analysis

m = 0:25 Fu etal. (2008)
m = 0:25 Ring statistics

m = 0:24 Benjamin et al. (2007) g(
m = 0:24 Ring statistics

m=0:25"64 = 0:785 0:043
m=0:25)48 =
m=0:24\%6 = 0:86 0:06
=0:24)48 = 0:837°9918

0:8201992

0:037

Figure 6.11: This gure

shows the 68%, 95%, 99.9%,,

credible intervals in the |-
g-plane when measuring
the shear from CFHTLS
data with the ring statistics.
For given , the red dots
indicate the value of 4
with the highest probability.
The dotted vertical line
corresponds to ,, = 0:25,
the dotted vertical lines
represent the 1 error of 4
foragiven = 0:25
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1.0

0.6

0.4

<RRg>

work on theoretical predictions; the model data vectorgsddrfrom the t-formula of of Smith

et al. (2003) is not sucient for precision cosmology.

6.7 Concluding remarks on the ring statistics

In this chapter we outlined that the ring statistics impsowga de cits of commonly used meth-
ods to decompose E- and B-modes. These methods requireddagsvbn the 2PCF on scales
which are not measurable; usually this missing informaisadded in form of 2PCFs calculated
from a theoretical model. In contrast, the ring statistesagates E- and B-modes properly using
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Figure 6.12:  This gure
shows the 1 and 2
0.7 likelihood contours in the
m- g-plane of the hVZj
0.6 analysis of Fu et al. (2008)
(purple). The green contours
0.5 correspond to the result of

WMAP3 and the yellow con-
tours represent the combined
constraints.

2PCFs measured on a nite interval #fvalues. As outlined in Schneider & Kilbinger (2007)
the lIter functions of the ring statistics, i.Z , are in general complicated to calculate; the au-
thors restrict the free parameters of the ring statisticmmparameter, namely This parameter

is held xed, independent of the angular scalet which the ring statistics is evaluated. In this
chapter, we improve on the condition of a xedby choosing a variable which improves the
ring statistics' signal, particularly on large scales.

Furthermore, we present a formula to calculate the ringssitzd' covariance from the 2PCF
covariance. This covariance is employed to compare thelkedion of data points and the infor-
mation content of ring statistics and aperture mass digper§Ve nd that the ring statistics is
less correlated and therefore has a higher informatiorecdtihan the aperture mass dispersion.
A second reason for the high information contenhBfR:i is that it can be calculated on smaller
angular scales thaiMzj which su ers from EB-mode mixing on these scales.

We apply the ring statistics to CFHTLS data and measure a sigraal. This signal vanishes
when choosing a xed > 0:2; hence, we conclude that the ring statistics with signi cantly
improves on the signal-to-noise ratio. Abov& measure a clear E-mode shear signal, whereas
the B-mode is mostly consistent with zero. These resuliseagith the aperture mass dispersion
analysis of Fu et al. (2008); similar to them we only measuBeraode signal on large scales.
More precisely, we measure a B-mode signal at 12(° with hRR:i, which is comparable to
the B-mode signal at 60° measured Witrhi\/lgpi . In the last section of this chapter we employ
the ring statistics to measure cosmological parametepariicular g in combination with .
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Our result g( m=0:25)\"4° = 0:82'2% is comparable to the results of foregoing cosmic shear
analyses which are based on the aperture mass dispersioe EBtmode correlation function,
e.g. Benjamin et al. (2007) or Fu et al. (2008).

Below 5 we measure an E- as well as a B-mode signal. This region of snvill be examined
closely in the near future, in particular we will sample trasige with more data points. The
fact, that data points of the ring statistics have so smaiktations enables us to determine the
contaminated scales very accurately.

The noise-level of the ring statistics on small scales caredaced by increasing the number
of galaxy pairs within the contributing 2PCF-bins. The nanbf galaxy pairs inside a 2PCF-
bin increases quadratically with therefore it would be interesting to test the ring statstin

a data set with highem. Similarly, an increased survey volume will signi cantlyleance the
constraints, for the reason that the cosmic variance sealbsl=A. For example, the CFHTLS
data we consider here covers an area a2 8éd with n = 13:3. Testing the ring statistics on the
full CFHTLS sample (172 déywould be an interesting project in the future.

A second possibility to increase the signal-to-noise rasito optimize the Iter function of the
ring statistics. As outlined in Schneider & Kilbinger (2QQfie ring statistics is a special case of
a general E- and B-mode decomposition; there exists a latgd dter functions which separate
E-and B-modes using a 2PCF measured over a nite angulaerdhgill be future work to nd
the Iter function for an E- and B-mode decomposition on ateinterval with optimal signal
strength.
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Improved Likelihood Analysis for Cosmic
Shear Data

In cosmic shear likelihood analyses the covariance is mmanhtonly assumed to be constant in
parameter space. Therefore, when calculating the covariauatrix analytically or from simula-
tions, its underlying cosmology should not in uence theelikood contours. In this chapter we
examine whether the aforementioned assumptions hold aatiGuhow strong cosmic shear
covariances vary within a reasonable parameter range. Wela@® Gaussian covariances ana-
lytically for 2500 di erent cosmologies; in order to quantify the impact on theumater con-
straints we perform a likelihood analysis for each covargamatrix and compare the likelihood
contours. To improve on the assumption of a constant cavegiawe use an adaptive covari-
ance matrix, which is continuously updated according tgotbiat in parameter space where the
likelihood is evaluated. As a side-ect, this cosmology-dependent covariance improves the pa-
rameter constraints. We examine this fact more closelyguia Fisher-matrix formalism. In
addition, we quantify the impact of non-Gaussian covamanan the likelihood contours using
a ray-tracing covariance derived from the Millennium siatign. In this ansatz we return to the
approximation of a cosmology-independent covariance imdtr order to minimize the error
due to this approximation, we develop the concept of antiteréikelihood analysis.

7.1 Introduction to covariances

Obtaining appropriate covariances is a crucial issue sxdbintext of a precision cosmology like-
lihood analysis. Several methods are suggested in thatliter and have been applied to cosmic
shear data. An analytic expression for covariances asguaniBaussian shear eld is derived
in Schneider et al. (2002a) and con rmed in Joachimi et 800 who use a power spectrum
approach which signi cantly reduces the computationabr in the calculation. This analytic
expression has been used for parameter estimation in mavgysule.g. van Waerbeke et al.
2005; Semboloni et al. 2006; Hoekstra et al. 2006). Howewer,assumption of a Gaussian
shear eld breaks down on small scales; according to Kilem& Schneider (2005) and Sem-
boloni et al. (2007) non-linear ects already become important at angular scal&é® arcmin.

107
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To account for non-Gaussianity, Semboloni et al. (20073ioka calibration factor which is de-
rived from a comparison of Gaussian to ray-tracing covaganAn application of this method to
real data can be found in Fu et al. (2008). A second approable iderivation of the covariance
matrix from the data (e.g. Hetterscheidt et al. 2007; Mass&y). 2007b). Here, the covariance
is calculated via eld-to- eld variation which involves aeparation of the data set into many
independent subsamples. This might lead to a loss of infiboman large scales if the survey
is not su ciently large. Third, one can estimate the covariance métoim ray-tracing simu-
lations, a method which circumvents the aforementionesl ilosnformation. Although, in this
method the covariance is again derived via eld-to- eld iion, we can choose a swiently
large numerical simulation to create many independentssupkes of adequate size.

Note, that the last two methods involve an estimation pmaethe determination of the covari-
ance matrix, which means that the inverse is biased and anéh=orrect for this eect (An-
derson 2003; Hartlap et al. 2007). Nevertheless, derivavggance matrices from ray-tracing
simulations seems to be a promising method as it preserivdgeahformation in the data and
additionally takes the non-Gaussianity of the shear eld imccount.

The analytic expression and the ray-tracing covarianognass speci ¢ cosmological model in
their derivation. So far, cosmic shear likelihood analytseat the covariance matrix as constant
in parameter space, hence its underlying cosmology is assunot to in uence the parameter
constraints. In the following we check for this assumptiod an case it does not hold, to present
an improved likelihood formalism for future surveys.

7.2 Variation of covariances in parameter space

We select a two-dimensional parameter grid with 560 gridpoints of , 2 [0:2;0:4] and

g 2 [0:6; 1.0]. For each grid point we calculate a covariance analyyiaading (4.3) - (4.8).
The shear power spectR are obtained from the density power spe@ramploying Limber's
equation. To derivé® we assume an initial Harrison-Zeldovich power spectréhil) / k™
wherens = 1) with the transfer function from Efstathiou et al. (199Zor the calculation
of the non-linear evolution we use the tting formula of Smigt al. (2003). Throughout this
chapter, we assume a at universe and x all cosmologicabpasters except, and g, more
preciselyHo = 0:73 and , = 0:04. These values fd, and | together with ,, = 0:25 and

g = 0:9de ne our ducial cosmological model, which we have chosénilar to the cosmology
of the Millennium Simulation (Springel et al. 2005) for adatomparison of Gaussian and ray-
tracing covariances. We assume all source galaxies to leelshiftzy = 1:0. Using a redshift
distribution instead would not change our results qualight. In addition to cosmology, the
covariance depends on survey parameters. The scalingpnsl@iven in Sect. 7.2 are generally
valid and independent of survey parameters. In case of keéhood analyses in Sects. 7.3
and 7.4 we choose, unless stated otherwise, an intringati@lly noise of = 0:4, a number
density of source galaxies af= 10=arcmirf (similar to the values of the Dark Energy survey),
and a survey which covess = 900 ded. The angular scale of the 2PCF data vector for which
we calculate the covariances covers a range from 0.1 arcndi®@ arcmin, which is divided into
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Figure 7.1: The dimensionless shear power spectrifife. The solid curves correspond to
variationin and g =02, =06 (lower), =03, 5= 0:8(middle), ., = 04,
g = 1.0 (top). The dashed curves show variation ipwith , = 0:25. g = 0:6 (lower),
g = 0:8 (middle), g = 1.0 (top). The dotted curves show variation iR, with a constant
g =09 ,,=0:2(lower), n=0:3(middle), . = 0:4 (top).

50 logarithmic bins.

7.2.1 A fast method to calculate covariances for arbitrary , and g

From (4.7) and (4.8) one directly sees that the covariandexodepends on the cosmological
model, which enters with the power spectridgm Figure 7.1 illustrates the change®g when
varyingonly ., or g, and both parameters simultaneously; we see that it ineseasgh |, as
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well as with .

For a given cosmological model we can calculate the covesiatirectly from (4.3) - (4.8).
Performing this calculation for many sets of parametersm&iconsuming; hence we seek a
scaling relation, which relates the covariances of anatyicosmologyC to a reference model
C ,. A basic theorem in statistics states (e.g. Anderson 2@08),f there is a relation between
two data vectors andy which readsy = Ax (A being a matrix), the relation of the covariances
of x andy can be written as

D ‘ E

D(y hyi)(y hyi)'

(Ax hAXxi)(Ax hAXxi)'

= AC,A!: (7.1)

Cy

In this derivationA must be independent of the ensemble average. If we applybtheeansatz
to the 2PCF, it seems reasonable to de ne a scaling relatioperameter dependent covariances
as
C =AC A'; (7.2)
0

where we can calculate the scaling matriéessing the 2PCF

diag(A)= = ,: (7.3)
In contrast to a covariance matrix, the 2PCF can be calaitegemely fast for many derent
cosmologies via (3.51) and (3.52). Hence, it would be a fadt@nvenient method to calculate
the covariance for a reference cosmology and then apply @ dbtain covariances for arbitrary
cosmological parameters. Unfortunately, we cannot teartsis method directly to the cosmic
shear case. Recall, that the 2PCF is derived from the mahslliicities of galaxies. Schneider
et al. (2002b) have shown that the intrinsic ellipticitynsr cancel out in the derivation of the
2PCF estimator, hence the 2PCF is de ned only in terms of Heas In contrast, the 2PCF
covariance does not only consist of terms coming from tharsheit has additional noise terms
which arise from the intrinsic ellipticity of galaxies. Tpeare shot noise term (4.6) is independent
of cosmology and, as explained below, the mixed term canmethled with relation (7.2), which
is quadratic in the 2PCF.

However, in the limit of a noise-free covariance, i.e. cdesing only the cosmic variance term,
a scaling relation similar to (7.2) exists. We explicitlyoge this below; in particular, we show
that the scaling matrices are independent of the ensembtage. The cosmic variance term can
be calculated via (4.7). Cosmology only enters with the papectrum, hence the relation of

to ocanbedescribedd("; )=a(; )Pe(; o). Using this relation we transform the cosmic
variance term (4.7) for given bin; #; as follows

A Jous(#i) Joa(C#)) PEC; )

vV ()

S Joma () Joa(C# ) %C; IPEC; o), (7.4)



7.2. \Variation of covariances in parameter space 111

where we discretize the integral into a sum dfins. Next we insert equation (26) of Joachimi
et al. (2008) (see also Kaiser 1998) but with= 0

D _ _E 4 _
Pe(') Pe(9) = IR ~PE(") (7.5)
to rewrite (7.4) as
X ___ _
VO =g T ha(R)baCal al? )
D _ _E
PeC; o) Pe(C% o) (7.6)

The mean value theorem guarantees that there exist vafigs), a(#;; ) such that (7.6) be-
comes

_ _ *Z
al#; )a#;; o . .
vi() = HLED e ek P
Z, 0 +
d" %04 %) PeC% o)
0
= a#; )a#; )V (o), (7.7)
where we consider the limit" ! 0inthe rst step. Comparing the expressionsvof ( ) and

V ( o) we can calculate the scaling factors as

R1 N . <

@)= R d " Jo=a(C#i)Pe(; ) _ () ;
o O Ju(H#)PEC; o) 5 o)
where we inserted (3.51), (3.51) respectively, in the legi.sThis provides a fast and convenient
method to scale the cosmic variance term in parameter sgaedp the fact we can use a com-
putationally e cient Hankel transformation for the calculation of the 2PCF

In order to examine whether a scaling relation can be founthi® mixed term, we refer to the
corresponding expression derived in Schneider et al. @002

(7.8)

2 27
Mip = AN d @ J; (7.9)
2 ZZO
M = = . d .( j)cos4); (7.10)
S T
— [ kk 44 k '
M+ = W] . d . K ( 1) #i #J COS(()
()% @ cos4); (7.11)

q
where we denotg j =  #7+#2  2##;cos' . From (7.9) - (7.11) we see that the mixed term
M scales linearly with the 2PCF which prevents a scalingiaraimilar to (7.2). Fortunately,
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the direct calculation of the mixed term via (4.8) is compiaedy fast, therefore, the scaling
relation for the cosmic variance term already reduces thgeational costs signi cantly.
Nonetheless, we numerically derive a t-formula for thedar term based on the following
expression |

M- (#i# )= M (i# o) 5o 589 : (7.12)
with o being the ducial model explained at the beginning of Sec®. 7The structure of this
t-formula is motivated by the intention to use as few t-@aneters as possible; additionally
we require that in the limit of the ducial modeM #;;#;; ) = M (#;;#;; o) must hold.
The t-parameters and vary depending on the scalg; #; and are dierent for the dierent
parts of the covariance matri.., C , andC, . The tables with and can be found in the
Appendix B.

7.2.2 Variation of the inverse covariance with ,, and g

From the variation of the power spectrum with, and g (Sect. 7.2.1) it is clear that covari-
ances vary with respect to comological parameters. Forlgiitypand in order to increase the
readability of the following sections we refer to this vaioa as CDC-eect (CDC Cosmology-
Dependent Covariances). In order to examine the CD€zemore closely, recall that the struc-
ture of the covariance is given by

C — C++ C+ %

Ct |C

and the individual parts are calculated from (4.3) - (4.8york these equations we see that
the covariances are ltered versions of the power spectrither Itered by a product ofgk

(in case ofC..), J's (C ), or a combination of bothQ@. ). The strength of the CDC-ect de-
pends on these Iter functions, as they determine whichgpafrthe power spectrum are sampled.
A change in and ga ects all scales of the power spectrum almost similarly (3geF1);
therefore, the CDC-eect for the individual parts df is also similar. However, this might change
when considering dierent cosmological parameters, e.g. the shape parametetontrast to

a change in ,, and g, which increases (decreases) the power spectrum on adlss@thange
in increases (decreases) small scales while decreasingdsiog) large scales. Therefore, a
change in causes a “rotation” in the power spectrum. The covariancesnéegrals ovePk,
and depending on the lter function, such a rotational cleaimgPe can average out. A second
argument why the individual covariance parts haveedent sensitivity to the CDC-ect is that
C, Iisnot a ected from shot noise, hence a change in cosmology has @striompact orC.
compared tcC... andC

In order to quantify the CDC-eect we examine the trace of the inverse covariance m@trix
The trace of the covariance itself is an improper measuréhisre ect, as it depends on the
binning, which can be seen from (4.6). The trac€dfecomes arbitrarily large when decreasing
the bin width. In contrast, we checked numerically that fa trace ofC ! binning e ects are
negligible, once one has exceeded a minimum bin number ¢s&#e44.1). More precisely, once
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the bin width of the 2PCF data vector is small enough thateisation e ects are unimportant,
the trace ofC ! hardly changes for dierent binning.

Figure 7.2 shows the trace of the inverse covariance magending on ., for various con-
stant g (top) and vice versa (bottom). Here, we normalize the susieg toA = 1ded; the
other survey parameters are = 0:4 andn = 10=arcmirf. We postpone a detailed analysis of
how survey parameters in uence the CDCegt to Sect. 7.3. Qualitatively the result does not
change for dierent survey parameters; the traceCot decreases with increasing, or .

In addition, we perform a singular value decomposition (3% each inverse covariance ma-
trix. For the case of a symmetric and positive de nite matsych as the inverse covariance
matrix, an SVD yields the eigenvalues in decreasing order.afbitraryi, we nd that thei-th
eigenvalue decreases when increasipgpr g. The strength of the CDC-ect, i.e. the gradient
of the traces, depends on the considered point in paranpetee s

7.3 Impact of the CDC-e ect on parameter estimation

7.3.1 Results of the likelihood analysis

In Sect. 7.2 we calculate 2500 covariances covering a paeamange of ,, 2 [0:2;0:4] and

g 2 [0:6; 1:0]. Here, we want to examine how the CDCeet in uences the likelihood contours,
hence for each of the 2500 covariance matrices we perforkekhlood analysis. Throughout the
whole likelihood analysis we assume th€DM model. Here, we assume at priors with cut-
o s, which meang( ) is constant for all parameters inside a xed interval (i.g, 2 [0:2; 0:4],

g 2 [0:6;1:0]) andp( ) = O else. In our case we calculatefrom Pg via (3.51) and (3.52)
assuming our ducial cosmology; is calculated similarly but its cosmological model varies
according to the considered point in parameter space. Hudt i& a likelihood analysis is usu-
ally summarized in contour plots. In a Bayesian approadatsdHikelihood contours represent
so-called credible regions, i.e. a region in parameterespabere the true parameter is located
with a probability of 68%, 95%, 99,9%, respectively. In ddi, we quantify the size of these
credible regions through the valuesgfwhich we explained in Sect. 4.2. In these analyses, we
consider the same parameter space, similar priors, simdad , only the covariance in (4.11)
is changed. The left panel of Fig. 7.3 shows the 95%-credbdevals when choosing,, = 0:2
and g = 0:6 (solid), =04, and g= 1.0 (dotted) as a model for the covariance matrix. We
compare these to the (dashed) case when the covarianceusatadl from the ducial model
( m= 025 g=0:9). These examples illustrate that assumingedent cosmologies in the
covariance can signi cantly broaden or narrow the likebdocontours. As expected from the
foregoing analysis of the inverse covariance traces (Se2j.the contours broaden for increas-
ing mand g.

Without any information which cosmology to choose in oura@ance matrix, it is reasonable
to include prior information coming from other cosmolodipaobes into our covariance cos-
mology. The middle panel of Fig. 7.3 shows the 95% crediblerirals when calculating the
covariance from the minimum, mean, and maximum values 0683 con dence region of the
recent WMAP 5-years analysis (Komatsu et al. 2008). Contptaréhe left panel the deviation
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Figure 7.2: The trace of the inverse covariance maffix' depending on ., (top), the individual

lines in each gure correspond to (from top to bottomy = [0:6; 0:7; 0:8; 0:9; 1.0]. The lower

panel shows the dependence of) the individual lines corresponding to (from top to bottom)
m = [0:2; 0:25; 0:3; 0:35; 0:4].
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Figure 7.3: The 95%-credible intervals obtained from likelihood arsaly with dierent cosmo-
logical models assumed in their covariance matrix. Thegaftel corresponds to the following
covariance parameters: , = 0.2, g = 0:6 (solid), ., = 0:25 g = 0.9 (dashed), and

m = 04, g = 1.0 (dotted). The middle panel shows the deviation which ocadmsn re-
stricting the range of possible covariance models to the 88%dence interval of the WMAP5
analysis, i.e. , =0:237, g= 0:74(solid), ,,=0:259 = 0:796(dashed), and ,, = 0:274,

g = 0:85(dotted). The right panel shows the same analysis but fo@5% con dence interval
of the WMAPS analysis, i.e., = 0:226, g = 0:70(solid), ,, = 0:237, g = 0:74 (dashed),
and ,=0:288 3= 0:885(dotted).

of the contours reduces signi cantly, nevertheless itiisrsbticeable and cannot be neglected in
a precision cosmology analysis. Similarly, the right pastews the impact of the CDC-ect
when calculating the covariance from parameters withird8# con dence region of the recent
WMAPS analysis. For a better comparison we calculate theagabfq (Sect. 4.2) for all contour
plots and summarize them in Table 7.1. Restricting the ptssbsmologies for the covariance
to the 68% contour region of the WMAPS5 analysis, the valuegddviate by a factor of 1:84.
This factor increases to 2:76 when considering the minimum and maximum values of the 95%
con dence region of the WMAPS5 constraints. In Fig. 7.4 we\stbe values ofy for all 2500
likelihood analyses depending on, (top) and g (bottom). Similar to the parameter depen-
dence of the inverse covariances in Sect. 7.2, the strerfigitie €DC-e ect, i.e. the gradient of
the curves in Fig. 7.4, depends on the considered point empetier space. At the ducial model
we calculate @=@ ) ¢ = 7:5, whereas in case ofg we nd (@=@3g) 4 = 3:5.

7.3.2 Impact of survey parameters on the CDC-eect

In the last section we have shown that the CD@@& non-negligibly aects the likelihood con-
tours. However, we only quantify this for one speci c set ofwey parameters. In this section we
examine how the impact of the CDC-ect on likelihood contours depends on survey parameters,
namely survey siz@, ellipticity dispersion , and number density of source galaxiesvhere

in case of the latter two only the combinatiof is of interest. We perform likelihood analyses
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Figure 7.4: The values of g depending on, (top), the individual lines in each gure correspond
to (from top to bottom) g = [0:6; 0:7; 0:8;0:9; 1.0]. The lower panel shows the dependence on
s, the individual lines corresponding to (from top to bottom,) = [0:2; 0:25; 0:3; 0:35; 0:4].
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Figure 7.5: This gure illustrates the strength of the CDC-ect depending on the ratio?=n
(upper panel) and depending on the survey size A (lower paWel quantify this strength as the
ratio d = g( max)=d( min), Where 4 nay) is obtained when assuming the maximum parameter
values of , and g in the calculation of the covariance (i.e.max = ( m = 0:4; g = 1:0)).
Correspondingly, ¢ min) IS obtained when assuming,i, = ( m = 0:2; g= 0:6).
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Table 7.1: Values of g for dierent covariance models

parameters used for the covariance q[10 4
m=0:25, g=0:9 1.03
=02, g=06 0.28

m

m=04, g=10 3.30
m = 0:259, g=0:796 (WMAP5 68 % CL mean) 0.75
m = 0:237, g=0:740 (WMAP5 68 % CL min) 0.56
m
m
m

0:274, g= 0:850 (WMAP5 68 % CL max) 1.02
=0:226, g= 0:700 (WMAP595 % CL min) 0.45
=0:288, g=0:885(WMAP595% CLmax) 1.24

for 9 di erent combinations of>=nand 8 di erent survey sizes. The strength of the CD@et
is quanti ed by the ratio of maximum to minimum value g@fwhich occur within the considered
range of nand g, wedene g=d( ma)=( min). The minimumgis obtained when choosing
the minimum parameter set in the calculation of the covagane. i, = ( m = 0:2; g= 0:6).
Correspondingly, choosing the maximum parameter sgt= ( m = 0:4; g = 1:0) results in
the maximalg. The values ofj represent the size of credible intervals, hencgecan be inter-
preted as their ratio.
Unfortunately, it is not possible to derive an analyticghession for the relation betweelg and
the survey parameters. From (4.6) - (4.8) we see that theithdil covariance terms scale dif-
ferently with 2=n. This already prohibits an analytically derived relatiemtieen gand 2=n.
Considering the survey sizg (4.6) - (4.8) imply that the total covariance scales with.1\When
comparing two (inverse) covariances with drent cosmologies by taking their ratio, the survey
size cancels, suggesting the strength of CD@et to be independent & However, when con-
sidering the likelihood, the inverse covariance enterbéexponent, furthermore the valuesjof
are an integral over the posterior likelihood. This noredirity in the inverse covariance causes
that the strength of the CDC-ect varies with the survey size. An analytic expression o th
dependence cannot be derived, for similar reasons as foatieeof ?=n. We therefore calculate
g depending on the survey parameters numerically.
The upper panel of Fig. 7.5 shows] = ( ma)=9( min) as a function of 2=n. The ratio q
changes from 4 to 18 over the considered interval &fn. When increasing the survey size
(Fig. 7.5, lower panel), we nd that the impact of the CDCeet increases fromq = 2:5 (for
a 25 ded survey) up to g = 12:3 (for a 2500 defjsurvey). Note that the size of the likelihood
contours, hence the values@fhemselves, decrease with decreasifgn and increasing\. In
contrast, gincreases with decreasing=n and increasing\. Hence relatively, the CDC-ect
becomes more important when increasing the survey size enwbcreasing the ratic®=n.
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7.4 Likelihood analysis with a model dependent covariance

7.4.1 Adaptive covariance matrix

For a given cosmological model we can calculate the coveeigirectly from (4.3) - (4.8). This
enables us to perform a likelihood analysis, where the ¢avee is calculated individually for
every pointin parameter space. We denote this parametendept covariance & and rewrite
the likelihood (4.11) as

h ) N
exp 5 ( ) C *( )

(2 )*2]C j? 729

p( )=

Compared to the case of a constant covariance, there are &modnerences. First, the covari-
ance in the exponential term of (7.13) changes accordinggaonsidered point in parameter
space. SecongC j% is now parameter dependent, therefore the determinantnuyztaancels
with a similar term in the evidence. As a consequence, theepos likelihood does not only
depend on the exponential terms, which basically compasad ~, but it is also aected by the
determinants of the covariance matrices, more precisetiidiy behavior in parameter space. In
the following we quantify the impact of the determinant term

The upper left panel in Fig. 7.6 shows the likelihood consofor a 84 ded survey, where
the posterior probability is calculated via the new likeldd (7.13). For comparison, the right
panel shows the likelihood contours when neglecting thampater dependence in the determi-
nant terms, hence considering a parameter dependentaos@monly in the exponential terms.
One clearly sees that the determinant terms shift the fikelil contours and cause a drence
between the best- t value and the ducial model. In order iplain this shift we overlay the
right panels of Fig. 7.6 with the contours of const@dtj *2 (for numerical reasons we plot
InjC j ¥?). We see, that the covariance determinant is a monotonatibmof ., and g; it
decreases with increasing, or g. Hence,C j 2 induces a parameter-dependent weighting,
which increases the likelihood at small, and g and vice versa suppresses larggand s.

In general, the exponential term dominates the likelihg®d, ¥ only has signi cant impact on
parameter regions where the exponential hardly changegh&dighly degenerate case of;
and g, this applies to curves wheres const %6, Compared to these curves, the contours
of constaniC j ¥ are slightly rotated, which allows for derent values of the latter in regions
where the exponential term is constant. As a result, théiided contours in the left panel are
shifted and stretched towards regions of langej ¥ compared to the right panel. Note that
for a di erent parameter combination this bias might not cause sletga shift of the best- t
value.

The second row of Fig. 7.6 shows the same analysis but for al@@0survey. Comparing the
left and right panel, we see that the likelihood contours sirailar to the 84 degsurvey, shifted
and stretched towards regions of larg@rj 2. However, the eect is hardly noticeable and
the bias of the best- t value has basically vanished. Thisloa explained when looking at the
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expression of the posterior likelihood

h - ol
exp 3 tct
p(j)=R P, Jel ) (7.14)
djCiCijizexp 3 (o NCd( o )

Compared to the case of a constant covariance the abovessigréas an additional factor in the
denominator, i.ejC C {j*2. Note, that this factor is independent of the survey gizerhereas
the importance of the exponential term increases with asirgA. As a result, the cosmology
dependence of the covariance determinant becomes négligitsu ciently large surveys.

7.4.2 Fisher matrix analysis

We expect tighter constraints on cosmological paramettéing icosmology dependence of both,
mean data vector and covariance matrix, is incorporatedtid likelihood analysis, instead of
only using the mean data vector (Tegmark et al. 1997). TheeFimformation matrix can be
used to illustrate this eact. In Sect. 4.3 we explained the concept of the Fisher miatdetail,
recall that for the case tha( | ) is Gaussian one can directly express the Fisher matrixinse
of the mean data vector and the data covariance matrix (eggnark et al. 1997)

1 h [
Fyj=3tr C c,c e+ C My (7.15)

whereC,; @=@; denotes the derivative of the covariance matrix with resgethei-th com-
ponent of the parameter vector alilg; i tJ + tl The rst term of (7.15) vanishes in case
the covariance matrix is constant in parameter space, temdderm vanishes in case of a con-
stant mean. For cosmic shear we have seen that neither tmedatavector, nor the covariance
matrix are independent of cosmological parameters; hemicen calculating the Fisher matrix
both terms must be taken into account. Recall @t 1=A, which also holds for the derivatives
C., hence the rstterm is independent of the survey size. Thersgterm increases proportional
to the survey volume, therefore the information gain on aasgical parameters, through incor-
porating the cosmology dependence of covariances, becs&esmportant for large surveys
(see also Kilbinger & Munshi 2006, for a similar analysis).

Figure 7.7 shows the results of the Fisher matrix analysisio di erent survey sizes (84 deg
on the left and 900 dégon the right). As expected, the left panel (smaller survéyws a
small improvement, which vanishes completely in case ofdhger survey (right panel). Nev-
ertheless, one should keep in mind that we only consider €kausovariances. The cosmology
dependence of the covariance becomes larger for the casmdabaussian covariances for the
following reason. Non-Gaussianity increases the cosnmianee term, in particular it becomes
important on small scales, which are still dominated by stms$e in the pure Gaussian case.
As the CDC-e ect mainly results from the cosmic variance term, its stiie@dso increases in
the non-Gaussian case. A stronger dependence of the aos@pa parameters enlarges the rst
term in (7.15), which implies that for the case of truly noatSsian covariances the improve-
ment on parameter constraints is more signi cant than shiovisig. 7.7.
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Figure 7.6: The left plots shows the likelihood contours when using aelatependent co-
variance, more explicitly, when calculating the posterfimm (7.13). The cross illustrates the
best- t value, whereas the circle indicates our ducial neddThe panels on the r.h.s. show the
likelihood contours obtained when neglecting the deteamirierms (7.13). The dotted contours
visualize regions of constaftjC o 2. The likelihood contours in the upper row correspond to
a survey size of 84 dégwhereas the lower panels correspond te 200 deg’.
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Figure 7.7: Likelihood contours from a Fisher matrix analysis for a®g survey (left), and for

a 900ded (right). The solid lines correspond to the case when thedfishatrix is calculated
from both terms in (7.15); the dashed lines correspond toctse when the parameter depen-
dence of the covariances, i.e. the rsttermin (7.15), isleeggd. The lled circle indicates the
ducial model at which the Fisher matrix was calculated. Bothat in the right panel dashed
and solid contours are identical

Table 7.2: The ML-parameter sets which occur when choosingudint starting cosmologies in
the iterative likelihood analysis.

step runl run2 run3 run4 run5

m 8 m 8 m 8 m 8 8

m
stat | 0.20 0.60|0.237 0.74Q0 0.250 0.90|0.274 0.850 0.40 1.0
me 1] 0.254 0.892 0.254 0.892 0.245 0.914 0.259 0.884 0.277 0.858
mL 2| 0.260 0.882 0.260 0.882 0.245 0.914 0.260 0.882 0.259 0.884
m. 3| 0.260 0.882 0.260 0.882 converged | 0.260 0.882 0.260 0.882
mL 4| converged | converged | converged | converged | 0.260 0.882

7.4.3 lterative likelihood analysis

In Sect. 7.4.1 we have introduced the adaptive covarianhehws a proper way to incorpo-
rate cosmology-dependent covariances into a likelihoadyars. Its disadvantage is the large
computational eort, which is high already for Gaussian covariances. In otdeaccount for
non-Gaussianity, one must employ ray-tracing covariadeesed from many numerical simu-
lations with di erent underlying cosmologies. In a multi-dimensional pster space, this is
clearly unfeasible with today's computer power.

In this section we quantify the impact on likelihood con®wuhen using non-Gaussian instead
of Gaussian covariances. We use a ray-tracing covariakea feom the Millennium simulation
(Hilbert et al. 2008), neglect the CDC-ect and approximate the covariance to be constant in
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parameter space. The error in the posterior likelihood eduly this approximation increases
with increasing distance to the cosmology of the ray-trg&imulation. As we are mainly inter-
ested in regions around the maximum likelihood parameter ge, this suggests the following
strategy for a likelihood analysis. First, perform an itemalikelihood analysis using Gaussian
covariances in order to derive, . Then, start a numerical simulation with this cosmology, de
rive a ray-tracing covariance, and perform the nal likeldd analysis. This ansatz minimizes
the errors due to the CDC-ect in the region of interest and additionally incorporates-
Gaussianity.

In order to derive y_ iteratively, we start from an arbitrary cosmology, cal¢ela Gaussian co-
variance matrix therefrom using (4.3) - (4.8), and perforiik@ihood analysis. Throughout this
rst iteration step the covariance matrix is kept constdntthe second step we choose the ML-
parameter set of the rst analysis as the underlying cosgyolor the new covariance matrix, and
again perform a likelihood analysis. We continue this tieraprocess until the ML-parameter
set converges.

The main di culty of this ansatz is that the choice of the starting cosgyimight in uence the
nal ML-parameter estimate and therefore also the nal ataace. In order to check for this, we
take the noise of a ray-tracing data vector, add it to our idudata vector and thereby simulate
measurement uncertainties in the latter. When perfornme@halysis without noise the iteration

converges after one step, as the model data vector (at tr@aldmodel) exactly ts the ducial
data vector, , = ". Table 7.2 shows the results for 5 iterative likelihood gises, each starting
from a di erent cosmology in the covariance. We see that all 5 runsargewquickly, 4 of them
to the same cosmology. Only the run which started from thecidumodel deviates from the
others. Although the suggesteg, are close to 4, we note that none of the runs converges
to the ducial model. This implies that the starting cosngacan bias the nal outcome of the
iterative likelihood analysis and can shift the ML-estimaln general, such a bias occurs if the
function " does not fall o steeply enough around the ML-parameter set, which especial
applies to higher-dimensional likelihood analyses.

Our iterative pre-analysis has converged tg = 0:26, g = 0:882, however we “only” have

a ray-tracing simulation with ,, = 0:25, g = 0:9 available. Figure 7.8 shows the result of
our likelihood analysis, when using the ray-tracing caamace of the Millennium simulation
(left panel). Compared to a likelihood analysis using a Geuscovariance (right panel), the
contours broaden signi cantlyg increases from 0.4410 4 in the Gaussian to 0.780 “in the
non-Gaussian case. Note that the valug of the Gaussian case does not correspond to that in
Table 7.1, because we use dient survey parameters (here, = 0:3, 0 = 15=arcmirf) and a

di erent data vector (here, 30 logarithmic bins from 0.2-130na&m) in order to exactly match
the corresponding parameters of the ray-tracing covagianc

The impact of non-Gaussianity depends on the scales prop#telmata vector. In our case 20
bins are below 10 arcmin, therefore the impact is relativédyn. Choosing linear bins or prob-
ing higher# reduces the dierence to the Gaussian case. For the data vector considered h
this di erence is of the same order as the impact of the CD€zewe described in Sect. 7.3.1.
However, the strength of the latter will most likely incredsr non-Gaussian covariances, as we
explained at the end of the last section.
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Figure 7.8: The likelihood contours when using a ray-tracing covariaerived from the Mil-
lennium Simulation via eld-to- eld variation (left panglcompared to the case of a Gaussian
covariance (right panel). Although the original size of Baeld is only 16dedf, we extrapolated
the covariance to a 908ed survey. The values of q are given in unitslof*.

7.5 Concluding remarks on the cosmology dependence of co-
variances

An accurate likelihood analysis plays an essential roleutare precision cosmology. We can
only exploit the full potential of upcoming high quality @atif we use appropriate statistical
methods. In this context the derivation of covariances igvgrortant issue in order not to bias
the parameter constraints.

In cosmic shear, there are several methods to derive coeasaFirst, one can calcula@eana-
lytically assuming a Gaussian shear eld. This assumpti@aks down on small angular scales
(< 10 arcmin), where non-linearities of the matter densityd start to become important. Sec-
ond, covariances can be estimated from ray-tracing simuaktAlthough computationally more
expensive, this method automatically accounts for the@aunssianity of the shear eld. In both
methods the covariance is calculated assuming a specimalogy. In the rst case, this cos-
mology enters in the power spectrum from whiCls calculated, in the second case we estimate
C from numerical simulations, which are also based on a giwsmology. Past cosmic shear
data analyses approximate the covariance to be constaatampter space, therefore assume
that its underlying cosmology does not in uence the restiti bkelihood analysis signi cantly.

In this chapter we have shown that the covariance matrix igp@on-negligibly on its un-
derlying cosmology and that this CDC-ect signi cantly in uences the likelihood contours of
parameter constraints. To prove this, we calculate 250G§ian covariance matrices for var-
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ious parameters of ,, 2 [0:2;0:4] and g 2 [0:6; 1.0]; all other cosmological parameter are
held xed. Even a change of ,, and g within the WMAP5 68% con dence levels has a non-
negligible impact on the likelihood contours. Here, thareabfg deviates by a factor of 1.84 and
this deviation increases to 2.76 if one considers the WMAP% @on dence levels. Further-
more, we show that the impact of the CDCeet depends on survey parameters. Although the
likelihood contours become smaller, relatively the CD&e&t becomes more important when
increasing the survey size or when decreasing the rat. Therefore, a proper treatment be-
comes more important in the future, for large and deep ssrvey

To take cosmology-dependent covariances into account asept two methods. First, we per-
form a likelihood analysis with an adaptive covariance matiere,C is calculated individually
for every point in parameter space, assuming the correspgédrameters as the underlying
cosmology. For small surveys this method introduces a bi#ise best- t parameter set, which
vanishes when going to larger survey sizes. A disadvantitesapproach is its computational
costs. Using the analytic expression for Gaussian cowegmis already time-consuming; us-
ing ray-tracing covariances to include the non-Gaussiasitot feasible with today's computer
power. For the Gaussian case we present a fast and convecading relation to derive covari-
ances on a parameter grid. As a sidex€t this approach enhances the constraints on cosmology,
for the reason that we now incorporate two cosmology-depeinguantities into the likelihood
analysis instead of only the mean data vector.

In a strict sense the second method does not account prdpeitlye CDC-e ect, however it
minimizes the error around the maximum likelihood paramsés ( \, ). The method consists
of two steps, rst derive ;. through an iterative process, then derive a ray-tracinguéarce
with ;. as underlying cosmology and incorporate this in the natlikood analysis. Here, the
approximation of a constant covariance is made, howevegrioe in the posterior probability is
minimized in the region of interest; in addition, this azsiaicorporates non-Gaussianity which
is non-negligible for future surveys. A drawback is the fioet the starting point of the iteration
might bias y_. This must be checked carefully before employing this mettudherwise the
approximation of a constant covariance fails arougd.
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Chapter 8

Impact of non-Gaussianity and shot noise
on parameter estimation

One of the most exciting discoveries in cosmology was mad9#8, namely that the expan-
sion of the Universe accelerates. This acceleration stgj¢jes existence of an energy density
component which acts repulsively, so-called dark energg Gect. 2.1.6). As pointed out by
theDark Energy Task ForcéAlbrecht et al. 2006) and theSA-ESO Working Group on Funda-
mental Cosmolog{Peacock et al. 2006), cosmic shear is an ideal subject fordaark energy
missions such as DES, JDEM, or Euclid. Therefore, | couldrasist to carry out one project
related to dark energy parameter estimation with cosmiarshe

At the end of the last chapter we illustrated the impact of-@@ussianity on parameter con-
straints for the case of ,, and g. In this chapter we extend the analysis to the dark energy
parameters , wp, andw, (see Sect. 2.1.6 for more details). In addition to non-Gaugy we
examine the impact of shot noise on the parameter congrairte analysis presented in this
chapter is an ongoing project with preliminary results vialmequire more work in the future. We
will indicate open questions and plans how to address them.

8.1 Comparison ofP derived from the Smith et al. (2003) t-
formulato P from the Millennium simulation

In the last chapter we calculated the Gaussian covariammegiie shear power spectrum. There-
fore, we obtairP via the t-formula of Smith et al. (2003) and calcula®e via (3.44). We want
to stress, that the accuracy of this t-formula is an inhéidenitation to the accuracy of covari-
ances and data vectors derived therefrom. Figure 8.1 caspaderived from the Millennium
simulation toP derived from the t-formula of Smith et al. (2003) using theldnnium sim-
ulation cosmology. In the latter case we show the resultsnwseng the transfer function of
Efstathiou et al. (1992) (solid) and a dewiggeled versiotiheftransfer function of Eisenstein &
Hu (1999) (dashed). Whereas the impact of the transferitumed comparatively small, the two
P calculated from the t-formula signi cantly deviate fror® of the Millennium simulation
when going above = 1000 (see right panel of Fig. 8.1). For more details on thpsctthe

127
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reader is referred to Hilbert et al. (2008). This deviatisoaccurs in the corresponding 2PCF

o
Q
)
i
<
S
o)
—
<
Q
o)
0o
x x
o o
o o
[{e]
OI —
o)
A <
Q
o)
I3
— EB92 — EB92
© -- EH99 < -- EH99
Q@ 4 <+ Millenium Run Q@ 4 -+ Millenium Run
o) )
— T T T T — T T T T T T T T
1e+00 1le+02 le+04 1le+06 5e+02 5e+03 5e+04 5e+05
Fourier mode | Fourier mode |

Figure 8.1: This gure shows three shear power spectra; the two panelg diner in the con-
sidered range of Fourier modes. The dotted line correspomés obtained from the Millennium
Simulation directly, whereas the other two are calculatedfthe tting formula of Smith et al.
(2003), employing the transfer function of Efstathiou e{(#992) (solid) and a dewiggeled ver-
sion of the transfer function of Eisenst&rHu (1999) (dashed).

covariances calculated via (4.3) - (4.8). In Fig. 8.2 we camajthe contour levels of these covari-
ances; the left panel corresponds to the covariance obthiom the tting formula, whereas the
right was calculated from the Millennium simulation sheamer spectrum. For given angular
scales the values of the latter covariance are larger cadparthose of the rst. This eect is
clearly noticeable in the upper panél.(); it also exists folC , C. , butis less signi cant. For
the rest of this chapter, | refer to Gaussian covarianceswsiances calculated via (4.3) - (4.8)
usingP of the Millennium simulation. Non-Gaussian covarianceghis chapter are obtained
via eld-to- eld variation of 128 independent ray-tracingalizations through the Millennium
simulation.

8.2 Gaussian and non-Gaussian covariances

In Sect. 7.1 we outline three possibilities how to obtain+@aussian covariances. First, they
can be estimated from the data directly via eld-to- eld iatron, however this method is in-

appropriate for small surveys. Second, one can employreeyAg simulations, a method we
used in the context of the iterative likelihood analysis &ctS 7.4.3. Third, one can calculate a
Gaussian covariance analytically using the power spectdaachimi et al. 2008) or the 2PCF
(Schneider et al. 2002a). To account for non-Gaussianigytben applies the calibration factor
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Figure 8.2: This gure compares the contour lines of the 2PCF covariamzrices C.. (top),
C (middle),C. (bottom)) when using the tting formula of Smith et al. (2DQ&ft panel) in
the calculation (4.3) - (4.8) and when using the shear povpercgum of the Millennium Run
(right panel). The contours levels are monotonically dasieg, with red marking the lowest
absolute value in the upper row, and the highest absoluteev/idr the lower two rows, respec-

tively. The x-th contour level of left and right panels ammigar, i.e. 6:58 10 1t

1:5%) for

C.+, 46 108=3:5¢for C . Incase ofC, the contours correspond 816 10 8<1:2¥) for

the positive values (solid) and4:7 10 8=5:0* for the negative values (dashed).
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Table 8.1: Comparison of my results for.E( 1; ») to the analysis of Semboloni et al. (2007).

Analysis Functional form
This thesis (12 8.100 0.514
Semboloni et al. (2007) ( 1 ») 16.48 0.56

of Semboloni et al. (2007). This factor was calibrated usengtracing simulations, but only
for the case oC... In the following, we repeat their analysis using the Mil&mm simulation.
More precisely, we derive a non-Gaussian covariance miatn the via eld-to- eld variation
and compare it to a Gaussian covariance obtained from thar glosver spectrum of the Mil-
lennium simulation. Besides the fact that we use the powectspm approach to calculate the
Gaussian 2PCF covariances whereas Semboloni et al. (20pQethe 2PCF directly, there are
two main di erences between both analyses. First, we do not includeshifedependence into
the calibration factor, and second the cosmologies of thdrecing simulations are derent.
The calibration factor is de ned as

Cnon Gaussiar( 1 2)
! .

CGaussiar( 1] 2)

Note that in our derivation we consider a redshift distridmitof source galaxies which has the
functional form of (6.36) with parameters= 0, = 1.5,7, = 0:9. The di erent survey size&
(5.49 ded of Semboloni et al. (2007) compared to 16 tiagre) should not in uence the results
onF ( 1; ») signi cantly, for the reason thaE"o" Gaussiangnd CGaussianghoyld scale similarly
with A.

Figure 8.3 shows the calibration factor for the diagonahtenfC... The result we obtain for
F..(; ) is qualitatively similar to the results in Semboloni et @007) (see Fig. 1 in their
paper). We therefore choose the same parameterizatiomaso®mi et al. (2007); the results
of the t are given in Table 8.1. Although our results & 8:1, = 0:51) deviate from the
corresponding parameters of Semboloni et al. (2007A (6:48, = 0:56) this can be explained
by the di erent cosmologies of the Millennium simulation and the nuoa¢ simulations used
in Semboloni et al. (2007). In particular, their values fo = 0:3 and g = 1:0 are higher
compared to those of the Millennium simulation{ = 0:25 and g = 0:9). This leads to a shear
eld which is more non-Gaussian compared to that of the Mitieim simulation.

We also tried to extend the calibration factor to the andC, sub-matrices of the 2PCF
covariance, however this is more complicated. On small Emgeales= (; ) becomes very
steep which prevents an easy functional form as use€for We already started to analyze
this issue, however we did not succeed nding an appropfiatetional form for the calibration
factor. We plan to examine this in more detail in the future.af improvement over the analytic
calculation of the covariance via (4.3) - (4.8) one can satellGaussian realizations from the
Millennium power spectrum and obtain a covariance via tddeld variation of these realiza-
tions. This would exclude uncertainties in the analyticakdtion.

As a next step, after deriving calibration factora®f andC. , we plan to apply the correction
factor to the adaptive likelihood formalism introduced irapter 7. From Fig. 8.2 we see that the

F (1 2=

(8.1)
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Figure 8.3: This gure shows the non-Gaussian calibration factor foe tiagonal terms of the
2PCF covariancef. ..

structure of a Gaussian covariance obtained through a pgpestrum derived from Smith et al.
(2003) is very similar to that derived frof of the Millennium simulation. This suggests that
applying the correction factor to Gaussian covariancesutaied from an analytic model, is in
principle a valid ansatz. However, one must keep in mindttiatalibration factor is very likely
to be cosmology-dependent. A comparison to the results ofbSoni et al. (2007) already
showed signi cant deviation, which could be explained bg th erent underlying cosmologies
of the ray-tracing simulations. Applying a constant caltimn factor in the adaptive likelihood
formalism is therefore probably not the best approach. lialsoration with AstroGrid we have
access to ray-tracing simulations for 200 cosmologiesenpoecisely 200 dierent combina-
tions of ., and g. We intend to compare the non-Gaussian covariances odthinapplying a
constant( 1; ») to the case of deriving non-Gaussian covariances fronettegstracing simu-
lations.

Ihttp//www.astrogrid.org
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Figure 8.4: This gure shows the impact of non-Gaussianity on the camsts of dark energy
parameters, namely vs. w (bottom panels) and yws. w, (top panels). The left panels
correspond to the result when using Gaussian covariancelstia@ right corresponds to non-
Gaussian covariances.

8.3 Impact of non-Gaussian covariances on parameter esti-
mation

In this section we examine how non-Gaussianitgets the likelihood contours. For the case of
mVS. gwe already illustrated the impactin Fig. 7.8. In the follagrianalysis we also examine
dark energy parameters, namely vs. wp andwg vs. W, (see Fig. 8.4). All likelihood analyses
in this chapter are performed assuming a cosmology-indigpemrovariance in parameter space;
the data vectors are again calculated from an analyticakeinf@d explained e.g. in Sect. 5.2).
In Fig. 8.4 we show the likelihood contours for a 900 #iegrvey (= 0:3, ngy = 15) when
using Gaussian (left panels) and non-Gaussian covarignghspanel). It is interesting to note,
that the contours corresponding @3'sS@are more elongated than the likelihood contours of
Cron Gaussian Hawever, in the latter case the contours are signi cantlyaolened; the parameter
space within the individual credible intervals is largeheTgoal of this section is to relate the
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importance of non-Gaussianity to the angular range of tinsidered 2PCF data vector. In Fig.
8.4 the angular range extends fron2 [0%2 1080]. In the following analysis we constantly
decrease this interval (by cutting dhe small scale data points) and compare the size of the
credible intervals again. From now on we change the sunzytsiA = 3200 deg, in order to
assure that the major part of the credible intervals is en#fi@ considered parameter spaces, i.e.
m 2 [0:15;035]vs. g2[0:8;105], 2[0:73;077]vs.wp2[ 1.5; 0:7],andwp 2 [ 3;2]
vs.W, 2 [ 1:5;0:0]. As a measure for the size of the credible intervals weragse the values of
g (see Sect. 4.2). The results are summarized in Fig. 8.5. jperuow shows the increaseaf
depending on the angular scale at which the data vector4s c(t.,) when using non-Gaussian
covariances, the middle row illustrates the sameat but for non-Gaussian covariances. The

lower panel shows the ratio
anussian

q= Wn; (8.2)
also depending on.. For the case ofyy vs. w, one clearly sees a break in the growth of the
values ofgat o, 8° Thisis due to the fact that the likelihood contours excéedconsidered
parameter space when going above this threshold (see B@n8.8.9). In general one would
expect that the impact of non-Gaussianity becomes lessrtargovhen going to larger scales.
Therefore, we expectedq to approach unity as.; increases. This eect is only noticeable for
the ., vs. gcase; even there itis weak. We assume that trecebecomes more evident
when increasing., even further. The decrease affat ., 8°%is interesting, as it occurs in all
considered parameter spaces. For the case u6. w,, one could explain this behavior by the
fact that a signi cant part of the posterior likelihood isteide the considered parameter space,
however this explanation fails for the other two parametenioinations. The eect might be an
inherent feature of the covariance matrix related to theoghof the survey parameters, however
the e ect also occurred when changing the survey size. We postporage detailed analysis of
this behavior to the future.

8.4 Impact of shot noise on parameter estimation

In this section we perform a similar analysis as in Sect. 83nlow comparing non-Gaussian
covariances with and without shot noise (= 0). This implies that in the latter case only the
cosmic variance term of the covariance contributes. Cpomrding to (8.2) we de ne

nonoise
q

(8.3)

a= qnoise

and examine the dependence of this ratio on the angular etctide considered data vector. The
results are summarized in Fig. 8.6. The left column showsrdral ofq when increasing; for
the case of a noise-free covariance matrix. Again thereisakat o, 8°for the case oy, vs.
W,, for the same reasons as mentioned before. The correspguidis for noisy covariances are
shown in the middle row of Fig. 8.5. As shot noise is only doamihon small angular scales we
again expected g to approach unity when going to highey:. This e ect indeed occurs in the
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Figure 8.5: This gure illustrates the growth of the credible regiongresented through gs)
depending on the angular range of the considered data vectbis range is determined by

«u, More precisely the data vector extends fiogy,  1080]. We consider likelihood analyses
employing Gaussian and non-Gaussian covariances (top asdlerow, respectively) and show
the dependence of the ratia = gtaussiaggnon Gaussiangpy - in the last row.
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right panels of Fig. 8.6 where we see an overall increasgiiiroughout all examined parameter
combinations. Still, the ratio does not become unity bugisédes at 0:6. These results imply
that shot noise has a major impact on parameter constrairgmall scales, and even on scales
above 10it still a ects the parameter constraints signi cantly. For a bethastration of these

e ects we included a selection of contour plots in the nexicect

8.5 Selected contour plots

In this section we show a selection of contour plots whickherillustrate the results presented in
Sects. 8.3 and 8.4 . The three gures in this section cormredpothe three considered parameter
spaces, namely ,, vs. g (Fig. 8.7), vs. wp (Fig. 8.8), andwy vs. w, (Fig. 8.9). The
left column always corresponds to the non-Gaussian noggeebvariance, the middle column is
the noisy non-Gaussian covariance, and the right columwshize results when using a (noisy)
Gaussian covariance.
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ances, respectively.
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Chapter 9

Summary

In my PhD thesis | improve on theoretical aspects relateti¢cestimation of cosmological pa-
rameters with cosmic shear. This involves the optimizadiocosmic shear data vectors, accurate
descriptions of the corresponding covariances, and thiststal methods used in the likelihood
analysis. Furthermore, | applied my theoretical work toncimsshear data. More precisely, |
improve on the most recently developed cosmic shear measameely the ring statistics, and
employ this statistics to constrain cosmological paramsaising data from the Canada-France-
Hawaii Telescope Legacy Survey (CFHTLS).

Chapter 2: Cosmology

In the rst chapter | give an introduction to the basics of mmdogy, explaining the theoretical
framework which describes the evolution of our Universe,dptails of the CDM model, and
the observational pillars on which this model is based. Thepter also contains a brief sum-
mary of the main concepts of structure formation.

Chapter 3: Gravitational lensing and cosmic shear

This chapter contains a summary of the concepts used intgtiavial lensing with the focus on
cosmic shear. In the following | summarize the most impdriaiormation which is required in
this summary.

All second-order statistical information on the shear édcontained in the power spectrum
of the shearR ) or its Fourier transform, the two-point correlation fuoct (2PCF or ). The
shear is a two-component quantity; similar to the decontjposof a vector eld into a curl-free
and divergence-free component, the shear can be decompwsdet and B-modes. Whereas
the rst originate from lensing only (therefore contain ttesmological information), the second
indicate remaining systematics in the data redudsinalysis. The 2PCF cannot separate E- and
B-modes. In contrast, the so-called aperture mass disme(kmgpi ), which measures the amount
of density uctuations within an aperture, is most common$ed to decompose the E- from the
B-mode signal. In practicd&i\/lgpi cannot be measured from the cosmic shear data directly due to
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gaps and holes in the data eld caused by the masking of starsatellite tracks. However, one
can calculatéi\/lgpi from the 2PCF, the latter being immune to these maskiregts. The 2PCF
can be obtained easily from the measured ellipticities efdhserved galaxies and is considered
the basic second-order cosmic shear measure.

Chapter 4. Parameter Estimation

In this chapter | introduce the basic concepts of cosmicrspasmmeter estimation which are
intensively used in the following chapters. | explain thetistical framework using the 2PCF as
a basic quantity and begin the chapter with introducing tR€ER2s estimators and covariances.
| continue the chapter with a description of Baysian methodafer parameters and introduce
the concept of a Fisher matrix. The chapter concludes witmatysis of how the data’s binning

in uences the parameter constraints and which numericatdities can occur when choosing a
too narrow binning.

Chapter 5: Improvement of cosmic shear data vectors

In this chapter | show that, although 2PCF ehMigpi are both ltered versions of the power
spectrum, a data vector of the rst)contains more information oA than a data vector of the
second I@Mgpi ). The reason for this is thatsamples the power spectrum over a much broader
range and also collects information on scales that arerahga the size of the survey. The
data vectonhMgpi lacks this large-scale information, but yields highly ltoed information on
P. NeverthelesshMgpi has other advantages. First, the data points are much |lesdated
compared to the 2PCF data points. This leads to a mainly delgmvariance matrix, which
is numerically stabler during the inversion process in alifood analysis. Second, when con-
sidering higher-order statisticH}/lg’pi is much easier to handle than the three-point correlation
function, and third, the aperture mass dispersion segEatand B-modes. Based on these con-
siderations | develop the combined data vedtqrwhich preserves the advantageshmgpi and
additionally provides large-scale information Bnthrough one data point of the 2PCFE( o)).
Furthermore, the new data vector can be optimized with r#gpehe angular scaled). | com-
pared the three data vectors in a detailed likelihood arsabsd nd that the combined data
vector is a strong improvement ovIeIVI§ I in information content. The combined data vector
N also maintains the other advantages of the aperture masysiign. Its covariance matrix is
almost diagonal, and even the cross termM C(); +( o)) are much smaller compared to the
o -diagonal terms o€ . If B-modes are preseny is clearly less aected by the contamination
compared to . For the latter the parameter constraints are signi canthakened and, even
worse, biased. These results are published in Ei er et 8082).

Chapter 6: Ring statistics

As a second project related to data vectors, | examine tigestatistics, the most recently de-
veloped cosmic shear measure (Schneider & Kilbinger 2007 ring statistics improves on
de cits of commonly used measures to decompose E- and B-s(alg. H\/Iazpi). To calculate
H\/Iazpi properly from the 2PCF, the latter must be measured dowrbitrarily small scales which
is not feasible in practice. As a consequeHvépi su ers from mixing of E- and B-modes on
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small angular scales (Kilbinger et al. 2006). In contrast, ting statistics separates E- and B-
modes properly using the measured 2PCFs, even on smaks seleever, calculating the ring
statistics from the 2PCF involves a lter functioZ (), which has many free parameters and
dependencies, and therefore is dult to obtain. In the original paper the authors consider a
special case of -functions which, once calculated, are held xed indepemd# the consid-
ered scale of the ring statistics. In my thesis | relax thisdition and choose a scale dependent
Iter function which improves the ring statistics' signah comparison of both methods shows,
that the variable Iter function signi cantly improves thgignal strength, in particular on large
scales. Furthermore, | develop a formula to calculate thg statistics' covariance from the
2PCF covariance and use this formula to compare the caoelat data points and the informa-
tion content of ring statistics and aperture mass disperdiond that the ring statistics is less
correlated and therefore has a higher information contEmH\/lgpi . In addition, the ring statis-
tics can be calculated on smaller angular scaleshhﬁg which su ers from EB-mode mixing

on these scales. Finally, | employ the ring statistics tosueaa shear signal from CFHTLS data.
Note that this marks the rst measured shear signal usingitigestatistics. With the obtained
shear signal | constrain cosmological parameters, inquaati g in combination with ,. As

a result we obtain g( »=0:25\*4° = 0:82°0%2. This is comparable to the results of foregoing
cosmic shear analyses which employed the aperture masssimpor the BB-mode correlation
function, e.g. Benjamin et al. (2007) or Fu et al. (2008).

Chapter 7: Improved Likelihood analysis for cosmic shear daa

In addition to data vectors, | intensively worked on cosnhiea covarianceS and their impact
on parameter constraints. In cosmic shear, there are $evetfaods to derive covariances. First,
one can calculat€ analytically assuming a Gaussian shear eld. This asswmnpireaks down
on small angular scales (10 arcmin), where non-linearities of the matter densityl start to be-
come important. Second, covariances can be estimated &ptimacing simulations. Although
computationally more expensive, this method automagi@dtounts for the non-Gaussianity of
the shear eld. In both approaches the covariance is caledilassuming a speci ¢ cosmology,
which must be chosen by the data analyst. Past cosmic shieaartilyses approximate the co-
variance to be constant in parameter space, therefore agkatrthe chosen cosmology does not
in uence the result of a likelihood analysis signi cantly.

In my thesis | show that the covariance matrix depends ngpigikly on its underlying cos-
mology and that this “CDC-eect” signi cantly in uences the likelihood contours of pameter
constraints. To prove this, | calculate 2500 Gaussian cavee matrices for various parameters
of n 2[0:2;04]and g 2 [0:6;10]; all other cosmological parameters are held xed. Even a
change of ,, and g withinthe WMAPS5 68% con dence levels has a non-negligiloigact on
the covariances and the obtained likelihood contours hieantore, | show that the impact of the
CDC-e ect depends on survey parameters and that a proper treatnfidog important in the
future, for large and deep surveys. To account for the cosgyatlependence of covariances |
develop a likelihood analysis with an adaptive covarianegrix. Here,C is calculated from the
cosmological model for which the likelihood is evaluatedr Bmall surveys this method intro-
duces a bias to the best- t parameter set, which vanishes\gbang to larger survey sizes. A



144 Chapter 9. Summary

disadvantage of this approach is its computational cost)eacovariance must be recalculated
at every sampled point in parameter space. Using the aoa&yfiression for Gaussian covari-
ances is already time-consuming, using ray-tracing camags to include the non-Gaussianity
is not feasible with today's computer power. For the Gaussise, | derive a scaling relation
for covariances, which reduces the computational costs santly. An additional e ect is
that the adaptive covariance approach enhances the datstia cosmology. These results are
published in Ei er et al. (2008b).

Chapter 8: Impact of non-Gaussianity and shot noise on likehood contours

The last chapter of my thesis addresses the impact of nosszauicovariances on dark energy
constraints with cosmic shear. | nd that even when restricthe data vector to scales abové 20
non-Gaussianity in uences the parameter constraints andat be neglected. In addition, this
chapter contains an analysis of the impact of shot noise canpeter constraints. As expected,
the impact of shot noise is large if small angular scale§Y are included into the data vector.
Considering only 2PCFs above this angular separation esthe impact of shot noise; however,
even when only considering scales abovestbt noise is non-negligible and contributes to the
error bars signi cantly.



Chapter 10

Outlook

The research projects of this thesis can be continued ametdsd in the future. In particular,
the work of chapter 6 provides a good starting point for ferttesearch, similar to the work of
chapter 7 in combination with chapter 8. | will brie y outenmy future plans in this chapter.

Ring statistics:

The ring statistics is a special case of a general E- and Berdedomposition. | plan to investi-
gate this general decomposition in detail, in particular)lifocus on optimizing the correspond-
ing lIter function with respect to the signal strength an@ thformation content. Furthermore,
| want to apply the ring statistics and the generd¥node statistics to weak lensing data from
space-based observations (e.g. the COSMOS survey), whichoigical extension of my work
with the CFHTLS data. Here, the ring statistics is especiadleful for the following reasons.
The E- and B-mode mixing of the aperture mass dispersiomifjer et al. 2006) mainly occurs
on small scales; the COSMOS analysis of Massey et al. (20athpensates for this issue by
extrapolating the data using a theoretical model. The rtagssics is independent of any the-
oretical assumptions, in addition it provides tighter d¢aaiats on cosmological parameters. |
consider the ring statistics, respectively the genef@hiaode statistics, a candidate for the best
second-order cosmic shear measure.

Cosmic shear covariances:

Currently, covariances are derived from analytic fornsitaulations or from the data itself.
However, there exists another approach, called shrinkagmation, which combines prior
knowledge from theoretical models (contained in a so-dalege? with information obtained
from the data. This ansatz is well known in other sciencediras (Ledoit & Wolf 2004; Schafer
& Strimmer 2005). Recently Pope & Szapudi (2008) applied di¢rive a power spectrum co-
variance for the matter density spectrum.

| want to apply the shrinkage approach to the 2PCF covariahcesmic shear in order to derive
an improved estimator. Second, | want to extend the work @frEit al. (2008b). As outlined
there, an optimal likelihood analysis requires non-Gaussovariances for every pointin param-
eter space where the likelihood is evaluated (adaptiver@nwee). Deriving these covariances
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via ray-tracing is computationally too expensive, suchwdforce approach can only be done
for Gaussian covariances. My idea is to extend the concept atlaptive covariance from Gaus-
sian to non-Gaussian covariances using the shrinkage fisrmaMore precisely, | de ne the
shrinkage target as a Gaussian covariance (which can hdatald for arbitrary cosmology) and
incorporate the non-Gaussianity through the covariantmated from the data. This provides
a method to derive non-Gaussian covariances for arbiti@sgnology, in the next task | explain
how to test the accuracy of this method.

In collaboration with AstroGritl the lensing group at the Argelander-Institut fir Astronem
(University Bonn) has access to ray-tracing simulations2@0 cosmologies, more precisely
200 di erent combinations of ,, and g. | want to derive cosmic shear ray-tracing covariances
from these simulations and compare them to the non-Gauseiariance derived through the
shrinkage approach.

The above two tasks aim to derive precise models for non-€@ugovariances for derent
cosmologies. By comparing these model covariances witlotieeestimated from the data one
can infer information on cosmological parameters. Thishoétsimply replaces the mean data
vector of an “ordinary” likelihood analysis by a covariandeor the reason that non-Gaussian
covariances are sensitive to higher-order informatiorhefghear eld, we can use this ansatz
to incorporate this higher-order information into a likedod analysis. The nal goal is a joint
likelihood formalism for mean data vector and estimatechcawnce. The main diculty in this
ansatz is that one has to derive a covariance for covariakioegever, the mathematical formal-
ism for this already exists (Basser & Pajevic 2002, 2007)s hard to predict how much this
ansatz can improve parameter constraints; Kilbinger & Suter (2005) have shown that the
inclusion of higher-order information can substantialhjhance the parameter constraints, e.g.
by a factor of two for the parameter combinatiop and s.

Combining information from di  erent cosmological probes:

Combining information from dierent cosmological probes in a joint likelihood analysgng
icantly improves the parameter constraints. In partictdafuture dark energy studies a com-
bination of Planck data with cosmic shear data (e.g. JDEMJi&uis fruitful, as the CMB is
sensitive taearly dark energy model(®oran et al. 2001), whereas cosmic shear is very sensitive
to dark energy in the late Universe.

Although the concept of a joint likelihood analysis is wilewn in cosmology (e.g. Komatsu
et al. 2008; Kilbinger et al. 2008), the currently used mdgweglect cross-correlations between
the individual cosmological probes, assuming them to bepeddent. This assumption can be
true for some cases of cosmological probes; if so, the qooreding likelihood analyses can be
performed independently, and later combined via Bayesrémeowhere the result of the rst
likelihood analysis enters as prior information into them® likelihood analysis. For the case
of cosmic shear and CMB data this assumption clearly fasisha CMB is lensed by the large-
scale structure. | want to develop a joint covariance mathich also contains cross-correlations
of CMB and cosmic shear data. These cross-terms quantifynioeint of CMB lensing between
the redshift of the cosmic shear source galaxies and thexays&stimators for CMB lensing are

Ihttp//www.astrogrid.org
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intensively discussed in the literature (e.g. Hu 2002; tdi& Seljak 2003a,b); they are mainly
based on the CMB observabl&s E, B and therefore account for CMB lensing fram= 1100
until today. Recently, Marian & Bernstein (2007) constagtan estimator for the CMB lensing
potential using the weak lensing signal of foreground gakx This estimator, originally de-
signed to delens the CMB polarization map, can be employedltulate the CMB lensing in
the required redshift range yielding the desired crossgerAfter incorporating the full covari-
ance matrix into a likelihood analysis, | want to test thistimoel on simulated and, if possible,
on real data.

Furthermore, the eld of CMB lensing itself ers many research opportunities (see Lewis &
Challinor 2006,for a review). Its sensitivity to the mattemsity eld at intermediate redshifts,
which are inaccessible to e.g. cosmic shear surveys, itediba scienti ¢ potential. In addi-
tion, the CMB is unaected from non-linear structure growth and has a preciseyvk redshift.
Recently, there has been strong evidence for a detectioM& IEnsing (Smith et al. 2007; Hi-
rata et al. 2008). With upcoming Planck data (higher regmiytower noise) CMB lensing can
progress to a “competitive” cosmological probe. Equallgrasting is the question how to re-
move lensing contaminations from CMB data properly in otderonstrain primordial B-modes
in the CMB polarization map. Their detection would stronglypport the theory of in ation;
from the amplitude of the B-modes one can even infer infolonatn in ation's energy scale.
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Appendix A

Comparison of two measures

We compare the information content of two arbitrary datamecreferring to them as primary
data vectomp and secondary data vectarWe further assume thatcan be calculated frorp by
atransfer matrixA (dimensiom m), with arbitraryn andm

P1 $1

p= p2 and s= sz with s=A p: (A1)

m

We de ne the covariance matrices of these data vectors as
D E
C, = P p)t A.2
p D(p P(p p)E (A.2)
Cs = (s 9 9 ; (A.3)

where p (5 denotes the estimated amd(s) the true values of primary (secondary) measure.
Using (A.1) we can relate both covariances through

Cs=AC,A": (A.4)

The transformation matriA has to be of ranld = n, otherwise the covariance matrix of the
secondary data vect@s = (AC,A") is singular and not invertible. Furthermore, Aass of
dimension i m), rankA mimplyingn m. We take the 2-functions a measure for the
information content

5= ,C,t and  Z= (C' §; (A.5)

P
whereinourcase, = p p ( s=§ s)denotes the dierence between the ducial data
vector pf () and the data vectqn (s ) depending on the parameter vectorf 2 is minimal,
the posterior likelihood of the correspondindpeing the correct parameter vector is maximized.
The di erence betweens and 2 characterizes which probability function has a larger atue,

i.e. which data vector gives tighter constraints in par@mspace. Therefore the information
content of primary and secondary data vectors can be coohpgrealculating

1
5 2= ,Clt oy LA ACA' A (A.6)
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for arbitrary ,. In case this dierence is always positive, we can conclude that the primatiyy d
vector gives tighter constraints on parameters. We canyalwal transformation matrice¥
(dimensiorm m) andU (dimensiom n) to rewrite the transfer matri& as am m matrix

E.|0 =S=UAV?! 1 A=U1sv: (A.7)

We can directly calculate these transformation matricea amultiplication of elementary ma-
trices (Fischer 1997a). Inserting (A.7) into (A.6), andeaffome lengthy but straightforward
calculation we derive,

2 2z Qo1 0 0g g8 ‘g O (A.8)
with
c’=vC,V' and 0=V g (A.9)
For simpler notation we discard alP* later on. We de ne
1
ci=g" Czé N N DZE (A.10)
C,|Cs D | D3

with C; being am n matrix and calculate

1
s scs 's=H% Oé: (A.11)
0o

Using (A.10) and (A.11) we can rewrite (A.8) as

D Cl‘D
2 gzgil ! 2ép; (A.12)

D, |Ds
FromCD = E,, we deduce
C;D;+C,DL=E, ! D; C'= C,'C,D} (A.13)
and
Ci:D,+C;D3=0"! C,= C;D,D;%: (A.14)

Inserting (A.14) into (A.13) we can rewrite (A.12) as

D,D..1Dt Dzé
2 2= ;i 3 2 o (A.15)
D, |Ds
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The matrixC is positive de nite and symmetric, therefoB as a submatrix is positive de nite
and symmetric, and the inverBg* also has these favorable properties (Anderson 2003). Hence
we can decompod®; = LL ' and nish our calculation as follows

n 1
2 2 - ;)E)DZ(L) EL oYL, (A.16)
L | {z" }
T
= T,
= T P
0 (A.17)

We now examine the case Wher? 2 = 0. The information content of primary and secondary
measures is considered to be equal if and only if this equlatitds forall data vectors . If
there is only one , for which g 2 > 0, the primary measure contains more information. The
di erence between the twd-values is given by (A.6). In case it is zero for a}),

1
C,t=A" AC A" A (A.18)

must hold (Fischer 1997b). The mati@, is of rankm, hence the lefthandside of (A.18) must
also have rankn. ThenA must have ranknand is therefore a quadratic m matrix, which is
of course invertible. This result is intuitively clear, ifie is able to calculates from , and vice
versa the information content should be the same. We can aumarthe results of the above
calculation in two statements:

1. If a secondary measure can be calculated from a primaryrogitex A as described in
(A.1), the secondary measure has less or equal information.

2. The amount of information is equal in case the rankAogquals the dimension of the
primary data vectom() implying thatA is invertible.
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Appendix B

Fit-coe cients for the linear term of the
2PCF covariance
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Table B.1: The t-coe cients for the linear term of th€... covariance. For each bin the upper value corresponds,ttine lower
to . The maximum standard error of the tis smaller than 0.04 % fosmaller than 0.02% for. In most cases the standard

erroris 0.02% for and 0.01 % for .

[#,;[arcmin][| 1.0 || 49 [ 103 || 15.7 || 33.0 || 454 || 69.3 || 85.7 || 106.0] 131.0 || 162.0 ] 180.0|
1.1892] 1.3888][ 1.4163[ 1.4212] 1.4485] 1.4726]] 1.5186( 1.5485][ 1.5841] 1.6262 || 1.6768] 1.7063

1.0 2.689 || 2.4905] 2.1437( 2.0102|| 1.9220] 1.9198|| 1.9322| 1.9418]| 1.9522| 1.9627 || 1.9734] 1.9781
1.3888][ 1.2955] 1.4126] 1.4214]] 1.4483[] 1.4723]] 1.5183] 1.5483[ 1.5838] 1.6260 || 1.6767] 1.7061

4.9 2.4905| 2.5137|[ 2.1993| 2.0283]| 1.9232| 1.9201| 1.9322[ 1.9417|| 1.9520| 1.9628 | 1.9731| 1.9782
1.4163[[ 1.4126][ 1.3243[] 1.4190|| 1.4476[ 1.4712][ 1.5173] 1.5474] 1.5830] 1.6253 | 1.6761[ 1.7055

10.3 2.1437|[ 2.1993|[ 2.3725| 2.1168] 1.9283| 1.9210|| 1.9319| 1.9414] 1.9518| 1.9625 || 1.9729| 1.9781
1.4212][ 1.4214]] 1.4190]] 1.3395|] 1.4465] 1.4695]] 1.5156( 1.5458][ 1.5816] 1.6240 || 1.6750] 1.7045

15.7 2.0102| 2.0283|[ 2.1168]| 2.3110]| 1.9401| 1.9230| 1.9314[ 1.9408|| 1.9513| 1.9621 || 1.9728| 1.9778
1.4493[[ 1.4483[] 1.4476] 1.4465] 1.3677|] 1.4607|[ 1.5055] 1.5365| 1.5733] 1.6166 || 1.6684] 1.6982

33.0 1.9222|[ 1.9232[| 1.9283]| 1.9401] 2.2460|| 1.9614| 1.9301[ 1.9377|| 1.9484]| 1.9598 || 1.9710| 1.9765
1.4726| 1.4723[] 1.4712[] 1.4695] 1.4607] 1.3802] 1.4944] 1.5259] 1.5637|] 1.6082 || 1.6609] 1.6911

45.4 1.9198|| 1.9201]| 1.9210] 1.9230|| 1.9614( 2.2323|[ 1.9340] 1.9351| 1.9451] 1.9571 | 1.9691| 1.9749
1.5186][ 1.5183[[ 1.5173][ 1.5156(] 1.5055(] 1.4944]] 1.396 || 1.4976| 1.5370]] 1.5845 || 1.6399] 1.6712

69.3 1.9322| 1.9322[| 1.9319]| 1.9314 1.9301|| 1.9334| 2.2234][ 1.9491|| 1.9381|| 1.9496 | 1.9634| 1.9701
1.5485] 1.5483]] 1.5474] 1.5458]] 1.5365[] 1.5259] 1.4976] 1.4023[ 1.5135] 1.5629 || 1.6208] 1.6532

85.7 1.9418|[ 1.9417|| 1.9414 1.9408] 1.9377|| 1.9351| 1.9491] 2.2219][ 1.9433| 1.943 | 1.9580| 1.9655
1.5841] 1.5838][ 1.5830[] 1.5816( 1.5733]] 1.5637|] 1.5370[] 1.5135| 1.4078]] 1.5308 || 1.5922[ 1.6264

106.6 | 1.9522[| 1.9520| 1.9518| 1.9513| 1.9484| 1.9451| 1.9381[ 1.9433| 2.2218]| 1.94082|| 1.9497|| 1.9583
1.6262][ 1.6260] 1.6253] 1.6240] 1.6166] 1.6082[[ 1.5845] 1.5629] 1.5308] 1.4120 || 1.5496[ 1.5864

131.0 1.9627|| 1.9628|| 1.9625/| 1.9621| 1.9598|| 1.9571| 1.9496| 1.9433|[ 1.9408|| 2.2226 || 1.9409| 1.9473
1.6768][ 1.6767|] 1.6761[ 1.6750] 1.6684] 1.6609]] 1.6399] 1.6208][ 1.5922[] 1.5496 || 1.4148[ 1.5279

162.0 | 1.9734] 1.9731| 1.9729| 1.9728|[ 1.9710]| 1.9691| 1.9634] 1.9580| 1.9497|| 1.9409 || 2.2242]| 1.9495
1.7063][ 1.7061]] 1.7055( 1.7045] 1.6982[ 1.6911]] 1.6712[ 1.6532][ 1.6264]] 1.5864 || 1.5279[ 1.4157

180.0 1.9781|[ 1.9782[| 1.9781]| 1.9778]| 1.9765| 1.9749( 1.9701|| 1.9655|| 1.9583|| 1.9473] 1.9495| 2.225




Table B.2: The t-coe cients for the linear term of thé

covariance. For each bin the upper value corresponds,ttine lower
to . The maximum standard error of the tis smaller than 0.04 % fosmaller than 0.02% for . In most cases the standard
erroris 0.02 % for and 0.01 % for .

|#j[arcmin]] 1.0 || 49 | 103 | 157 || 33.0 | 45.4 || 69.3 || 85.7 || 106.0 | 131.0 [ 162.0 || 180.0
0.8146 || 1.1532] 1.331 | 1.4036][ 0.6502[ 0.7446] 0.6435[ 1.4427][ 0.8483[[ 1.115 || 0.900 [ 0.8539

1.0 2.3102 || 2.9769 | 3.1407 | 3.0122[ 1.4087]| 1.5601| 0.7488|| 4.3083| 2.0481]| 5.0329| 1.8159]|| 2.6019
1.1532 0.9987 || 1.3058] 1.3935] 1.3981] 1.3473[] 0.6796] 1.1596] 1.1655] 1.1080] 1.1260] 1.063

4.9 2.9769 || 2.5973 | 3.1406 || 2.9523|[ 2.2487]| 2.0178| 3.0619]|| 2.5425| 3.0956|| 3.9419| 3.3497|| 3.2596
1.3307|[ 1.3058 1.0946 || 1.3548][[ 1.4015[ 1.375 || 1.3997] 1.4481[ 1.3982[ 0.6967] 1.2972[ 1.1362

10.3 3.1407 || 3.1406 | 2.777 | 3.0472] 2.280 || 2.053 || 1.8821| 1.708 | 1.9703|| 6.7254| 3.6954] 7.0468
1.4036 || 1.3935] 1.3548 | 1.1431][[ 1.4052[ 1.3816| 1.3711] 1.3803[] 1.3884( 1.3681] 1.4430] 1.4899

15.7 3.0122 || 2.9523] 3.0472 | 2.8242]| 2.3463]| 2.0730]| 1.9219| 1.8869]|| 1.8507| 2.1066]| 1.8902| 0.8581
0.6519 [ 1.3981 [ 1.4015 ][ 1.4052[ 1.2103][ 1.3983][[ 1.3711]] 1.3728] 1.3832[[ 1.4006]| 1.4284] 1.4404

33.0 1.4122 || 2.2487| 2.280 | 2.3463[ 2.7801| 2.2915|| 1.9407]| 1.8973| 1.8868| 1.898 || 1.8862| 1.9033
0.7447 || 1.3473] 1.3750] 1.3816( 1.3983][ 1.2321]] 1.3761]] 1.3724] 1.3813] 1.40 || 1.4244] 1.4405

45.4 1.5601 || 2.0178 || 2.0530 | 2.0730]| 2.2915| 2.7192( 1.9933|| 1.910 || 1.8879]| 1.8913| 1.9095| 1.9213
0.64346[[ 0.67964] 1.3997 || 1.3711]] 1.3711[] 1.3761]] 1.2562[ 1.3808] 1.3775]] 1.3931[ 1.4193[ 1.4355

69.3 0.7488 || 3.0619] 1.8821 | 1.9219] 1.9407|| 1.9933|| 2.6167| 2.0248|| 1.9049| 1.8889]| 1.8982| 1.9059
1.4427 || 1.1596 || 1.4481] 1.3803] 1.3728] 1.3724] 1.3808][[ 1.2668] 1.3793] 1.3878[ 1.4133][ 1.4298

85.7 4.3084 || 2.5425 || 1.70801 1.8869| 1.8973|| 1.910 || 2.0248| 2.5626| 1.961 || 1.8931| 1.8964]| 1.9045
0.8482 [ 1.1655] 1.3982 ] 1.3884( 1.3832([ 1.3813][ 1.3775|] 1.3793[] 1.2770] 1.3833][ 1.4045[ 1.4211

106.6 2.0481 || 3.0956 | 1.9703 1.8507| 1.8868]| 1.8879| 1.9050| 1.961 || 2.5101|| 1.9236|| 1.8944/ 1.9005
1.1150 || 1.1080 || 0.69672] 1.3681] 1.4006( 1.3995[ 1.3931[[ 1.3878] 1.3833][ 1.2871[ 1.3931] 1.4081

131.0 5.0329 || 3.9419 6.7254 [ 2.1067| 1.898 || 1.8913| 1.8889|| 1.8930|| 1.9237]| 2.4610|| 1.9060| 1.8975
0.90 || 1.1260 ] 1.2972 1.4430] 1.4284] 1.4244] 1.4193] 1.4133[] 1.4045] 1.3931]] 1.2973] 1.3944

162.0 1.8159 || 3.3497 || 3.6954 || 1.8902| 1.8862| 1.9095| 1.8982| 1.8964] 1.8944| 1.9060| 2.4166/| 1.9428
0.8539 [ 1.063 [| 1.1362 ] 1.4899( 1.4404] 1.4405] 1.4354]] 1.4298] 1.4211] 1.4081]] 1.3944( 1.3025

180.0 2.6019 | 3.2596 | 7.0468 || 0.8581]| 1.9033| 1.9213]| 1.906 || 1.9045|| 1.9005|| 1.8975|| 1.943 |/ 2.3965

GaT
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Table B.3: The t-coe cients for the linear term of th€,. covariance. For each bin the upper value corresponds,ttine lower
to . In contrast toC,. andC
standard error is still below 0.1% for both and , however there are outliers (marked in red) where the stasheéaror exceeds

1%.

the standard error here is higher and the t is less accuraker most of the coecients the

[#.farcmin] [ 1.0 || 49 || 10.3 [ 157 || 33.0 || 45.4 || 69.3 || 85.7 || 106.0 | 131.0[ 162.0 ] 180.0]
0.9198| 1.0776] 1.2039] 1.2690] 1.3444| 1.3588[ 1.3680]|] 1.3720] 1.3776| 1.3857|] 1.3968]| 1.4036

1.0 2.1759| 2.7594]| 2.9587] 2.9510]| 2.6699| 2.4892| 2.2673|[ 2.1796|| 2.1105| 2.0591/| 2.0232[[ 2.0098
0.7385[[ 1.8641] 1.2002] 1.2616] 1.3433[] 1.3585]] 1.368 || 1.3721]] 1.3776| 1.3857]| 1.3968][ 1.4036

4.9 2.1639| 4.6092|| 2.8784] 2.9351|| 2.6728| 2.4916| 2.2684(| 2.1802[| 2.1109| 2.0594/| 2.0232[[ 2.0099
1.1172]] 1.0939]] 0.3245] 1.2212[ 1.3388][ 1.3572] 1.3679] 1.3729] 1.3777]] 1.3857] 1.3968] 1.4036

10.3 3.3921| 3.2594| 1.5224] 3.0572|| 2.6790| 2.4998| 2.2725|| 2.1827|| 2.1123| 2.0601|| 2.0236/[ 2.0102
1.0298][ 1.2851]] 1.2017[ 0.7253] 1.3241] 1.3544] 1.3678] 1.3721[ 1.3777|[ 1.3857] 1.3968] 1.4036

15.7 3.9545| 3.7686|| 3.5351 | 2.2997| 2.6384| 2.5113| 2.2797]| 2.1871| 2.1147|| 2.0614| 2.0243]| 2.0106
0.7624] 1.5316] 1.4728] 1.4719]] 0.9712] 1.3427] 1.3660] 1.3730] 1.3785] 1.3861]] 1.3968] 1.4035

33.0 1.5130|| 3.5641]| 3.7076 || 3.7696| 2.8402| 2.7344|| 2.321 || 2.2166| 2.1312|| 2.0699] 2.0284|| 2.0135
0.7845| 1.0214]] 1.3619] 1.4555] 1.4584] 1.0303( 1.3650][ 1.3824] 1.3810] 1.3871[ 1.3970] 1.4034

45.4 1.5519|| 2.2561|| 3.0393] 3.1508]| 3.6129|| 2.9527|| 2.4350|| 2.2705|| 2.1564/| 2.0818]| 2.0340|| 2.0173
0.5863[ 0.9360] -5.4805][ 1.3951] 1.3855] 1.4222[ 1.0895] 1.3595] 1.3635] 1.4203]] 1.4007]| 1.4049

69.3 0.6329| 2.6217|| 5.1207] 2.3331]| 2.4026| 2.6896| 3.0243| 2.4258]| 2.1906| 2.1918|| 2.0579] 2.0318
1.1916]] 1.0523]] 0.8196 || 1.4040] 1.3075] 1.3291] 1.4146] 1.1132] 1.3654] 1.3648] 1.4387] 1.4129

85.7 3.7856| 2.9128|| 3.4400] 1.9722] 2.0450| 2.1320| 2.7362|| 3.0278]| 2.3185|| 2.1055| 2.1568|| 2.060
0.8716|[ 1.0998[] 1.4396 | 1.3243[[ 1.2660]] 1.2710] 1.3063][ 1.3641]] 1.1337| 1.3707] 1.3699] 1.3430

106.6 |/ 2.0595| 3.5045| 2.8142 0.8366| 1.8996| 1.9017|| 2.040 | 2.3663|| 3.0103|| 2.2253]| 2.0447| 1.9414
1.1017]] 1.1333]] 1.1835] 1.1471] 1.2451]] 1.2547] 1.2624] 1.2748] 1.3179]] 1.1518] 1.3768] 1.3791

131.0 | 4.6080]| 3.7127| 3.7228] 3.1046| 1.9377|| 1.8477|| 1.8426| 1.8956| 2.0997| 2.9732|| 2.1490|| 2.0619
0.8894] 1.1091[] 1.2446] 1.4713]] 1.2692] 1.2635] 1.2663]] 1.2652] 1.2674] 1.2897] 1.1679] 1.3794

162.0 | 1.8539] 3.4068| 4.2135] 1.9034|| 1.6319]| 1.9126|| 1.8088| 1.8213| 1.8395| 1.9450|| 2.9192| 2.2337
1.0537]] 1.0673]] 1.3307 || 1.2411]] 1.2369] 1.2882[[ 1.2774] 1.2751] 1.2713]] 1.2731] 1.3207]] 1.1755

180.0 | 2.5585]| 3.1909| 5.2090] 5.6088| 1.7140]| 1.9389|| 1.8113| 1.8261| 1.8255| 1.8484| 2.1093| 2.8872




Bibliography

Adelman-McCarthy, J. K., Agueros, M. A., Allam, S. S., et2008, ApJS, 175, 297
Albrecht, A., Bernstein, G., Cahn, R., et al. 2006, astr3p09591
Allen, S. W., Rapetti, D. A., Schmidt, R. W, et al. 2008, MNBA383, 879

Anderson, T. W. 2003, An Introduction to Multivariate Sstical Analysis (Wiley-Interscience),
623624

Astier, P., Guy, J., Regnault, N., et al. 2006, A&A, 447, 31

Bacon, D., Refregier, A., & Ellis, R. 2000, MNRAS, 318, 625

Bacon, D. J., Massey, R. J., Refregier, A. R., & Ellis, R. D2AMMNRAS, 344, 673
Bartelmann, M. & Schneider, P. 2001, Phys. Rep., 340, 291

Basser, P. J. & Pajevic, S. 2002, in ISBI, 927-930

Basser, P. J. & Pajevic, S. 2007, Signal Process., 87, 220

Bekenstein, J. D. 2004, astro/p#12652

Benjamin, J., Heymans, C., Semboloni, E., et al. 2007, MNR#&3, 702

Bennett, C. L., Halpern, M., Hinshaw, G., et al. 2003, ApJ&, 11

Bernardeau, F. 1998, A&A, 338, 375

Bernardeau, F., Colombi, S., Gaztanaga, E., & Scoccimir@002, Phys. Rep., 367, 1
Bridle, S., Shawe-Taylor, J., Amara, A., et al. 2008, ar892.1214B

Brown, M. L., Taylor, A. N., Bacon, D. J., et al. 2003, MNRAS!13 100

Buchert, T. 2008, General Relativity and Gravitation, 487 4

Burke, W. L. 1981, ApJ, 244, |4

Carroll, S. M., Press, W. H., & Turner, E. L. 1992, ARA&A, 3%

157



158 Bibliography

Chang, T.-C., Refregier, A., & Helfand, D. J. 2004, ApJ, 6194

Clarkson, C., Bassett, B., & Lu, T. H.-C. 2008, Physical RevLetters, 101, 011301
Clowe, D., Bradac, M., Gonzalez, A. H., et al. 2006, ApJ, 84809

Cole, S., Percival, W. J., Peacock, J. A., et al. 2005, MNR#&2, 505
Cooray, A. & Sheth, R. 2002, Phys. Rep., 372, 1

Crittenden, R. G., Natarajan, P., Pen, U.-L., & Theuns, D12®@pJ, 559, 552
Crittenden, R. G., Natarajan, P., Pen, U.-L., & Theuns, D2®@pJ, 568, 20
Dodelson, S. 2003, Modern Cosmology (Elsevier), 180

Doran, M., Lilley, M., Schwindt, J., & Wetterich, C. 2001, 4559, 501
Efstathiou, G., Bond, J. R., & White, S. D. M. 1992, MNRAS, 238

Ei er, T., Kilbinger, M., & Schneider, P. 2008a, A&A, 482, 9

Ei er, T., Schneider, P., & Hartlap, J. 2008b, arXivO8104E

Eisenstein, D. J. & Hu, W. 1999, ApJ, 511, 5

Eisenstein, D. J., Zehavi, I., Hogg, D. W., et al. 2005, A[3B,660

Evrard, A. E., MacFarland, T. J., Couchman, H. M. P., et d0Z2®pJ, 573, 7
Felten, J. E. & Isaacman, R. 1986, Reviews of Modern PhyS&,5%89
Fischer, G. 1997a, Lineare Algebra (Vieweg), 161

Fischer, G. 1997b, Lineare Algebra (Vieweg), 276

Freedman, W. L., Madore, B. F., Gibson, B. K., et al. 2001,,A53B, 47

Fu, L., Semboloni, E., Hoekstra, H., et al. 2008, A&A, 479, 9

Gaztanaga, E., Cabre, A., Castander, F., Crocce, M., & BasBl 2008a, arXiv0807.2448G
Gaztanaga, E., Cabre, A., & Hui, L. 2008b, arXiv0807.3551

Gelman, A., Carlin, J., Stern, H., & Rubin, D. 2004, Bayesizeta Analysis (Chapman &
Hall/CRC)

Guth, A. H. 1981, Phys. Rev. D, 23, 347
Hamana, T., Miyazaki, S., Shimasaku, K., et al. 2003, ApJ, 58



Bibliography 159

Hamilton, A. J. S., Kumar, P., Lu, E., & Matthews, A. 1991, ABJ4, L1
Hartlap, J., Simon, P., & Schneider, P. 2007, A&A, 464, 399

Heavens, A., Refregier, A., & Heymans, C. 2000, MNRAS, 3148 6

Henry, J. P. 2004, ApJ, 609, 603

Hetterscheidt, M., Simon, P., Schirmer, M., et al. 2007, A&&8, 859
Heymans, C., Brown, M., Heavens, A., et al. 2004, MNRAS, 395
Heymans, C., Brown, M. L., Barden, M., et al. 2005, MNRAS, 3630
Heymans, C., Van Waerbeke, L., Bacon, D., et al. 2006, MNR3¥6B, 1323
Hilbert, S., Hartlap, J., White, S. D. M., & Schneider, P. 808rXiv0809.5035H
Hinshaw, G., Spergel, D. N., Verde, L., et al. 2003, ApJS,, 185

Hirata, C. M., Ho, S., Padmanabhan, N., Seljak, U., & Bah®&llA. 2008, Phys. Rev. D, 78,
043520

Hirata, C. M. & Seljak, U. 2003a, Phys. Rev. D, 67, 043001
Hirata, C. M. & Seljak, U. 2003b, Phys. Rev. D, 68, 083002
Hirata, C. M. & Seljak, U. 2004, Phys. Rev. D, 70, 063526
Hoekstra, H., Mellier, Y., van Waerbeke, L., et al. 2006, Apd7, 116

Hoekstra, H., van Waerbeke, L., Gladders, M. D., Mellier,&Yee, H. K. C. 2002a, ApJ, 577,
604

Hoekstra, H., Yee, H. K. C., & Gladders, M. D. 2002b, ApJ, 5595

Hu, W. 2002, Phys. Rev. D, 65, 023003

Hu, W. & Dodelson, S. 2002, ARA&A, 40, 171

Hubble, E. 1929, Proceedings of the National Academy ofr®eiel5, 168
Huetsi, G. 2005, astro-pdb07678

Jain, B., Seljak, U., & White, S. 2000, ApJ, 530, 547

Jarvis, M., Bernstein, G. M., Fischer, P., et al. 2003, Aj,11D14

Jarvis, M., Jain, B., Bernstein, G., & Dolney, D. 2006, Apd4671
Jenkins, A., Frenk, C. S., White, S. D. M., et al. 2001a, MNRBZ&L, 372



160 Bibliography

Jenkins, A., Frenk, C. S., White, S. D. M., et al. 2001b, MNRA31, 372

Jing, Y. P. 2002, MNRAS, 335, L89

Joachimi, B. & Schneider, P. 2008, A&A, 488, 829

Joachimi, B., Schneider, P., & Ei er, T. 2008, A&A, 477, 43

Kaiser, N. 1992, ApJ, 388, 272

Kaiser, N. 1994, in Clusters of Galaxies, ed. F. Durret, Azhte, & J. Tran Thanh van, 269—
Kaiser, N. 1998, ApJ, 498, 26

Kaiser, N., Wilson, G., & Luppino, G. A. 2000, astro-phO0G8&

Kendall, M. & Stuart, A. 1979, The Advanced Theory of Statis{Charles Gri n & Company
Limited)

Kilbinger, M., Benabed, K., Guy, J., et al. 2008, arXivO&IRIK
Kilbinger, M. & Munshi, D. 2006, MNRAS, 366, 983

Kilbinger, M. & Schneider, P. 2004, A&A, 413, 465

Kilbinger, M. & Schneider, P. 2005, A&A, 442, 69

Kilbinger, M., Schneider, P., & Ei er, T. 2006, A&A, 457, 15
King, L. J. & Schneider, P. 2003, A&A, 398, 23

Knop, R. A., Aldering, G., Amanullah, R., et al. 2003, ApJ35202

Kochanek, C. S. & Schechter, P. L. 2004, in Measuring and Mogl¢he Universe, ed. W. L.
Freedman, 114

Komatsu, E., Dunkley, J., Nolta, M. R., et al. 2008, arXive&b47K
Kravtsov, A. V., Vikhlinin, A., & Nagai, D. 2006, ApJ, 650, 82
Kuznetsova, N., Barbary, K., Connolly, B., et al. 2008, ApJ3, 981
Ledoit, O. & Wolf, M. 2004, Journal of Multivariate Analysi88, 365
Lewis, A. & Challinor, A. 2006, Phys. Rep., 429, 1

Linde, A. D. 1982, Physics Letters B, 108, 389

Linder, E. V. 2003, Physical Review Letters, 90, 091301



Bibliography 161

Loredo, T. 1990, From Laplace to Supernovae SN 1987A: Bayedsiference in Astrophysics
(Kluiver Academic Publishers), 81-142

Mandelbaum, R., Hirata, C. M., Ishak, M., Seljak, U., & Bnm&nn, J. 2006, MNRAS, 367, 611
Mantz, A., Allen, S. W., Ebeling, H., & Rapetti, D. 2008, MNF&A387, 1179

Maoli, R., Van Waerbeke, L., Mellier, Y., et al. 2001, A&A, 86766

Marian, L. & Bernstein, G. M. 2007, Phys. Rev. D, 76, 123009

Massey, R., Heymans, C., Bergg, J., et al. 2007a, MNRAS, B¥6

Massey, R., Refregier, A., Bacon, D. J., Ellis, R., & Brown, M 2005, MNRAS, 359, 1277
Massey, R., Rhodes, J., Leauthaud, A., et al. 2007b, Ap.25,28P

Ménard, B., Hamana, T., Bartelmann, M., & Yoshida, N. 2088A, 403, 817

Pan, J., Coles, P., & Szapudi, I. 2007, MNRAS, 382, 1460

Peacock, J. 1999, Cosmological Physics (Cambridge Uriiyéteess)

Peacock, J. A. & Dodds, S. J. 1994, MNRAS, 267, 1020

Peacock, J. A. & Dodds, S. J. 1996, MNRAS, 280, L19

Peacock, J. A., Schneider, P., Efstathiou, G., et al. 2088-ESO Working Group, Report Nr.
3 "Fundamental Cosmology”, (ESA)

Penzias, A. A. & Wilson, R. W. 1965, ApJ, 142, 419

Percival, W. J., Cole, S., Eisenstein, D. J., et al. 2007, MSR381, 1053
Perlmutter, S., Aldering, G., Goldhaber, G., et al. 1999) A17, 565
Pope, A. C. & Szapudi, I. 2008, MNRAS, 389, 766

Press, W., Teukolsky, S., Vetterling, W., & Flannery, B. 298lumerical Recipes in C (Cam-
bridge University Press)

Press, W. H. & Schechter, P. 1974, ApJ, 187, 425

Refregier, A., Rhodes, J., & Groth, E. J. 2002, ApJ, 572, L131
Rhodes, J., Refregier, A., & Groth, E. J. 2001, ApJ, 552, L85
Riess, A. G., Filippenko, A. V., Challis, P., et al. 1998, Al6, 1009
Riess, A. G., Li, W., Stetson, P. B., et al. 2005, ApJ, 627, 579



162 Bibliography

Riess, A. G., Strolger, L.-G., Casertano, S., et al. 2007, 8p9, 98
Riess, A. G., Strolger, L.-G., Tonry, J., et al. 2004, ApJ7 6865
Sachs, R. K. & Wolfe, A. M. 1967, ApJ, 147,73

Sanchez, A. G. & Cole, S. 2008, MNRAS, 385, 830

Schafer, J. & Strimmer, K. 2005, Statistical Applicationgsenetics and Molecular Biology, 4,
Article 32

Schneider, P. 1996, MNRAS, 283, 837

Schneider, P. 2006, Einfuhrung in die extragalaktischeodh®mie und Kosmologie (Springer
Science Business Media)

Schneider, P. 2008, Cosmology lecture notes: UniversiBaom
Schneider, P. & Kilbinger, M. 2007, A&A, 462, 841
Schneider, P., Kilbinger, M., & Lombardi, M. 2005, A&A, 439,

Schneider, P., Kochanek, C. S., & Wambsganss, J. 2006, t&tiavial Lensing: Strong, Weak
and Micro (Springer-Verlag Berlin)

Schneider, P., van Waerbeke, L., Jain, B., & Kruse, G. 1998RWAS, 296, 873
Schneider, P., van Waerbeke, L., Kilbinger, M., & Mellier,2002a, A&A, 396, 1
Schneider, P., van Waerbeke, L., & Mellier, Y. 2002b, A&ARBF29
Schrabback, T., Erben, T., Simon, P., et al. 2007, A&A, 4&3 8

Schramm, T. & Kayser, R. 1995, A&A, 299, 1

Scoccimarro, R. & Couchman, H. M. P. 2001, MNRAS, 325, 1312
Scoccimarro, R. & Frieman, J. A. 1999, ApJ, 520, 35

Seitz, C. & Schneider, P. 1995, A&A, 297, 287

Seitz, C. & Schneider, P. 1997, A&A, 318, 687

Semboloni, E., Mellier, Y., van Waerbeke, L., et al. 2006,A&52, 51
Semboloni, E., van Waerbeke, L., Heymans, C., et al. 2007RKS|, 375, L6
Sheth, R. K. & Tormen, G. 1999, MNRAS, 308, 119

Simon, P., Hetterscheidt, M., Schirmer, M., et al. 2007, A&A&1, 861



Bibliography 163

Smith, K. M., Zahn, O., & Doré, O. 2007, Phys. Rev. D, 76, 0435
Smith, R. E., Peacock, J. A., Jenkins, A., et al. 2003, MNR?2#,, 1311
Smoot, G. F., Bennett, C. L., Kogut, A., etal. 1991, ApJ, 371,
Spergel, D. N., Bean, R., Doré¢, O., et al. 2007, ApJS, 179, 37
Springel, V., White, S. D. M., Jenkins, A., et al. 2005, Natu35, 629
Sugiyama, N. 1995, ApJS, 100, 281

Tegmark, M., Taylor, A. N., & Heavens, A. F. 1997, ApJ, 480, 22

Trefethen, L. N. & Bau, D. 1997, Numerical Linear Algebra €&y for Industrial and Applied
Mathematics, Philadelphia)

van Waerbeke, L. & Mellier, Y. 2003, astro-305089

van Waerbeke, L., Mellier, Y., Erben, T., et al. 2000, A&A 8330
van Waerbeke, L., Mellier, Y., & Hoekstra, H. 2005, A&A, 4255
Van Waerbeke, L., Mellier, Y., Pello, R., et al. 2002, A&A93, 369
White, M. & Hu, W. 2000, ApJ, 537, 1

Wiltshire, D. L. 2007a, New Journal of Physics, 9, 377
Wiltshire, D. L. 2007b, Physical Review Letters, 99, 251101

Wittman, D. M., Tyson, J. A., Kirkman, D., Dell’Antonio, 1& Bernstein, G. 2000, Nature, 405,
143

Wood-Vasey, W. M., Friedman, A. S., Bloom, J. S., et al. 2@G0Xjv0711.2068
Yadav, A. P. S. & Wandelt, B. D. 2008, Physical Review Letté@0, 181301



164 Bibliography




